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Resumen 

1. Introducción 

Llamamos aerosoles a las partículas, sólidas o líquidas, que se encuentran en 

suspensión en la atmósfera. Pese a constituir una pequeña porción de la masa y 

volumen total de la atmósfera, los aerosoles influyen de manera importante en el 

balance radiativo del sistema tierra-atmósfera. De manera global, se estima que el 

forzamiento radiativo debido a los aerosoles es negativo, es decir, dan lugar a un 

enfriamiento del planeta [IPCC, 2013]. No obstante, estas estimaciones están 

asociadas a una gran incertidumbre debido tres motivos principales: 1) las diversas 

maneras en las que los aerosoles pueden interaccionar con la radiación; 2) la gran 

variedad de tipos de aerosoles que, dependiendo de su forma, tamaño y 

composición, tienen distintas propiedades ópticas; y 3) la gran variabilidad espacio-

temporal de los aerosoles. 

En lo referente al primer punto, el informe del Panel Intergubernamental del 

Cambio Climático  (IPCC) del año 2013 [Boucher, 2013], define dos maneras en 

las que los aerosoles afectan al balance radiativo: madiante interacciones aerosol-

radiación (iar) y por medio de interacciones aerosol-nube (ian). La principal 

contribución a las iar se debe a la dispersión y la absorción de la radiación por parte 

de los aerosoles, mientras que el cambio en el perfil de temperatura de la atmósfera 

debido a la presencia de los aerosoles se considera un ajuste de este término. Por su 

parte, las ian están relacionadas con la capacidad de los aerosoles de actuar como 

núcleos de condensación que favorecen la aparición de nubes, además de cambiar 

las propiedades de éstas. 

En cuanto a su tipología, los aerosoles se pueden clasificar como primarios o 

secundarios. Los aerosoles primarios son emitidos como tales a la atmósfera tanto 

de manera natural como a partir de actividades humanas, mientras que los 

secundarios se forman en la atmósfera a partir de precursores gaseosos. Los 

aerosoles también se pueden clasificar de manera práctica en función de su origen. 

Aunque existen diferentes clasificaciones a este respecto [p. ej., d’Almeida, 1991; 

Hess, 1998; Liu, 2005], hay ciertos tipos de aerosol que son comunes a la mayor 

parte de ellas. Entre estos tipo podemos encontrar los aerosoles marinos (o 

marítimos), continentales, desérticos, o de combustión de biomasa. Dependiendo de 

su composición química, los aerosoles se pueden clasificar como inorgánicos u 
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orgánicos. Dentro de este último grupo encontramos las partículas emitidas a partir 

de procesos de combustión, entre las que se encuentra el black carbon, con gran 

capacidad de absorción [Moosmüller, 2009]. Finalmente, los aerosoles también se 

pueden dividir en tres modos principales en función de su tamaño: modo de 

nucleación (o partículas Aitken), con diámetros inferiores a 0.1 μm; modo fino,  

con diámetros menores a 1 μm; y modo grueso, con diámetros a partir de 1 μm. 

Normalmente estos tres modos coexisten en la atmósfera y la proporción de cada 

dependerá del tipo de aerosol predominante.  

Las diversas fuentes de aerosoles junto con los diferentes procesos de transporte en 

la atmósfera dan lugar a una gran variabilidad espacio-temporal de los mismos. 

Aunque la mayoría de aerosoles se encuentran en la parte baja de la troposfera, 

cantidades importantes de partículas pueden alcanzar la parte alta de la misma 

durante intrusiones de polvo sahariano [Papayannis, 2008], e incluso también 

alcanzar la tropopausa y parte baja de la troposfera durante grandes erupciones 

volcánicas [Winker, 1992]. Los aerosoles originados en una cierta región también 

pueden ser transportados a lo largo de cientos de kilómetros, llegando a atravesar 

océanos. Este es por ejemplo el caso del polvo sahariano que con frecuencia llega a 

América [p. ej. Yu, 2015] o la polución del este de Asia que alcanza la costa oeste 

de los Estados Unidos [Yu, 2012]. 

Además de su efecto climático, los aerosoles son de interés en campos diversos que 

van desde la salud humana hasta la geología. Es conocido que grandes 

concentraciones de partículas a nivel de superficie conllevan un aumento de los 

problemas cardiovasculares [p. ej.,  Riediker, 2004; Feigin, 2016]. También, 

grandes cantidades de aerosoles en suspensión pueden afectar al tráfico aéreo, tal y 

como ocurrió durante la erupción del volcán Eyjafjallajökull en 2010, dando lugar a 

pérdidas millonarias [IATA, 2010]. Finalmente, en algunas regiones el transporte 

de aerosoles es importante para la renovación del suelo, como ocurre en la cuenca 

amazónica donde las pérdidas de fósforo debidas al transporte hidrológico se 

compensan por el polvo que llega desde el Sáhara [Yu, 2015].  

Para mejorar nuestro conocimiento acerca del efecto de los aerosoles sobre el clima 

y de cómo éstos son transportados en la atmósfera es necesario llevar a cabo 

medidas sistemáticas de la distribución y propiedades de los mismos. Estas medidas 

pueden realizarse desde sensores a bordo de satélites. Las medidas de satélite nos 

ofrecen una gran cobertura global, aportando datos de zonas donde no existen 

medidas de superficie (océanos, áreas remotas o despobladas).  No obstante, la 
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frecuencia temporal de las medidas de satélite y la cantidad de detalle que se puede 

obtener a partir de éstas es limitada si las comparamos con las medidas de 

superficie.  

Existen tres tipos principales de instrumentación para la monitorización de los 

aerosoles atmosféricos desde la superficie: instrumentos in-situ, instrumentos de 

teledetección pasiva, e instrumentos de teledetección activa. Los instrumentos in-

situ recogen muestras de aire del exterior y las analizan mediante diferentes 

métodos, dependiendo del tipo de característica que se quiera extraer 

(concentración, tamaño, capacidad de dispersión o absorción de la radiación…). 

Este tipo de instrumentos suelen tener una gran resolución temporal, y algunos de 

ellos ofrecen información que no puede obtenerse por otro medio. Sin embargo, las 

medidas de estos instrumentos están limitadas espacialmente al lugar donde han 

sido tomadas. Por su parte, los instrumentos de teledetección pasiva utilizan una 

fuente de radiación externa, normalmente el sol, para obtener propiedades de los 

aerosoles integradas en la columna atmosférica. No obstante, estos instrumentos no 

pueden ofrecer información acerca de la distribución espacial de los aerosoles. 

En cuanto a los instrumentos de teledetección activa, éstos disponen de su propia 

fuente de radiación y, gracias a ello, conocen de manera precisa sus características  

(lugar y momento de emisión, longitud de onda, estado de polarización…). De esa 

manera, estos sistemas son capaces de asociar cada medida con una posición 

determinada, y por lo tanto obtener información acerca de la distribución espacial 

de los aerosoles. Los instrumentos de teledetección activa más usados para la 

investigación de los aerosoles atmosféricos son los sistemas lidar, acrónimo del 

inglés light detection and ranging. Estos sistemas disponen de fuente láser que 

emite pulsos a la atmósfera con una frecuencia de repetición y longitud de onda 

determinada, normalmente cerca o dentro del espectro visible. Cuando la luz 

interactúa con alguno de los componentes atmosféricos (gases, aerosoles o nubes), 

parte de ésta es dispersada de nuevo hacia el sistema lidar (retrodispersada), donde 

es captada mediante un sistema óptico que la filtra y la dirige hacia los detectores 

del sistema. Dado que tanto el momento de la emisión del pulso como la velocidad 

de la luz son parámetros conocidos, la señal detectada en un momento determinado 

corresponde a una altura en particular. Dependiendo de las características de la 

radiación retrodispersada que podamos medir (intensidad, cambio en la 

polarización, cambio en la longitud de onda…) se pueden extraer parámetros como 

los coeficiente de retrodispersión y extinción de los aerosoles, así como su 

capacidad de despolarización. Si esta información se obtiene en diferentes 
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longitudes de onda, los datos de lidar pueden utilizarse para determinar el perfil de 

las propiedades microfísicas de los aerosoles mediante métodos de inversión.  

El Grupo de Radiación Solar de la Universidad de Valencia (GRSUV) dispone de 

diversos instrumentos de monitorización in-situ que son capaces de medir 

diferentes propiedades de los aerosoles. Entre estos instrumentos podemos 

encontrar nefelómetros para la determinación de los coeficientes de dispersión de 

aerosoles a diferentes longitudes de onda. El GRSUV también dispone de un 

etalómetro  y un MAAP que, combinados, permiten estimar el coeficiente de 

absorción de los aerosoles a diferentes longitudes de onda, así como de la 

concentración de partículas de black carbon. Además, dentro de la instrumentación 

in situ el GRSUV también cuenta con un APS que sirve para determinar la 

distribución de tamaños de los aerosoles en superficie. En relación a los 

instrumentos de teledetección pasiva, en la estación de medida de Burjassot 

podemos encontrar dos fotómetros que, mediante medidas de la radiación solar 

directa son capaces de determinar el espesor óptico de aerosoles en columna. 

Además de esto, las medidas de radiación difusa a diferentes ángulos también 

sirven para obtener, mediante diversos métodos de inversión, propiedades 

intensivas de los aerosoles en columna tales como la distribución de tamaños, el 

radio efectivo de la distribución, el índice de refracción, la función de fase o el 

albedo de dispersión simple. Además de estos instrumentos, el GRSUV  dispone de 

tres sistemas de teledetección activa basados en la técnica lidar, que permiten la 

obtención de perfiles verticales de distintas propiedades de los aerosoles. 

Durante los últimos años las medidas sistemáticas de los instrumentos in situ y de 

teledetección pasiva del GRSUV han dado lugar a la publicación de tres tesis 

doctorales en las que se analizan las propiedades de los aerosoles en columna 

[Estellés, 2006] y a nivel de superficie [Esteve, 2010; Segura, 2015]. Dentro de este 

contexto, la tesis aquí presentada tiene el objetivo de completar el trabajo 

desarrollado durante los últimos años en el GRSUV mediante la inclusión del 

análisis de la distribución vertical de aerosoles sobre Burjassot, basado en las 

medidas mediante teledetección activa. En concreto, para llevar a cabo este análisis 

se ha hecho uso de las medidas del ceilómetro CL51 que comenzó a operar en la 

estación de medida en julio de 2013; y en las medidas del sistema lidar RMAN-510 

que ha funcionado regularmente desde febrero de 2014 hasta abril de 2016.  
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2. Objetivos 

Los objetivos de la tesis son los siguientes: 

1) Creación una base de datos de medidas de instrumentos de teledetección 

activa en la estación de medida de Burjassot. Para ello se ha llevado a cabo 

la instalación, programación y mantenimiento de los sistemas CL51 y 

RMAN-510.  

2) Desarrollo y aplicación de los métodos de pre-procesado de señal 

necesarios para poder extraer la señal atmosférica retrodispersada a partir 

de la señal total de los sistemas CL51 y RMAN-510. 

3) Evaluación de la calidad de la señal del sistema RMAN-510 a partir de los 

métodos estándar desarrollados por la Red Europea de Lidar para la 

investigación de los aerosoles (EARLINET).  

4) Calibración de los canales elásticos del sistema RMAN-510 para la 

obtención de propiedades despolarizadoras de los aerosoles. 

5) Desarrollo de un método para la calibración automática del sistema CL51, 

necesario para la obtención de parámetros físicos a partir de su señal. 

6) Desarrollo de métodos suavizado de señal para la reducción del ruido de la 

misma, minimizando la pérdida de resolución espacial. 

7) Desarrollo de algoritmos que permitan la inversión de las señales de 

manera autónoma, reduciendo al máximo la necesidad de interacción por 

parte del usuario. 

8) Creación de una base de datos de perfiles de propiedades ópticas de 

aerosoles: retrodispersión, extinción, y despolarización lineal.  

9) Análisis estadístico de la distribución de aerosoles sobre la estación de 

Burjassot, estudiando las diferencias en función del tipo predominante de 

aerosol, la estación, y la hora del día. 

10) Análisis estadístico de las propiedades intensivas de los aerosoles 

(despolarización lineal, exponente de Angström de retrodispersión y razón 

lidar). A partir de este análisis hallar los tipos de aerosol predominantes en 

Burjassot así como sus propiedades. 

11) Análisis de episodios singulares debidos a la intrusión de polvo procedente 

del Sáhara. 
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3. Metodología 

3.1 Instrumentación y bases de datos 
El trabajo presentado está basado en las medidas del ceilómetro CL51 y del sistema 

lidar RMAN-510 en la estación de medidas de Burjassot (39.51 N, 0.42 E), situada 

en la Facultat de Física de la Universitat de València. Debido la situación de la 

estación, dentro del área metropolitana de Valencia y junto a la autovía CV-35, la 

distribución y las propiedades de los aerosoles a nivel de superficie se encuentran 

condicionadas por las emisiones de tipo antropogénico. Debido a su cercanía con el 

mar Mediterráneo (a 7 km de la costa), no se puede despreciar el efecto de los 

aerosoles de tipo marino. Finalmente, la relativa cercanía con el desierto del Sáhara 

hace que las intrusiones de polvo sahariano sean frecuentes sobre Burjassot. 

El ceilómetro CL51, del fabricante Vaisala, está concebido en origen para la 

monitorización continua de las nubes. El sistema es relativamente sencillo, ya que 

emite en una sola longitud de onda, 910 nm, y recibe la señal mediante un único 

canal, centrado también en 910 nm. Debido a ello, la información que ofrece acerca 

de los aerosoles es limitada desde un punto de vista cualitativo. No obstante, su 

robustez le permite medir de manera continua durante largos periodos de tiempo, 

dando lugar a amplias bases de datos de aerosoles con gran valor estadístico. 

Debido a esto, en los últimos años distintas redes de medidas están avanzando hacia 

la integración de ceilómetros para el estudio de aerosoles.  

Por su parte, el RMAN-510, del fabricante Leosphere, es un lidar pensado 

específicamente para el estudio de aerosoles. El sistema posee un láser que emite 

pulsos a 355 nm con polarización lineal, y tiene tres canales receptores: dos a 355 

nm, con polarización paralela y perpendicular con respecto a la emisión, y uno a 

387 nm, capaz de medir la radiación dispersada por las moléculas de nitrógeno por 

efecto Raman. Los tres canales miden tanto en modo digital como en modo 

analógico. Este sistema nos ofrece una mayor información acerca de las 

propiedades extensivas e intensivas de los aerosoles. En concreto, mediante las 

medidas nocturnas del RMAN-510 se pueden extraer las distribuciones verticales 

de retrodispersión, extinción y despolarización lineal de aerosoles. La principal 

diferencia con respecto a otros sistemas con canal Raman es su alto grado de 

automatización, lo que le permite realizar medidas programadas de manera no 

supervisada. Durante el día, sin embargo, su capacidad se ve disminuida debido al 
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efecto del fondo solar. Este sistema está programado para realizar medidas de 30 

minutos cada tres horas.  

Además de las medidas del CL51 y del RMAN-510 en esta tesis también se utilizan 

dos bases de datos auxiliares. La primera es la base de datos de medidas del 

fotómetro CE318 de la estación de medida de Burjassot. En concreto, se utilizan las 

medidas de espesor óptico de aerosoles en columna proporcionadas por la red de 

medidas de aerosoles AERONET (https://aeronet.gsfc.nasa.gov/). La segunda es la 

base de datos meteorológicos, creada a partir de la combinación de las medidas de 

la Red Valenciana de Vigilancia y Control de la Contaminación Atmosférica 

(RVVCCA) en el campus de Burjassot, y de los sondeos ofrecidos por el modelo 

HYSPLIT (http://ready.arl.noaa.gov/HYSPLIT.php) a partir de los datos GDAS de 

resolución espacial de 1 grado.  

3.2 Pre-procesado y procesado de la señal del RMAN-510 
El sistema RMAN-510 realiza medidas modo analógico y digital. Debido a sus 

diferentes características, las señales obtenidas por cada uno de estos modos 

requieren métodos de pre-procesado diferentes. El pre-procesado de la señal 

analógica requiere de dos pasos: determinación del zero-bin [Freudenthaler, 2008] 

y corrección de la señal debida a la corriente oscura. El test zero-bin sirve para 

determinar el índice del bin correspondiente a la primera medida atmosférica, lo 

que nos permite asociar a cada bin de la señal una altura determinada. Por otro lado, 

la corrección por corriente oscura es necesaria para, a partir de la señal analógica 

total, extraer únicamente la señal atmosférica. El análisis de la corriente oscura 

indica que ésta se mantiene estable durante los tiempos típicos de medida.  

Con respecto a la señal digital, los métodos de pre-procesado aplicados son la 

corrección por dead time [Evans, 1955], el test bin-shift [Freudenthaler, 2008] y la 

corrección de la señal de fondo atmosférica. En principio, la corrección por dead 

time está aplicada directamente por el sistema. No obstante, una comparación con 

respecto a la señal molecular esperada en alturas libres de aerosoles indica una 

sobreestimación del dead time en 4.7 ns en el canal paralelo .Por su parte, en el test 

bin-shift se compara las señal digital con la analógica para determinar el índice del 

bin correspondiente a la primera medida atmosférica de cada canal. Finalmente, la 

señal de fondo atmosférica se corrige utilizando las medidas realizadas antes de la 

emisión del láser. De esta manera se obtiene únicamente la señal retrodispersada a 

partir de la señal total. 

http://ready.arl.noaa.gov/HYSPLIT.php
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Una vez que las señales se han corregido, la señal analógica se escala a la señal 

digital utilizando un polinomio de primer grado. La señal digital, más precisa para 

señales débiles, se utiliza para las alturas superiores, mientras que la señal analógica 

escalada, que no está afectada por el dead time, se utiliza para las alturas inferiores.  

3.3 Estimación del nivel de ruido de la señal del RMAN-510 
Hemos desarrollado un método para la estimación del ruido de la señal analógica 

del RMAN-510. El método se aplica en dos pasos. En un primer paso el ruido se 

calcula a partir de la varianza de la diferencia entre la señal medida a una altura 

determinada y la señal interpolada a esa altura usando las medidas de las alturas 

más próximas. En un segundo paso estos resultados se ajustan a la señal medida 

mediante un polinomio de primer grado, siguiendo la relación entre ruido y señal 

propuesta por Liu [2006]. De esta manera se puede estimar el ruido de la señal en 

ausencia de luz de fondo [Liu, 2006], y sin necesidad de parámetros de suavizado 

que pueden afectar al resultado [p. ej., Reba, 2006 y 2007]. Los resultados 

obtenidos se ajustan a la teoría, con desviaciones máximas de un 2 %.  

3.4 Test de calidad de la señal del RMAN-510 
Los test de calidad son necesarios para asegurar la ausencia de desviaciones 

sistemáticas en la señal del lidar. En el caso del RMAN-510, hemos realizado tres 

pruebas: ajuste a Rayleigh, calibración de los canales elásticos, y test telecover. En 

el ajuste a Rayleigh la señal del lidar en se ajusta a la señal molecular esperada en 

las regiones libres de aerosoles. De esta manera se pueden detectar posibles 

desviaciones en la señal a alturas medias y altas. En caso del RMAN-510 no 

observamos desviaciones sistemáticas por encima de 3 km para ningún canal, 

estando las diferencias entre la señal medida y esperada dentro del margen de error 

debido al ruido. Por otro lado, la calibración de los canales elásticos es necesaria 

para la determinación de la señal elástica total y para la obtención de la capacidad 

despolarizadora de los aerosoles. Para esta calibración hemos utilizado una placa 

retardadora de cuarto de onda a la salida de la emisión del lidar. A partir de cuatro 

medidas de calibración realizadas durante la operación del RMAN-510 hemos 

obtenido una constante de calibración igual a 0.0338 ± 0.004. El valor de la 

desviación estándar (<2%) indica que la constante de calibración permanece estable 

a lo largo del tiempo. El análisis de las medidas en alturas libres de aerosoles 

muestra que la diatenuación de la óptica receptora está cerca de los valores ideales: 

entre 0.998 y 1 para la señal transmitida, y entre -1 y -0.95 para la señal reflejada. 

Este análisis también nos permite detectar una desalineación de 1.6
o
 del sistema 
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despolarizador  para fechas posteriores al 1 de agosto de 2015. Finalmente, 

aplicamos el test telecover [Freudenthaler, 2008] a la señal analógica del canal 

paralelo y a la señal digital del canal Raman. Los resultados de ambos tests 

muestran que, pese a que la emisión y la recepción están bien alineadas, el 

cuadrante del telescopio más cercano a la emisión recibe un 1% menos de señal a 

1000 metros, y un 5 % menos de señal a 500 metros. Esto es, probablemente, 

debido a un truncamiento de la señal.  

3.5 Pre-procesado y procesado de la señal del CL51 
La señal del CL51 se detecta en modo analógico y, por lo tanto, se ha de corregir el 

efecto de la corriente oscura. Esta corrección se realiza utilizando medidas durante 

noches claras con baja carga de aerosoles, de manera similar a la propuesta por 

Kotthaus [2016]. Además, debido a la longitud de onda en la que trabaja el CL51, 

910 nm, se ha de corregir el efecto de las bandas de absorción del vapor de agua en 

este rango espectral. Para ello se ha usado una metodología similar a la desarrollada 

por Wiegner [2015], adaptada al menor número de perfiles de transmisividad de 

vapor de agua disponibles. Finalmente, el nivel de ruido de la señal del CL51 se 

calcula utilizando el método desarrollado para el RMAN-510, aunque con las 

modificaciones necesarias para tener en cuenta la autocorrelación del ruido de la 

señal oscura.  

3.6 Calibrado de la señal del CL51 
La señal del CL51 se calibra mediante el método de los estratocúmulos propuesto 

por O’Connor [2004]. Se ha utilizado este método debido que este tipo de nube es 

común sobre Burjassot y no requieres medidas adicionales de otros instrumentos. 

Para la aplicación de este método se ha calculado el factor de corrección de 

dispersión múltiple propuesto por Kunkel [1976]. Debido al tamaño de la base de 

datos, se ha desarrollado un algoritmo automático para la calibración, que tiene en 

cuenta la atenuación previa debida a los aerosoles presentes entre la superficie y la 

base de la nube.  

3.7 Procesado e inversión de la señal del RMAN-510 
Para la inversión de la señal nocturna del RMAN-510 se han desarrollado dos 

métodos, dependiendo de la resolución vertical efectiva de los parámetros 

obtenidos. Para los parámetros de alta resolución (retrodispersión y ratio de 

despolarización lineal de aerosoles) se han seguido tres pasos. En primer lugar, se 

ha desarrollado un método de suavizado de la señal lidar que nos permite aumentar 
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la relación señal ruido. Este método combina filtros pasa baja con ventanas que 

tienen en cuenta la variación de la señal con respecto al ruido de la misma. De esta 

manera se reduce la distorsión en las regiones con presencia de aerosoles, mientras 

que se mantiene la supresión de ruido en las zonas moleculares. En un segundo 

paso, se utilizan las medidas de despolarización para determinar la altura y el valor 

de la retrodispersión total de referencia. Finalmente, las señales suavizadas y los 

parámetros de referencia se usan para obtener los perfiles de retrodispersión y de 

despolarización lineal de aerosoles a partir de las ecuaciones lidar. Con respecto a 

los parámetros obtenidos con baja resolución (perfil de extinción de aerosoles y 

razón lidar), el proceso de suavizado y de inversión de la señal se realiza de manera 

conjunta mediante el uso de filtros pasa baja y de sus correspondientes derivadas. 

De esta manera se logra aumentar la resolución vertical en aquellas regiones con 

mayor cantidad de aerosoles o mejor relación señal-ruido, mientras que la 

incertidumbre debida al ruido de la señal Raman se mantiene por debajo de un 

determinado umbral.  

3.8 Procesado e inversión de la señal del CL51 
Los resultados obtenidos a partir de la señal del CL51 se han usado para crear una 

base de datos de perfiles diurnos de aerosoles y para completar la base de datos de 

perfiles nocturnos del RMAN-510. Con respecto a la base de datos diurna hemos 

utilizado la señal del CL51 en combinación con las medidas del fotómetro CE318 

para obtener perfiles horarios de retrodispersión de aerosoles y valores de la razón 

lidar en columna. Estos perfiles se han obtenido mediante la solución “hacia 

adelante” del método Klett-Fernald-Sasano [Klett, 1981, 1985; Fernald, 1984; 

Sasano, 1984], utilizando como referencia la señal calibrada en superficie, 

asumiendo un lidar ratio constante, y cerrando la inversión con las medidas de 

espesor óptico de aerosoles interpolado a 910 nm. Para la base de datos nocturna se 

ha utilizado como condición de cierre el espesor óptico a 910 nm obtenido a partir 

de las medidas del RMAN-510 a 355 nm, utilizando un exponente de Angström 

interpolado a la hora de la medida a partir de las medidas de fotómetro más 

cercanas.  

4. Análisis de los resultados 

4.1 Base de datos diurna 
Para la base de datos diurna hemos obtenido un total de 5095 perfiles horarios de 

aerosoles. En primer lugar, los perfiles se clasifican en función de su espesor óptico 
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y exponente Angström en columna. En concreto, se crean tres categorías: casos 

dominados por polvo, casos mezclados y casos sin polvo. Los casos dominados por 

polvo (4.7% del total) están asociados a una razón lidar en columna que sigue una 

distribución aproximadamente simétrica con un valor medio igual a 46±11 sr. Este 

valor medio es entre 2 y 10 sr más bajo que los valores medidos para polvo 

sahariano a 532 nm [Gross, 2013 y 2015, Nisantzi, 2015, Tesche 2011], lo que 

indica una posible dependencia espectral de la razón lidar del polvo. Por su parte, 

para los casos sin polvo (86% del total) la razón lidar sigue una distribución con 

asimetría positiva y un valor medio igual a media igual a 37±11 sr. Con respecto a 

los perfiles de retrodispersión medios, los casos dominados por polvo tienen un 

valor prácticamente constante entre 2 y 4 km, alrededor de 1.5×10
-6

 m
-1

sr
-1

, 

indicando que las capas de polvo llegan a Burjassot principalmente en este intervalo 

de alturas. Por otro lado, los perfiles medios obtenidos para los casos sin polvo 

muestran una disminución aproximadamente exponencial de los aerosoles con la 

altura a para alturas superiores a 400 m.  

El análisis estacional de los resultados muestra que tanto la razón lidar en columna 

como los perfiles de retrodipersión medios varían a lo largo del año.  Por un lado, 

verano (de junio a agosto) es la estación asociada a mayores valores de 

retrodispersión de aerosoles a todas las alturas, mientras que invierno (de diciembre 

a febrero) y primavera (de marzo a mayo) son las estaciones con los perfiles medios 

más bajos. También se observa que invierno y verano son las estaciones donde los 

perfiles medios varían más en función de si se tienen en cuenta o no los casos de 

polvo. Con respecto a la razón lidar en columna, se observa una clara dependencia 

estacional, con valores más bajos en verano (35±8 sr) y más altos en invierno 

(51±14 sr).  

Finalmente, los perfiles de retrodispersión también muestran diferencias en función 

de la hora del día. En concreto, los perfiles medios obtenidos para cada hora 

muestran un comportamiento que puede ser explicado por la evolución típica de la 

capa límite planetaria. Por otro lado, los valores horarios medios de extinción de 

aerosoles obtenidos para las alturas más bajas muestran una evolución similar a la 

observada por el nefelómetro a nivel de superficie: los mayores valores se obtienen 

a primera hora de la mañana (7), descendiendo a medida que avanza el día hasta 

alcanzar un mínimo alrededor de las 14 horas.  
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4.2 Base de datos nocturna 
La base de datos nocturna se compone de 654 inversiones conjuntas de datos del 

RMAN-510 y el CL51. Las propiedades intensivas de aerosoles obtenidas a alta 

resolución presentan dos modos diferenciados: un modo menos abundante asociado 

a las partículas de polvo, y un modo principal correspondiente al resto de partículas. 

El exponente Angström de retrodispersión (𝛾𝛽) se puede aproximar a la suma de 

dos distribuciones gaussianas, con valor medio y desviacion estándar igual a 

0.05±0.17 (polvo) y 0.91±0.41 (resto de partículas). Con respecto al ratio de 

despolarización lineal (𝛿𝑎), este parámetro se ajusta a la suma de dos distribuciones 

log-normales. El polvo está asociado a un 𝛿𝑎 medio igual a 0.22, con intervalos de 

confianza de una sigma en 0.20 y 0.25. Estos valores son menores que los 

observados por Gross [2011], 0.24-0.27, o Gross [2015], 0.26±0.03, aunque los 

intervalos de confianza son compatibles. Por otro lado, el modo compuesto por el 

resto de partículas está asociado a un valor medio de 𝛿𝑎 igual a 0.04, con intervalos 

de confianza de una sigma en 0.01 y 0.10. 

A partir de las distribuciones de 𝛾𝛽 y 𝛿𝑎 hemos desarrollado un método para 

clasificar capas de aerosoles como polvo o no-polvo. Las capas clasificadas como 

polvo están asociadas a una razón lidar media igual a 55±4 sr, en coincidencia con 

trabajos previos [p. ej. Mattis, 2002; Ansmann, 2003; Papayannis, 2008; Tesche, 

2011; Gross, 2015], indicando la gran homogeneidad de este parámetro asociado al 

polvo procedente del Sahara. Con respecto al resto de aerosoles, éstos están 

asociados a una razón lidar media igual a 46±11 sr, que es menor que los valores 

típicos obtenidos para aerosoles continentales [p. ej. Ackermann, 1998; Wandinger, 

2002], lo que sugiere un efecto no desdeñable de los aerosoles marinos sobre 

Burjassot.  

En cuanto a las distribuciones verticales de los aerosoles, las partículas de polvo 

dan lugar a un perfil de retrodispersión de aerosoles medio prácticamente constante 

entre 0.5 y 2 km, disminuyendo para alturas superiores. Por su parte, el resto de 

aerosoles está asociado a un perfil medio que disminuye de manera 

aproximadamente exponencial con la altura, de manera similar a como se observó 

con la base de datos diurna. 

Finalmente, también hemos realizado un análisis de las nubes altas (> 6 km) sobre 

Burjassot. En este análisis hallamos que el ratio de despolarización lineal de las 

nubes altas, 𝛿𝑐, tiene un valor medio alrededor de 0.33. Este valor, sin embargo, no 
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es constante con la altura. A 6 km, el valor medio de 𝛿𝑎es igual a 0.33, aumentando 

linealmente hasta 0.38 a los 13 km. Este efecto es similar al observado por Sassen 

[2001], y es debido a los cambios de forma de los cristales de hielo que forman las 

nubes. Con respecto a la razón lidar, hemos hallado un valor efectivo medio igual a 

14±7 sr. Este valor, no obstante, es entre 10 y 20 sr menor que el obtenido por otros 

autores [p. ej. Sassen, 2001; Chen, 2002; Giannakaki, 2007; Josset, 2012] debido a 

que no se ha aplicado la corrección por dispersión múltiple.  

5. Conclusiones 

I) En esta tesis se muestran los resultados obtenidos a partir de las 

medidas de dos instrumentos de teledetección activa en la estación de 

investigación de Burjassot: el lidar RMAN-510 y el ceilómetro CL51. 

En concreto, las medidas de estos instrumentos se han usado para el 

estudio y análisis de las propiedades y distribución vertical de los 

aerosoles sobre Burjassot.  

II) A ambos instrumentos se le han aplicado los métodos de pre-

procesado necesarios para poder extraer la señal atmosférica de la 

señal total.  Además de esto, hemos desarrollado un método para la 

estimación del nivel de ruido de la señal que se puede aplicar en 

ausencia de señal de fondo y no depende de parámetros de suavizado. 

III) La señal del RMAN-510 ha sido evaluada aplicando tests estándar de 

calidad. El test de ajuste a Rayleigh muestra la ausencia de 

desviaciones sistemáticas en las señales de los distintos canales para 

alturas superiores a 3 km. La constante de calibración de los canales 

paralelos se mantiene constante durante el periodo de operación del 

RMAN-510, con desviaciones inferiores al 2 %, mientras que los 

parámetros de diatenuación están cerca de los valores ideales. 

Finalmente, el test telecover muestra que, aunque la emisión y la 

recepción están bien alineadas, hay un truncamiento de la señal que 

llega por debajo de 1 km. 

IV) Hemos desarrollado los métodos de calibración e inversión necesarios 

para obtener diferentes propiedades de los aerosoles a partir de la 

señal de los sistemas lidar. Cada método de inversión se ha adaptado a 

la información disponible (canal Raman o no, disponibilidad de 

medidas moleculares,…) y a la resolución vertical que se puede 

alcanzar (alta o baja). Para las inversiones de alta resolución hemos 
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propuesto un método de suavizado de señal que, comparado con los 

resultados de los filtros pasa baja, reduce la distorsión de la señal en la 

región dominada por aerosoles. 

V) Hemos creado una base de datos diurna a partir de la combinación de 

la señal del CL51 con las medidas del fotómetro CE318. Hemos 

observado que las capas de polvo suelen aparecer con mayor 

frecuencia entre los 2 y los 4 km, asociadas a una razón lidar en 

columna de 46±11 sr. Por su parte, la concentración del resto de 

aerosoles disminuye con la altura, y están asociados a una razón lidar 

en columna media igual a 37±12 sr. En promedio, verano es la época 

del año con mayor cantidad de aerosoles a todas las alturas, en 

contraste con primavera e invierno. Además de esta variación 

estacional, los resultados muestran que la distribución vertical de los 

aerosoles también depende de la hora del día como consecuencia de la 

evolución de la capa de mezcla.  

VI) Hemos creado una base de datos nocturna basada en las medidas del 

RMAN-510 en combinación con las del CL51. Las propiedades 

intensivas de los aerosoles se distribuyen en dos modos principales 

debidos al polvo y al resto de partículas. El polvo está asociado a un 

exponente de Angström de retrodispersión (𝛾𝛽) igual a 0.05 ± 0.17, y 

a un ratio de despolarización lineal (𝛿𝑎) igual a 0.22, con intervalos de 

confianza de un sigma en 0.2 y 0.25. Con respecto al resto de 

aerosoles, éstos están asociados a un 𝛾𝛽 medio igual a 0.9 ± 0.4, y a 

un 𝛿𝑎 medio igual a 0.04, con intervalos de confianza de un sigma en 

0.01 y 0.1.  
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Introduction 
Nowadays the Earth is undergoing a climate change process in which the mean 

temperature of the planet is rising. One of the main drivers of this change is the 

increase in the concentration of greenhouse gases such as CO2. In addition to this, 

other atmospheric components also play a major role in this climate change process 

despite their effect is not so well-known. This is the case of atmospheric aerosols, 

particles in suspension which interact with radiation scattering and/or absorbing it. 

Nevertheless, the effect that aerosols have in the radiative forcing is still associated 

to large uncertainties. This is due to the different ways in which aerosols can affect 

the radiative balance; the wide diversity of aerosol types; and the great space-time 

variability of aerosols. 

In order to estimate the radiative effect of aerosols it is necessary to carry out 

systematic measurements of their distribution and properties. These measurements 

can be done by means of sensors at installed at ground level or on board of 

satellites. Satellite measurements offer a great global coverage, providing us with 

data from areas where surface measurements are scarce (oceans, remote or 

unpopulated areas). However, they have lower time resolution and level of detail 

than ground-based measurements. Regarding ground-based instruments, we find 

three main types of systems for aerosol research: in-situ instruments, passive 

remote sensing instruments, and active remote sensing instruments. In situ 

instruments collect air samples from the atmosphere and analyze them using 

different methods depending on the aerosol property to be retrieved (concentration, 

size, scattering, absorption…). Usually, this kind of instruments has a high 

temporal resolution, and some of them offer information that cannot be retrieved by 

any other means. The main limitation of these instruments is that they only provide 

information about aerosols at surface level. With respect passive remote sensing 

instruments, these systems use an external source of radiation, usually the sun, to 

retrieve aerosol properties integrated in the atmospheric column. This is, for 

example, the case of sun-photometers. Nevertheless, these systems are not able to 

provide information of the vertical distribution of aerosols.  

Unlike passive instruments, active remote sensing instruments have their own 

source of radiation. Because of this, these systems know in a precise way the 

characteristics of the emitted radiation (location and moment of the emission, 

wavelength, polarization state…) and thus they are able to provide information 

about the spatial distribution of aerosols. The most common active remote sensing 
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instruments for aerosol research are the light detection and ranging systems, known 

as lidar. These instruments have a laser source that emits pulses to the atmosphere 

with a certain repetition rate and wavelength, usually close or within the visible 

spectrum. When the light interacts with any of the atmosphere components (gases, 

aerosols or clouds), part of it is scattered back to the lidar system. There, a series of 

optical devices collect, filter and direct the light to the system detectors. Since both 

the emission time and the speed of light are known parameters, the signal detected 

at a certain time corresponds to a precise altitude. Depending on the properties of 

the backscattered light that we can measure (intensity, change in the polarization 

state, wavelength shift…) we can retrieve parameters such as the aerosol 

backscatter and extinction coefficient, as well as the aerosol linear depolarization 

ratio. If these parameters are obtained for different wavelengths, then they can be 

used to retrieve aerosol microphysical parameters by means of inversion methods.  

Vertically-resolved measurements from lidar systems are needed to improve our 

knowledge about the effect of aerosols on the radiative balance. For instance, 

systematic measurements of aerosol-cloud interactions can only be carried out with 

lidar systems, since aircraft-based measurements are limited to specific campaigns. 

Also, lidar measurements help us to understand in a better way the dynamics and 

transport processes of aerosols in the atmosphere. This is not only valuable for 

climate research, but also for different fields like human health, air transport safety, 

or soil renewal.  

The Solar Radiation Group of the University of Valencia (GRSUV) performs 

systematic measurements of the atmospheric aerosols over the research station of 

Butjassot, Spain. The GRSUV has several in-situ instruments to measure the 

properties of aerosols at surface level. Among these instruments we can find 

nephelometers, which are used for the retrieval of the scattering properties of 

aerosols at different wavelengths. Also, the GRSUV has an aethalometer and a 

MAAP that combined, allow the retrieval of the aerosol absorption coefficients at 

different wavelengths, as well as the concentration of black carbon particles. In 

addition to these instruments, the GRSUV operates an APS that measures the size 

distribution of aerosols at surface level. Regarding the passive remote sensing 

instruments, the research station of Burjassot operates several photometers that 

measure the direct sunlight to estimate the column aerosol optical depth at different 

wavelengths. Also, measurements of the scattered light at different angles are used 

to retrieve, by means of inversion algorithms, intensive column properties of 

aerosols such as the size distribution, the effective radius, the refractive index, the 
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phase function or the single scattering albedo. In addition to these instruments the 

GRSUV operates two active remote sensing instruments based in the lidar 

technique which allow the retrieval of vertical profiles of different aerosol 

properties. These instruments are the CL51 ceilometer and the RMAN-510 lidar.   

The CL51 ceilometer, from the manufacturer Vaisala, is primarily designed to 

monitor the cloud cover in a continuous way. Compared to other lidar systems, the 

CL51 is relatively simple: it emits light in one wavelength (910 nm), and receives 

the backscattered signal using a single channel (also centered at 910 nm).  Because 

of this, the amount of information provided by the CL51 is limited from a 

qualitative point of view. Nevertheless, unlike other lidar systems, the CL51 is able 

to measure in a continuous way during long periods of time. Due to this the CL51 

provides us with large aerosol databases with great statistical value.  

The RMAN-510, from the manufacturer Leosphere, is a lidar system designed for 

the research of atmospheric aerosols. This system operates a laser which emits 

linearly-polarized pulses at 355 nm. The backscattered light is received with three 

channels: two channels at 355 nm, with parallel and perpendicular polarization with 

respect emission, and one channel at 387 nm, which is able to measure the radiation 

scattered by nitrogen molecules due to the Raman effect. Compared to the CL51, 

this system offers more information about the extensive and intensive aerosol 

properties. In particular, nighttime measurements from the RMAN-510 can be used 

to retrieve the vertical distributions of aerosol backscatter, extinction and linear 

depolarization ratio. During daytime, however, the capabilities of the RMAN-510 

are reduced due to the presence of solar background light. Under normal operation, 

the system is programmed to perform 30-minute measurements every 3 hours.  

In this thesis we describe the pre-processing, processing and inversion algorithms 

developed for the retrieval of aerosol physical parameters from the CL51 and 

RMAN-510 measurements. The databases of the aerosol properties are analyzed in 

the final part of the thesis, with special focus on dust aerosols. In particular, the 

thesis is structured as follows: 

I) Theoretical basics and instrumentation. This first part is divided in 

three chapters: Aerosols in the atmosphere (chapter 1), Lidar basics 

(chapter 2) and Instrumentation and datasets (chapter 3). In chapter 1 

we introduce the basic concepts on atmospheric structure and 

molecule-radiation interactions used in the following chapters. Also, 
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we describe the main radiative properties of aerosols and the main 

aerosol types that are expected to be found over Burjassot. In chapter 

2 we introduce the technical and theoretical fundamentals of lidar, 

including the lidar equations and the standard inversion methods. 

Finally, in chapter 3 we present the research station of Burjassot and 

the main instruments used in this thesis. Also, we describe the 

different datasets and analyze their availability. 

II) Signal pre-processing methods. The second part consists of four 

chapters: RMAN-510 signal pre-processing (chapter 4), Signal noise 

estimation (chapter 5), RMAN-510 quality assurance tests (chapter 6), 

and CL51 data pre-processing (chapter 7). In chapter 4 we describe 

the pre-processing methods applied to the lidar analog and photon-

counting (PC) signals, which allow us to retrieve the backscattered 

component of the total signal. In chapter 5 we propose a method for 

the estimation of the PC and analog signal noise. Then, in chapter 

6, we describe the quality tests and calibration methods 

performed to the RMAN-510 signal: the Rayleigh fit test, the 

calibration of the polarization, and the telecover test. Finally, in 

chapter 7 we analyze the main corrections required by the CL51 

signal for the study aerosols: the correction of the electronic 

background and the correction due to the effect of water vapor.  

III) Signal inversion methods and results. The last part of the thesis is 

divided in three chapters: RMAN-510 signal processing and inversion 

(chapter 8); CL51 signal calibration, inversion algorithm, and results 

(chapter 9); and Automated algorithm for data inversion and results 

(chapter 10). In chapter 8 we describe the signal processing and 

inversion methods applied to the RMAN-510 data. Two different sets 

of methods are presented depending on the effective vertical 

resolution of the retrievals. In chapter 9, we propose two automatic 

algorithms for, respectively, the calibration and inversion of the CL51 

data. In the final part of this chapter we present and analyze the results 

obtained with the above-mentioned algorithms. Lastly, in chapter 10 

we describe the algorithm used for the automatic inversion of the 

RMAN-510 nighttime data in combination with the CL51 

measurements. Also, we present a statistical analysis of the 

intensive and extensive aerosol and cloud properties retrieved. 
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Part I: Theoretical basics and Instrumentation  
In this first part we include the basics of aerosol and molecular interactions with 

radiation (chapter 1); the lidar instrumental basics and main equations (chapter 

2); and the description of the instruments and datasets used in this thesis 

(chapter 3).   
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1. Aerosols in the atmosphere 
 

In this chapter we first make a brief introduction about the importance of 

aerosol research. Then, we introduce the basic concepts on atmospheric 

structure and molecule-radiation interactions that will be used in the following 

chapters. Finally, the last section describes the main radiative properties of 

aerosols, and the main aerosol types that are expected to be found over our 

measurement site in Burjassot. 
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1.1 Introduction 

We call atmospheric aerosols the small liquid and solid particles, usually with 

diameters between 0.001 μm and 100 μm, which are suspended in the atmosphere. 

Despite aerosols represent only a small volume and mass fraction of the atmosphere 

compared to the rest of components, they have a strong influence on the Earth’s 

climate. The main parameter used to quantify the effect of aerosols on climate 

change is the radiative forcing, which is defined as the change in the energy flux 

caused by an atmospheric component, calculated at the top of the atmosphere 

[IPCC, 2013]. The aerosol-related radiative forcing presents a negative value, 

indicating that the aerosols (or more precisely, the aerosols resulting from 

anthropogenic activities and changes in the environment) have a cooling effect on 

climate. However, the global radiative forcing of aerosols is still associated to a 

high uncertainty [Boucher, 2013].  

Traditionally, the effect that aerosols have on radiation has been divided into three 

types: direct, semi-direct, and indirect. Directly, the aerosols scatter and also absorb 

the radiation in the atmosphere [Moosmüller, 2009]. In a semi-direct way, aerosols 

can absorb light, warming up and changing the temperature profile of the 

atmosphere, thus inhibiting the formation of clouds [Hansen and Ruedy, 1997]. 

Indirectly, aerosols can act as cloud condensation and ice nuclei, changing the 

optical properties of clouds [Twomey, 1974] as well as their lifetime [Albrecht, 

1989]. In the fifth assessment report of the Intergovernmental Panel on Climate 

Change (IPCC) this traditional classification was changed into a new one where the 

effect of aerosols is analyzed as aerosol-radiation interactions (ari), and aerosol-

cloud interactions (aci) [Boucher, 2013]. In the ari, the direct effect is related to the 

radiative forcing, while the semi-direct effects are considered an adjustment to the 

direct effect, resulting in an effective radiative forcing. Similarly, in the aci the 

change in the cloud albedo due to the increase of the cloud condensation and ice 

nuclei is treated as the main cause of radiative forcing, while the changes in the 

properties and lifetime of the clouds caused by the aerosols are considered an 

adjustment to this radiative forcing. The differences of the new and former 

terminology are shown in Fig. 1.1, obtained from the 2013 IPCC report [Boucher, 

2013]. 

Although the knowledge of the global effect of aerosols on climate change has 

improved in the recent years, it is still a major source of uncertainty. In the IPCC 

Climate Change 2007 synthesis report [IPCC, 2007] the level of scientific 
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understanding (LOSU) of the aerosol direct effect was graded as medium to low, 

while the LOSU related to the indirect effect was considered to be low. In contrast, 

in the 2013 report [IPCC, 2013] the level of confidence in the effect of aerosol-

radiation interactions (direct plus semi-direct effects) was upgraded to medium-

high. Nevertheless, these levels of confidence are still much lower than those about 

other atmospheric components like the well-mixed greenhouse gases (Fig. 1.2). 

 

Fig. 1.1 Aerosol-radiation interactions (left) and aerosol-cloud interactions 

(right) as defined by Boucher [2013] in the IPCC 2013. Source: Boucher [2013]. 

The uncertainty associated to the aerosol radiative forcing is not only caused by the 

different ways in which they can interact with radiation, but also by the emission 

and transport processes. Regarding to their origin, atmospheric aerosols can be 

divided into primary or secondary aerosols. Primary aerosols are directly emitted to 

the atmosphere as solid or liquid particles. These particles can reach the atmosphere 

by natural processes. This is the case of mineral dust [e.g. Schepanski, 2009], sea 

salt [e.g. O’Dow, 1993], or volcanic aerosols [e.g. Andres, 1998]. Also, primary 

particles can be produced by anthropogenic-related activities. Within this group we 

can find the black and organic carbon particles produced during combustion 

processes [e.g. Bond, 2007], or emission of particles related to changes in the land 

use [Mahowald, 2003; Tegen, 2004]. Regarding the secondary particles, these 

aerosols are originated in the atmosphere from gaseous precursors. Among these 

secondary particles we can find inorganic aerosols like sulfates, nitrates and 

ammonium [e.g. Squizzato, 2013], and also organic aerosols [e.g. Kroll, 2008].  

The different aerosol sources and transport processes within the atmosphere lead to 

great space-time variations in aerosol concentration. For example, although 

aerosols are usually found in the lower troposphere, high concentrations of particles 

can reach the medium and upper troposphere during dust outbreaks [Papayannis, 
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2008] and even the tropopause and lower stratosphere during large volcanic 

eruptions [Winker, 1992]. Also, aerosols originated in a certain region can be 

transported several thousand of kilometers to another continent. This is for instance 

the case of Saharan dust arriving to South America [e.g. Yu, 2015] or pollutants 

from Eastern Asia reaching the West coast of the United States [Yu, 2012]. 

 

Fig. 1.2 Radiative forcing of different climate-change drivers according to the 

IPCC [2007] (top) and the IPCC [2013] (bottom). Source: IPCC [2007] and IPCC 

[2013] 



 7   

 

In addition to their effect on climate, atmospheric aerosols also have a great impact 

in other aspects related to human activities and geological cycles. Regarding the 

human health, high concentrations of surface-level particulate matter (PM) have 

been related to cardiovascular problems [e.g. Riediker, 2004; Feigin, 2016]. This 

problem is especially important in urban and industrial areas: according to the 

French National Public Health agency the life expectancy in cities larger than 

100.000 inhabitants could increase by one year if the World Health Organization 

guidelines on PM were not exceeded [Pascal, 2016]. Also, the presence of high 

altitude aerosols can affect transportation and commercial aviation. For instance, 

after the eruption of the volcano Eyjafjallajökull in 2010, the European 

administrations closed large areas of the airspace during several days as a 

precautionary measure, with an estimated economic impact of US$1.7 billion 

according to the International Air Transport Association [IATA, 2010]. Finally, the 

transport of aerosols is also an important part of the soil cycle in certain regions. 

For example, it has been estimated that the amount of phosphorus provided by 

transported Saharan dust into the Amazon basin is enough to compensate the 

hydrological losses [Yu, 2015]. 

1.2 Structure and profile of the low atmosphere 

Most atmospheric aerosols are found in the troposphere, although a small amount 

of them is also present in the stratosphere [Kovalev, 2004a]. The troposphere and 

the stratosphere are the lowest atmospheric layers and together with the 

mesosphere, thermosphere, ionosphere and exosphere form the thermal structure of 

the atmosphere.  

The troposphere spreads from surface up to altitudes above 15 km in the tropics, 

around 11 km at mid latitudes, and 8 km in polar regions during winter. Almost all 

the water vapor is in the troposphere and therefore most weather occurs in this 

layer. The lowest part of the troposphere is known as the planetary boundary layer 

(PBL). The layer is of great interest because its evolution plays a main role in the 

aerosol dispersion and transport. Under normal circumstances, the PBL follows a 

daily cycle (Fig. 1.3). At sunrise the sunlight starts heating the surface leading to 

the development of a convective mixed layer. This layer reaches its maximum 

height after noon. At this point it is common to see clouds originating at the 

entrainment zone, the boundary between the PBL and the free troposphere. After 

sunset the surface starts cooling and the convective mixed layer is replaced in the 

lower altitudes by a nocturnal stable boundary layer. Above this layer there is the 
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residual layer, with the remaining aerosols that were lifted by the convective layer 

during daytime. Also, during nighttime the surface usually cools quicker than the 

air above it. This results in the presence of a warmer elevated air layer that caps the 

PBL. When this thermal inversion occurs during daytime, the development of the 

convective layer can be disrupted, leading to high concentrations of particulate 

matter at surface level [e.g. Fu, 2008]. Above the PBL, in the free troposphere, 

temperature decreases with altitude with a mean rate of 6.5 K/km. 

 

Fig. 1.3 Typical daily cycle of the planetary boundary layer. Based on Fig.1.7 

from Stull [1988]. 

Between the troposphere and the stratosphere there is a transition layer called 

tropopause. In the tropopause the temperature stops decreasing with altitude, and 

remains approximately constant. This thermal inversion caps the troposphere, 

keeping most of the weather from entering the stratosphere. Because of this, the 

presence of aerosols in the stratosphere is unlikely, and is mostly caused by 

aircrafts and large volcanic events [Kovalev, 2004a]. In the stratosphere, around 20 

km high, we find the ozone layer. This layer absorbs a great portion of the ultra-

violet light coming from the sun. This absorption leads to the heating of the 

stratosphere, which results in a positive vertical gradient of temperature. 

Although the temperature and pressure profiles of the troposphere and stratosphere 

change with time and space, they are stable enough to be estimated with relatively 

simple atmospheric models. One of these models is the international standard 

atmosphere (ISA) model [ISO 2533:1975]. In the ISA model the troposphere is 

modelled as an atmospheric layer that spreads from surface to 11 km with a 

constant temperature gradient of -6.5 K/km. On the other hand, the lower 

stratosphere, between 11 km and 20 km, is considered to have a constant 
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temperature equal to the temperature at the tropopause. Regarding the atmospheric 

pressure, the ISA model treats the atmosphere as a perfect gas. This way, the 

equation of state of a perfect gas: 

𝑝 =  𝜌𝑅𝑇 (1.1) 

 

together with the hydrostatic equation: 

𝑑𝑝 =  −𝜌𝑔𝑑ℎ (1.2) 

 

yields  

𝑑𝑝

𝑝
=  −

𝑔

𝑅𝑇
𝑑ℎ 

(1.3) 

 

where  𝑝  is the pressure, 𝜌 is the air number density, 𝑅 is the specific gas constant 

of air, 𝑔 is the acceleration of gravity, and ℎ is the altitude. For the troposphere, the 

differential equation (1.3) together with the temperature gradient (∆𝑇 =

 −0.0065 K/m) results in: 

𝑝 = 𝑝0 (1 + ∆𝑇
ℎ

𝑇0

)
−𝑔 𝑅∆𝑇⁄

 
(1.4) 

 

where 𝑝0 and 𝑇0 are, respectively, the pressure and temperature at surface level. 

Using 𝑔 = 9.8 m·s
-2

 and 𝑅 = 287 m·s
-2

·K
-1

, the exponent is equal to 5.25. In the 

stratosphere, where the temperature is constant, the pressure is equal to: 

𝑝 = 𝑝𝑡𝑝𝑠𝑒 · exp {−
𝑔

𝑅𝑇𝑡𝑝𝑠𝑒

· (ℎ − ℎ𝑡𝑝𝑠𝑒)} 
(1.5) 

 

where ℎ𝑡𝑝𝑠𝑒, 𝑝𝑡𝑝𝑠𝑒 and 𝑇𝑡𝑝𝑠𝑒 are respectively the altitude, pressure and temperature 

at the tropopause (11 km).  

Besides the ISA, other models are widely used. Some of these models are, for 

example, the U.S. standard atmosphere [NOAA, 1976] and its supplements at 

different latitudes (15
o
N, 30

o
N, 45

o
N, 60

o
N, 75

o
N) and seasons [ESSA, 1966]. 

Another models offer thermodynamic profiles with a certain spatial and time 
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resolution based on measured data. This is the case of the soundings from 

meteorological databases like the Global Data Assimilation System –GDAS
*
-. 

1.3 Atmospheric gases: scattering and absorption 

Table 1.1 Most common Atmospheric gaseous constituents. Based on Salby 

[2012]. 

Constituent Tropospheric Mixing Ratio Vertical distribution 

N2 0.7808 Homogeneous 

O2 0.2095 Homogeneous 

H2O ≤0.030 
Decreases sharply in troposphere. 

Increases in stratosphere. 
Highly variable 

Ar 0.0093 Homogeneous 

CO2 380 ppmv Homogeneous 

O3 10 ppmv* 
Increases sharply in stratosphre. 

Highly variable 

CH4 1.8 ppmv Homogeneous in troposphere 

N2O 320 ppbv Homogeneous in troposphere 

CO 70 ppbv Decreases in troposphere 

NO 0.1 ppbv* Increases vertically 

* Stratospheric values 

The Earth’s atmosphere is mostly composed by gases. The most abundant of these 

gases are N2, O2, and Ar, with stable volume concentrations of 78.1 %, 20.9 %, and 

0.9% respectively
†
 [Salby, 2012]. Among the remaining gases, known as trace 

gases, the CO2 is the most common one with a mean volume fraction around 0.04% 

by 2016
‡
. Despite this small volume fraction, CO2 is an effective greenhouse gas, 

and the increase of its concentration in the last decades is considered to be the main 

driver of climate change [IPCC, 2013]. Also, in the atmosphere we can find water 

vapor. This gas also plays an important role in the Earth’s radiation budget: it 

                                                           

*
 https://www.ncdc.noaa.gov/data-access/model-data/model-datasets/global-data-

assimilation-system-gdas 
† A dry atmosphere is considered 
‡
 http://www.esrl.noaa.gov/gmd/ccgg/trends/ 
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absorbs radiation at certain wavelengths and leads to the formation of clouds. 

Compared to N2 and O2, the concentration of water vapor changes rapidly with time 

and space, and is almost contained within the troposphere. A summary of the most 

common gases and their concentration is presented in Table 1.1, based on Salby 

[2012].  

Gases in the atmosphere interact with radiation via scattering and absorption. In the 

following subsections we will focus on two scattering mechanisms: Rayleigh and 

Raman scattering. Knowing and quantifying these two scattering processes is 

needed in order to retrieve physical parameters from the lidar signal, as we will see 

in Chapter 2.  

1.3.1 Molecular scattering 
Solar radiation can be scattered by gas molecules in an elastic or inelastic way. 

Under elastic scattering gas molecules do not exchange energy with the incident 

radiation, and therefore the wavelength (and frequency) of the scattered radiation 

remains the same. However, during inelastic scattering air molecules can take or 

give energy to the incident radiation, changing the wavelength (and frequency) of 

the scattered light: 

∆𝜈 =  ∆𝐸/ℎ (1.6) 

 

where ∆𝜈 is the frequency shift of the scattered light, ∆𝐸 is the amount of energy 

exchanged with the air molecules, and ℎ is the Planck constant. These inelastic 

processes are called Raman scattering. When the interaction results in the decrease 

of the energy (frequency) of the scattered light, it is known as Stokes Raman 

scattering. Similarly, it is called anti-Stokes Raman scattering when the scattered 

light has more energy (frequency) than the incident light.  

Air molecules can interact inelastically with radiation by changing their rotational 

and/or vibrational energy levels. The vibrational energy levels for homonuclear 

diatomic molecules like N2 and O2 can be estimated as [Wandinger, 2005b]: 

𝐸𝑣𝑖𝑏(𝑓) = ℎ𝜈𝑣𝑖𝑏(𝑓 + 1/2) (1.7) 

 

where 𝜈𝑣𝑖𝑏 is the oscillator frequency of the molecule and 𝑓 is the vibrational 

quantum number that can adopt positive integer values (𝑓 = 0,1,2…).  Regarding 

the rotational energy levels, they can be calculated as: 
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𝐸𝑟𝑜𝑡(𝑓, 𝐽) = ℎ𝑐𝑜[𝐵𝑓𝐽(𝐽 + 1) − 𝐷𝑓𝐽
2(𝐽 + 1)2] (1.8) 

 

where 𝐽 is the rotational quantum number (positive integer), 𝑐𝑜 is the speed of light 

in vacuum, 𝐵𝑓  is the specific rotational constant and 𝐷𝑓 is the stretching constant of 

the molecule. Both 𝐵𝑓 and 𝐷𝑓 depend on the vibrational quantum number. 

1.3.2 Rayleigh scattering 
Based on the definition made by She [2001], the Rayleigh scattering is the sum of 

two contributions: the Cabannes line and the pure rotational Raman (RR) lines. 

While the Cabannes line is a spectrally-narrow (~5 pm) peak centered in the 

incident radiation wavelength, the RR lines of the N2 and O2 can spread through 

wider spectral intervals (around 4 nm for incoming radiation at 355nm, estimated 

from Behrendt and Nakamura [2002]). Despite other authors consider Rayleigh 

scattering just the scattering that is not associated to any change either in the 

rotational or in the vibrational energy levels of the molecules [e.g. Wandinger, 

2005b], we use the definition by She [2001] because is the one followed in other 

works used as reference in this section.  

The probability that a scattering event occurs is quantified by its cross section. 

Regarding the Rayleigh scattering, the total cross section per molecule under 

standard air conditions, 𝑄𝑠, can be estimated as  [Bucholtz, 1995]: 

𝑄𝑠(𝜆) =  
24𝜋3(𝑛𝑠

2(𝜆) − 1)2

𝜆 𝑁𝑠
2 (𝑛𝑠

2(𝜆) + 2)2
 𝐹𝑘(𝜆) 

(1.9) 

 

where the subscript 𝑠 indicates standard air
*
, 𝜆 is the wavelength, 𝑛 is the refractive 

index, 𝑁 is the molecular number density and 𝐹𝑘 is the King factor, which accounts 

for molecule anisotropy. In Fig. 1.4, created from the values given by Bucholtz 

[1995], we can see that 𝑄𝑠 has a strong spectral dependence.  

In order to estimate the scattering coefficient of the air molecules at a certain 

altitude and wavelength, 𝜎𝑚(𝜆, 𝑟), we need to multiply 𝑄𝑠(𝜆) by the molecular 

number density: 

                                                           

* Standard air: T = 15
o
C, P = 1013.25hPa 
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𝜎𝑚(𝜆, 𝑟) =  𝑄𝑠(𝜆) · 𝑁(𝑟) =
𝑝(𝑟)

𝐾𝐵𝑇(𝑟)
𝑄𝑠(𝜆)  

(1.10) 

 

where 𝐾𝐵 is the Boltzmann constant, and the pressure (𝑝) and temperature (𝑇) 

profiles can be retrieved from an atmospheric model, as seen in section 1.2. 

From the point of view of atmospheric vertical profiling it is of great interest the so-

called backscatter coefficient, 𝛽, that accounts for the radiation that is scattered at a 

180
o
 angle with respect to the direction of propagation of the radiation. For air 

molecules 𝛽𝑚 can be estimated from 𝜎𝑚 as [Hostetler, 2006]: 

𝛽𝑚(𝜆, 𝑟) =
8𝜋

3
 
𝜎𝑚(𝜆, 𝑟)

𝑘(𝜆)
  

(1.11) 

 

where 𝑘 is a correction factor that, similarly as 𝐹𝑘, accounts for molecular 

anisotropy. The value of this correction factor is different depending on the 

scattering line (Cabannes or RR). For example, for total Rayleigh scattering at 

355nm, 𝑘 is equal to 1.0153. But if we only consider the Cabannes line, its value 

becomes 1.0337 [Hostetler, 2006].  

 

Fig. 1.4 Rayleigh scattering cross-section per molecule as a function of the 

radiation wavelength. Based on data from Bucholtz [1995]. 

1.3.3 Rayleigh scattering and polarization  
The polarization state of a light beam changes when it interacts with atmospheric 

molecules through Rayleigh scattering. Considering a linearly polarized beam, the 

linear depolarization ratio of the air molecules, 𝛿𝑚, is defined as: 

𝛿𝑚 = 𝛽𝑚,𝑠 𝛽𝑚,𝑝⁄  (1.12) 
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where 𝛽𝑚,𝑠 and 𝛽𝑚,𝑝 are, respectively, the molecular backscatter coefficients 

projected in the perpendicular (𝑠) and parallel (𝑝) planes with respect to the 

polarization of the incident beam. Similarly as the total backscatter, 𝛽𝑚, the values 

of  𝛽𝑚,𝑠 and 𝛽𝑚,𝑝 depend on the scattering line (Cabannes or RR). For the N2 and 

O2 molecules, these coefficients can be estimated as [Behrendt and Nakamura, 

2002]: 

𝛽𝑋,𝑝
𝐶𝑎𝑏 =  𝜅 (𝛼𝑋

2 +
1

45
𝛾𝑋

2) 
(1.13) 

 

𝛽𝑋,𝑠
𝐶𝑎𝑏 =  𝜅

1

60
𝛾𝑋

2 
(1.14) 

 

𝛽𝑋,𝑝
𝑅𝑅 =  𝜅

1

15
𝛾𝑋

2 
(1.15) 

 

𝛽𝑋,𝑠
𝑅𝑅 =  𝜅

1

20
𝛾𝑋

2 
(1.16) 

 

where 𝑋 indicates the atmospheric gas (N2 or O2), 𝐶𝑎𝑏 stands for Cabannes line, 

𝑅𝑅 for rotational Raman lines, 𝛼𝑋2
2  is the trace of molecular polarizability tensor 

(𝛼𝑁2
2  = 3.16×10

-48
 cm

6
 ; 𝛼𝑂2

2  = 2.72×10
-48

 cm
6
), 𝛾𝑋2

2  is the square of the anisotropy 

of the molecular polarizability tensor (𝛾𝑁2
2  = 0.509×10

-48
 cm

6
 ; 𝛾𝑂2

2  =  1.27×10
-48

 

cm
6
)

*
, and 𝜅 is equal to: 

𝜅 =  
𝜈0𝜋

2

𝜈𝑠𝜆𝑠
4 

(1.17) 

 

where 𝜈0 and 𝜈𝑠 are, respectively, the frequency of the incident light and scattered 

light, and 𝜆𝑠 is the wavelength of the scattered light.  

If we neglect the effect of the other atmospheric gases, then 𝛿𝑚 can be estimated as: 

𝛿𝑚 = 
𝑥𝑁2

𝛽𝑁2,𝑠 + 𝑥𝑂2
𝛽𝑂2,𝑠

𝑥𝑁2
𝛽𝑁2,𝑝 + 𝑥𝑂2

𝛽𝑂2,𝑝

 
(1.18) 

 

                                                           

*
 𝛼2 and 𝛾2 values from Behrendt and Nakamura [2002]. 
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where 𝑥 is the proportion of each gas in the atmosphere (𝑥𝑁2
 =  0.78; 𝑥𝑂2

 = 0.21). 

Finally, in Eq. 1.18 the backscatter coefficient of a certain gas (𝑋 ) for a given a 

plane of polarization (𝑖) measured by a detector is equal to: 

𝛽𝑋,𝑖 =  𝛽𝑋,𝑖
𝐶𝑎𝑏 + 𝑐𝑋 𝛽𝑋,𝑖

𝑅𝑅 (1.19) 

 

where the term 𝑐𝑋 accounts for the detector’s properties. If we use a very narrow 

bandpass filter centered on the incident light wavelength, then we will not detect 

the backscatter light from the RR lines and therefore 𝑐𝑋 becomes zero. On the other 

hand, if we use a wide enough filter, we will detect all the RR lines and 𝑐𝑋 becomes 

one. In the general case where the RR spectrum is partly detected, 𝑐𝑋 is estimated 

as the quotient between the values of 𝛽𝑋,𝑖
𝑅𝑅 that would be measured with and without 

the detector’s bandpass filter. A detailed description of this procedure can be found 

in the work by Behrendt and Nakamura [2002].  

1.3.4 Vibration-rotation Raman scattering 
When the interaction between radiation and air molecules leads to a change in the 

vibrational energy level of the molecules, then we have vibration-rotation Raman 

(VRR) scattering. As we saw in Eq. 1.6, the vibrational energy is a function of the 

oscillator frequency, 𝜈𝑣𝑖𝑏  , which depends on the type of molecule: for N2, 𝜈𝑣𝑖𝑏 is 

equal to 69.9 THz, while for O2, 𝜈𝑣𝑖𝑏  is equal to 46.7 THz [Wandinger, 2005b].  

Therefore, each type of molecule will lead to a different wavelength shift in the 

scattered light.  

In Fig. 1.5 we show the molecular backscatter coefficients associated to each type 

of scattering. In particular, we can see the Rayleigh backscattering (Cabannes plus 

RR lines), and the Stokes VRR backscattering lines of the O2 and N2 for an incident 

light at 355 nm. The VRR backscattering is much lower than the Rayleigh 

backscattering: for N2 molecules, it is around 3 orders of magnitude weaker. 

Despite this, the VRR backscattering is of great interest for the lidar research. As it 

will be shown in section 2.4, the detection of the VRR backscattering will allow us 

to determine without a priori assumptions the extinction and backscatter 

coefficients of aerosols in the atmosphere. 
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Fig. 1.5 Rayleigh backscatter coefficient and Stokes-Raman roto-vibrational 

backscatter coefficients for O2 and N2 molecules for an incident light at 355 nm. 

Source: Wandinger [2005b].  

 

1.4 Atmospheric aerosols 

Atmospheric aerosols can be found in a wide range of sizes, shapes, and chemical 

compositions. Regarding their size, we can find aerosols within a wide range of 

diameters: from ultra-fine pollution particles with diameters below 0.05 μm to dust 

or sea-salt particles with diameters over 10 μm. In the atmosphere we usually find 

fine particles (r < 1 μm) in combination with coarse particles (r > 1 μm) that lead to 

bi-modal aerosol size distributions (for instance, see Fig. 1.6). In addition to these 

two modes we can also find the nucleation mode, between 0.001 and 0.1 μm, made 

up with the so-called Aitken particles: clusters of gas molecules that condense to 

form small drops [Jacobson, 2005]. These particles, however, represent a small 

fraction of the total aerosol mass, and are not important in terms of radiative 

interactions [Estellés, 2006]. With respect to their shape, aerosols are normally 

classified as spherical, like water droplets, or non-spherical, such as mineral dust or 

ice crystals. While the radiative effect of spherical aerosols can be predicted using 

Mie theory (see subsection 1.4.1), the behavior of non-spherical particles, such as 

mineral dust or ice crystals, is harder to model. Finally, depending on their 

chemical composition aerosols can be divided, amongst other classifications, into 
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inorganic or organic aerosols. All these physical and chemical properties determine 

the way that aerosols scatter and absorb radiation.  

1.4.1 Mie Theory 
In section 1.3 we saw that molecular-radiation interactions could be modelled using 

the Rayleigh theory. Nevertheless, this theory only applies when the size of the 

scatterers is much lower than the wavelength of the radiation, as in the case of gas 

molecules. When radiation in the visible wavelengths interacts with bigger particles 

like atmospheric aerosols, the phase difference between the partial waves emitted 

by the particle multipoles creates interference patterns that are not predicted by 

Rayleigh theory.  

 

Fig. 1.6 Aerosol size distribution retrieved by the AERONET algorithms from 

photometer measurements in Burjassot at 6:51 am on 1 September 2016. 

A solution to the particle-radiation interaction problem was found by Gustav Mie 

(1869-1957). In particular, Mie modelled the interaction between a plane 

electromagnetic wave and a homogenous and isotropic dielectric sphere (see 

Bohren and Huffman [1983]). From a broader perspective, Rayleigh theory can be 

considered a particular case of Mie’s for smaller particles. Regarding the spectral 

behavior, Rayleigh theory predicts the intensity of the scattered light to be 

proportional to 𝜆−4. On the other hand, in Mie scattering this spectral dependence is 

a function of the particle size, being less relevant for bigger particles. With respect 

to the scattering direction, the angle dependence is stronger in the Mie scattering as 

the size of the particle increases. In general, the bigger the aerosol, the bigger the 

amount of light scattered in angles close to the incident radiation direction (forward 

scattering).  
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Although Mie theory can be used as a first approach to aerosol scattering, its results 

differ from measurements when we study non-spherical particles. The predictions 

improved when non-spherical aerosol were modelled as spheroids [e.g. Dubovik, 

2002] or as other geometrical bodies [e.g. Mishra, 2008], and were used as the input 

of the T-matrix method [Mishchenko, 1998]. Other models like the discrete dipole 

approximation (DDA) can be used to predict the radiative effect of non-spherical 

particles, but at the cost of higher computational time [Draine, 1994]. The 

complexity of the aerosol scattering problem is especially relevant in inversion 

problems, where we have to retrieve the microphysical properties of aerosols from 

radiation measurements. The retrieval of microphysical properties of aerosols, 

however, is not amongst the goals of this thesis.  

1.4.2 Aerosols radiative parameters 
The effect that aerosols have on radiation can be characterized by different 

parameters. In this section we introduce the main parameters that will be used in 

this thesis: 

a) Aerosol extinction and backscatter coefficients 

The aerosol extinction coefficient, 𝜎𝑎,  is the sum of two contributions: the aerosol 

scattering coefficient, 𝜎𝑎
𝑠𝑐𝑎, and the aerosol absorption coefficient, 𝜎𝑎

𝑎𝑏𝑠. Similarly 

to the atmospheric molecules, 𝜎𝑎 is proportional to the aerosol extinction cross 

section and number density. However, due to the high space-time and type 

variability of aerosols, this parameter cannot be predicted with the same accuracy 

as the molecular extinction. Since this parameter is an extensive property of 

aerosols, its values are not bounded.  

The differential scattering cross section per solid angle at 180
o
 is known as the 

aerosol backscatter coefficient, 𝛽𝑎. The relationship between 𝜎𝑎 and 𝛽𝑎 depends on 

the type of aerosol and is usually known as the extinction-to-backscatter ratio or 

just as lidar ratio (see point d). 

b) Aerosol optical depth and transmittance 

The aerosol optical depth in the vertical direction, hereafter AOD, of an 

atmospheric layer spreading from an altitude ℎ1 to ℎ2 is defined as: 

𝐴𝑂𝐷(ℎ1, ℎ2, 𝜆) = ∫ 𝜎𝑎(ℎ, 𝜆)𝑑ℎ
ℎ2

ℎ1

 
(1.20) 
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When we consider the whole atmospheric column (i.e.,  ℎ1 = surface; ℎ2 = top of 

the atmosphere, or TOA) this parameter is usually called total column AOD: 

𝐴𝑂𝐷(𝜆) = ∫ 𝜎𝑎(ℎ, 𝜆)𝑑ℎ
𝑡𝑜𝑎

𝑠𝑢𝑟𝑓𝑎𝑐𝑒

 
(1.21) 

  

The AOD is widely used in aerosol research since it is the simplest way to 

characterize the aerosol load in the atmosphere. Also, the total column AOD is the 

main product given by the sun-photometers of the Aerosol Robotic Network, 

AERONET, one of the main and more widespread aerosol research networks in the 

world [Holben, 2001]. The aerosol transmittance of an aerosol layer is related to its 

AOD by: 

𝑇𝑎(ℎ1, ℎ2, 𝜆) = exp{−𝐴𝑂𝐷(ℎ1, ℎ2, 𝜆)} (1.22) 

 

c) Ångström exponent 

The Ångström law models the spectral behavior of the total column AOD as 

[Ångström, 1929]: 

𝐴𝑂𝐷(𝜆) = 𝐾𝜆−𝛾 (1.23) 

 

where 𝐾 and 𝛾 are two fitting parameters. In particular, 𝛾 is usually known as the 

Ångström exponent. If we have measurements of the AOD in two different 

wavelengths, 𝛾 is defined from Eq. 1.22 as
*
: 

𝛾(𝜆1, 𝜆2) = − 
log{𝐴𝑂𝐷(𝜆1)/𝐴𝑂𝐷(𝜆2)}

log{𝜆1/𝜆2}
 

(1.24) 

 

This exponent is an intensive property of the aerosols (i.e. it is related to the 

physical and chemical properties of the aerosols, not the amount of them), and is 

usually related to the size of the particles: generally lower values of 𝛾 indicate 

bigger particles. Vertical profiles of 𝛾 can be estimated if we replace the total 

                                                           

*
 Generally this parameter is calculated using AOD measurements at 440 nm and 

870 nm, which are standard AERONET channels. Unless otherwise noted, all 

values of 𝛾given in this thesis will correspond to these wavelengths 
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column AOD in Eq. 1.23 by 𝜎𝑎. Also, the backscatter-related Ångström exponent 

can be estimated using  𝛽𝑎. 

d) Aerosol extinction-to-backscatter ratio or lidar ratio 

As we will see in section 2.4.1, the aerosol extinction-to-backscatter ratio, known 

also as lidar ratio (name that we will use hereafter), is a key parameter in lidar 

research. The lidar ratio, 𝑆, is defined as: 

𝑆(ℎ, 𝜆) = 𝜎𝑎(ℎ, 𝜆)/ 𝛽𝑎(ℎ, 𝜆)  (1.25) 

 

Like the Ångström exponent, the lidar ratio is an intensive property of the aerosols. 

Usually, aerosols belonging to the same type are associated to similar lidar ratios 

(see section 1.4.3). Because of this, a priori information about the aerosol types in 

the atmospheric profile can be used to estimate the  𝜎𝑎 when only measurements of 

𝛽𝑎 are available. 

Similarly, we can define the integrated lidar ratio within an atmospheric layer as: 

𝑆(𝑧1, 𝑧2, 𝜆) =
∫ 𝜎𝑎(ℎ, 𝜆)𝑑ℎ

ℎ2

ℎ1

∫ 𝛽𝑎(ℎ, 𝜆)𝑑ℎ
ℎ2

ℎ1

= 
𝐴𝑂𝐷(ℎ1, ℎ2, 𝜆)

∫ 𝛽𝑎(ℎ, 𝜆)𝑑ℎ
ℎ2

ℎ1

 

(1.26) 

 

where ℎ1 and ℎ2 are, respectively, the lower and upper boundaries of the 

atmospheric layer.  

e) Aerosol depolarization  

 

The depolarization effect of aerosols can be measured with different parameters 

(Table 1.2). In this work we will mainly use the so-called aerosol (or particle) linear 

depolarization ratio (Eq. 1.29 in Table 1.2). This parameter is preferred to the other 

ones because 1) it is the most widely used in lidar research and 2) it is an intensive 

property of aerosols that allows us to classify them.  
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Table 1.2 Definition of different depolarization parameters. Based on Cairo 

[1999] and Bravo-Aranda [2014]. 

Name Symbol  Formula  

Volume linear depolarization ratio 𝛿 = 
𝛽𝑎,𝑠 + 𝛽𝑚,𝑠

𝛽𝑎,𝑝 + 𝛽𝑚,𝑝
 (1.27) 

Total volume linear depolarization ratio 𝛿𝑇 = 
𝛽𝑎,𝑠 + 𝛽𝑚,𝑠

𝛽𝑎 + 𝛽𝑚
 (1.28) 

Aerosol linear depolarization ratio 𝛿𝑎 = 
𝛽𝑎,𝑠

𝛽𝑎,𝑝
 (1.29) 

Total aerosol linear depolarization ratio 𝛿𝑇𝐴 = 
𝛽𝑎,𝑠

𝛽𝑎
 (1.30) 

Perpendicular linear backscatter ratio 𝑅𝑠 = 
𝛽𝑎,𝑠 + 𝛽𝑚,𝑠

𝛽𝑚,𝑠
 (1.31) 

 

Eq. 1.29 can be reformulated as a function of  𝛿 [Cairo, 1999]: 

𝛿𝑎 = 
𝑅𝛿(𝛿𝑚 + 1) − 𝛿𝑚(𝛿 + 1)

𝑅(𝛿𝑚 + 1) − (𝛿 + 1)
 

(1.32) 

 

where 𝛿𝑚 is the molecular linear depolarization ratio calculated as in Eq. 1.18, and 

𝑅 is the total-to-molecular backscatter ratio: 

𝑅 =  
𝛽𝑎,𝑠 + 𝛽𝑎,𝑝 + 𝛽𝑚,𝑠 + 𝛽𝑚,𝑝

𝛽𝑚,𝑠 + 𝛽𝑚,𝑝

 
(1.33) 

1.4.3 Aerosol types 
For practical purposes aerosols are classified in different types depending on their 

physical and chemical properties, as well as their origin. Although different aerosol 

classifications can be found in the literature [e.g. d’Almeida, 1991; Hess, 1998; Liu, 

2005], they share some common aerosol types like desert, continental, or marine 

(also found as maritime). In this section we will introduce the main aerosol types 

that can be found in the measuring site of Burjassot, where the data used for this 

work have been collected. For each aerosol type we present the typical values 

associated to their optical properties. Nevertheless, these values depend not only in 

the aerosol type, but also in the internal and external mixing state of aerosols in the 

atmosphere. As a result, classification of aerosols as a function of their radiative 

properties remains a challenging issue [e.g. Gross, 2015b]. 
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a) Mineral dust 

 

Most of the mineral dust aerosols over the Iberian Peninsula are originated and 

transported from Northern Africa during dust outbreaks. These events occur mainly 

during summer [Estellés, 2006] and also at the end of the winter [Toledano, 2007]. 

Dust outbreaks are associated to an increase in the AOD, which can reach values 

higher than 1 at visible wavelengths [e.g. Guerrero-Rascado, 2009]. Usually, AOD 

values higher than 0.11 in the near infrared can be used as an indicator of the 

presence of dust in the atmosphere [e.g. Toledano, 2007]. Regarding their intensive 

radiative properties, mineral dust differs from other aerosol types by their Ångström 

exponent and aerosol linear depolarization ratio. Due to their big size compared to 

other aerosols, dust is usually associated to low Ångström exponents: values below 

1 can be used as an indicator of the presence of mineral dust in the atmosphere [e.g. 

Toledano, 2007]. Nevertheless, values of almost zero can be measured in the case 

of extreme events [e.g., Toledano, 2007; Guerrero-Rascado, 2009]. Also, particles 

have a strong depolarization effect, with 𝛿𝑎 values ranging from 0.15 to 0.30 due to 

their irregular shape (see Table 1.3). 

Table 1.3 Particle linear depolarization ratios (𝛿𝑎) of mineral dust aerosol 

determined by different authors.    

Mineral dust 

Author 
𝜹𝒂 

(355nm) 
𝜹𝒂 

(532nm) 
Comments 

Freudenthaler 
2009 

- 0.31±0.03 Field Campaign in Morocco 

Gross 2015a 0.26±0.03 0.27±0.01 
Four events of African dust 

transported to North America 

Gross 2011b 0.24-0.27 0.29-0.31 Field Campaign in Cape Verde 

Gross 2013 - 0.32±0.02 
Database from four different field 

campaigns 

Papayannis 2008 - 0.10-0.25 
Two years of observations from 

eight European stations from 
EARLINET 

Noh 2007 - 0.15-0.25 
Two-month periods of 

measurements in Korea 

Murayama 2004 - ~0.2 
One case of  dust transported from 

continental Asia to Japan 

Ansmann 2003 - 0.15-0.25 
One dust outbreak over Europe, 
measured by three lidar stations 
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The typical lidar ratio values associated to mineral dust are around 55 sr for African 

dust, and slightly lower for Asian dust. However a wide range of values have been 

observed by different authors since not all the mineral dust has the same properties. 

For instance, it has been observed that, in the case of Northern Africa and the 

Arabian Peninsula, the lidar ratio depends on the precise source region [e.g. 

Schuster, 2012; Nisantzi, 2015]. With respect the spectral behavior of the lidar 

ratio, it has been found that between 355 nm and 532 nm this parameter has little 

wavelength dependence [Gross, 2011a and 2015; Tesche, 2011]. Moreover, 

according to Tesche [2011] this small wavelength dependence still applied up to 

1064 nm. A list of the typical lidar ratio values for African dust (the most common 

type over Burjassot) is presented in Table 1.4. 

Table 1.4 Lidar ratios (𝑆) of African mineral dust aerosol, determined by 

different authors.    

African Dust 

Author 
S (sr) 

(355nm) 
S (sr) 

(532nm) 
Method Comments 

Papayannis 
2008 

38-60 
(±20-
30%) 

- 
Ground Raman 

Lidar 

Two years of observations 
from eight European 

stations from EARLINET 

Ansmann 
2003 

50-90 40-80 
Ground Raman 

Lidar 

One dust outbreak over 
Europe, measured by three 

lidar stations 

Mattis 2002 
50-80 (10-30% higher 

for 355 nm) 
Ground Raman 

Lidar 
Two Saharan dust episodes 

over Germany 

Nisantz 2015 - 53±6 
Ground Lidar 

and Sun-
photometer 

Four years of observations 
of Saharan dust in Cyprus 

Gross 2015a 53±5 56±7 
Ground Raman 

Lidar 

Four events of African dust 
transported to North 

America 

Gross 2013 - 48±5 Airborne Lidar 
Database from four 

different field campaigns 

Gross 2011a 63±6 63±6 
Ground Raman 

Lidar 
One dust outbreak over 

Cape Verde 

Tesche 2011 54±7 54±7 
Ground and 

airborne Raman 
Lidar 

Field campaign in Southern 
Morocco 
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b) Polluted and continental aerosols  

 
Table 1.5 Lidar ratios (𝑆) of polluted continental aerosol determined by 

different authors.    

Polluted continental 

Author 
S (sr) 

(355nm) 
S (sr) 

(532nm) 
Method Comments 

Wandinger 
2002a 

60-70 50 
Ground Raman 

lidar 

One case of European 
pollution episode 

measured in Germany 

Ansmann 
2001 

- 50-70 
Ground Raman 

lidar 

One case of European 
pollution episode 

measured in Portugal 

Tesche 2007 - 40-55 
Ground Raman 

lidar 

Pollution episodes in 
sothern China in October 

2004 

Cattrall 
2005 

- 
71 

(550nm) 

Ground Sun-
photometer & 

inversion 

Several years of 
observations in six 
different European 
AERONET stations 

- 
58 

(550nm) 

Ground Sun-
photometer & 

inversion 

Several years of 
observations in four 
different  AERONET 

stations in South-eastern 
Asia 

Doherty 
1999 

- 60-70 
Ground 

Backscatter 
Nephelometer 

Two cases measured in a 
remote station in the USA 

Ackermann 
1998 

40-70 45-80 Aerosol models 
Calculated from aerosol 

models taking for different 
relative humidity values 

Gross 2013 - 56±6 Airborne Lidar 
Database from four 

different field campaigns 

 

Within the continental type we find a wide range of aerosols emitted from 

landmasses, with the exception of arid and polar regions [Estellés, 2006]. 

Continental aerosols originated close to urban or industrial areas are usually mixed 

with anthropogenic-derived pollutants, leading to the formation of polluted 

continental aerosols. Due to the location of Burjassot, this type of aerosol is of 

special importance for two reasons. The first one is that Burjassot is part of the 

medium-to-large metropolitan area of Valencia, and thus the local anthropogenic 
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activities like road traffic are directly associated to the concentration of this kind of 

aerosol [e.g. Segura, 2016; Esteve, 2012]. The second reason is that European 

pollution outbreaks are not uncommon in the Iberian Peninsula [e.g. Ansmann, 

2001]. 

Due to the small size of pollutants, the presence of this type of aerosols usually 

leads to an increase of the Angstöm exponent. In the particular case of Burjassot, 

continental air-masses are associated to a mean Ångström exponent of 1.5, with 

most cases over 1 [Estellés, 2006]. The lidar ratio of polluted aerosols is usually 

over 50 sr for 532 nm, and in some cases can reach values over 70 sr (Table 1.5). 

These relatively high values can be explained by the high absorption of organic 

pollutants like black carbon. Nevertheless, like in the case of dust aerosols, the 

properties of polluted continental aerosols depend on the studied region. For 

instance, pollution episodes have been found to be associated with lower lidar ratios 

in Eastern Asia than in Europe, probably due to differences in the fuels used for 

combustion [Cattrall, 2005]. Finally, polluted and continental aerosols have a low 

depolarization. For instance, Gross [2013] found values of 𝛿𝑎 ranging from 0.03 to 

0.11, with a mean value of 0.06±0.01. 

c) Marine aerosols and clean episodes 

 

The study of marine aerosols is of great importance since oceans cover 

approximately ¾ of the Earth’s surface. In urban sites like Burjassot, however, the 

effect of this type of aerosol is usually shaded by pollution or dust. Generally, 

episodes dominated by marine aerosols correspond to clean cases with low AOD 

values [e.g. Toledano, 2007]. With respect to the Ångström exponent, marine 

aerosols can be associated to a wide range of values. Sea salt, which is a coarse 

aerosol, should lead to low Ångström exponents. However, the contribution of sea 

salt can be easily shaded by the presence of fine local particles. This effect has been 

detected in remote oceanic sites, where the surface wind speed (directly related to 

the emission of salt particles) has been found to be correlated to the AOD and anti-

correlated to the Ångström exponent [Smirnov, 2003; Mulcahy, 2008]. 

Regarding the depolarization properties, a theoretical study carried out by 

Murayama [1999] revealed that, depending on their size, cubic sea salt particles 

could reach values of 𝛿𝑎 higher than 0.2. However, in atmospheric measurements 

the values of 𝛿𝑎 were, on average, around 0.02 at 532 nm with peak values of 0.11 

[Gross, 2011b, 2013]. Finally, the lidar ratio associated to marine aerosols and 
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clean episodes usually range between 15 sr and 45 sr, depending on the mixture 

with other aerosol types (Table 1.6). 

Table 1.6 Lidar ratios (𝑆) of marine aerosol determined by different authors.    

Marine 

Author 
S (sr) 

(355nm) 
S (sr) 

(532nm) 
Method Comments 

Ansmann 
2001 

- 25 
Ground Raman 

lidar 

One case of European 
pollution episode 

measured in Portugal 

Tesche 2007 - 30-45 
Ground Raman 

lidar 
Clean episodes over Beijing 

influenced by desert dust 

Cattrall 2005 - 
27 

(550nm) 
Sun-photometer 

and inversion 

Several years of 
observations from five 

different AERONET 
stations 

Doherty 
1999 

- 21 
Ground 

Backscatter 
Nephelometer 

One case measured in a 
remote station in the USA 

Ackermann 
1998 

15-30 15-30 Aerosol models 
Calculated from aerosol 

models taking for different 
relative humidity values 

Gross, 2011b 14-24 14-24 
Ground Raman 

Lidars 
Field campaign in Cape 

Verde 

 

d) Biomass burning 

 

This kind of aerosol is produced during forest fires and is especially important in 

tropical and subtropical areas with vast forests [Giglio, 2006]. In Europe, biomass 

burning aerosols are frequent in summer due to local and regional fires [e.g. Pace, 

2005], although smoke from remote events can also be detected [e.g. Müller, 2005].  

The presence of this aerosol is usually associated to large values of the Ångström 

exponent. Values of 𝛾 over 1.2 are commonly measured [Duvobik, 2002], although 

great variations have been found depending on the region [Eck, 2003]. According 

to the climatology carried out by Toledano [2007] using data from a photometers in 

Southwester Spain, smoke is expected to be associated to Ångström exponents over 

1.4. Regarding the lidar ratio, its value depends on whether the smoke is aged or 

fresh: for fresh smoke the lidar ratio is wavelength independent in the 355-532 nm 
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range, with values around 60 sr; meanwhile, for aged smoke the lidar ratio at 355 

nm decreases with respect the values at 532 nm (Table 1.7).  Finally, biomass 

burning aerosols are related to medium-to-low depolarization: mean values of 𝛿𝑎 

around 0.05-0.07 have been obtained by different authors [Murayama, 2004; 

Müller, 2005; Gross, 2013]. 

Table 1.7 Lidar ratios (𝑆) of biomass burning aerosol determined by different 

authors.    

Biomass burning 

Author 
S (sr) 

(355nm) 
S (sr) 

(532nm) 
Method Comments 

Wandinger 
2002a 

- 40-80 
Ground Raman 

and airborne 
lidar 

One case of smoke 
transported from Canada to 

Germany 

Ansmann 
2009 

50-60 50-60 
Ground Raman 

lidar 

One case of fresh smoke 
mixed with dust arriving to 

Cape Verde from 
continental Africa 

40-60 60-70 
Ground Raman 

Lidar 

One case of aged smoked 
transported from Africa to 

Amazonia 

Balis 
2004 

61±4 - 
Ground Raman 

Lidar 

One case of  smoked 
transported from other 

European regions to Greece 

Murayama 
2004 

~40 ~65 
Ground Raman 

Lidar 

One case of  smoked 
transported from Siberia to 

Japan 

Gross 2013 - 69±17 Airborne Lidar 
Database from four 

different field campaigns 

Cattrall 
2005 

- 
60 

(550 nm) 

Ground Sun-
photometer & 

inversion 

Several years of 
observations in seven 

different AERONET 
stations 
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2. Lidar basics 
This chapter introduces the lidar fundamentals. First of all, we briefly describe 

the main lidar systems devised for aerosol research. In the next section we 

explain the basic operation of a generic lidar system with a brief description of 

their components. Then, we present the different lidar equations: elastic 

equation, Raman equation, and elastic-polarized equation. Finally, we analyze 

the standard methods used for the retrieval of backscatter and extinction 

coefficients from elastic and Raman equations.  
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2.1 Introduction 

The chemical, physical and optical properties of the atmospheric aerosols can be 

measured with a wide range of instruments. Depending on their operation principle, 

these instruments can be classified as in situ or remote sensing systems. In situ 

systems take air samples directly from the atmosphere and analyze them using 

different procedures depending on the aerosol characteristic to be retrieved. This 

kind of instruments is generally found in ground stations, and therefore only offer 

aerosol information at surface level. Although these instruments can be mounted in 

aircrafts to measure aerosol profiles, this can only be done during specific 

campaigns due to the high cost of the flights.  

Regarding the remote sensing instruments, these can be separated into two groups: 

passive and active. Passive instruments use an external source of radiation to 

determine the aerosol optical properties. Usually, this source of radiation is the Sun, 

although some instruments are able to use the light scattered by the moon [Berkoff, 

2011] or emitted by certain stars [Pérez-Ramírez, 2007]. Passive systems, like 

photometers, can measure the AOD and Ångström exponent of the aerosols. Also, 

the measurements from these instruments can be used in combination with 

inversion algorithms [e.g., Dubovik, 2000] to retrieve other aerosol properties such 

as the size distribution, phase function
*
, or single scattering albedo

†
. These 

measurements and retrievals, however, correspond to column integrated properties, 

and do not provide information about the vertical distribution of the aerosols and 

their properties. This limitation can be solved with active remote sensing 

instruments, which use their own source of radiation.  

The most widely used active technique for aerosol research is the light detection 

and ranging, most commonly known as lidar. Lidar systems emit laser pulses to the 

atmosphere and measure the light backscattered by the atmospheric components at 

different altitudes and wavelengths. Although all lidar systems are based in the 

                                                           

*
 The phase function, 𝒫(𝜃, 𝜆), indicates the probability that a scattering event 

results in light with wavelength 𝜆 scattered at an angle 𝜃. The integrated value of 

𝒫(𝜃, 𝜆) through the whole solid angle is equal to 4π. 
†
 The single scattering albedo, SSA, is the ratio between the aerosol scattering 

coefficient, 𝜎𝑠𝑐𝑎 , and the aerosol extinction coefficient, which is the sum of the 

scattering and the absorption coefficient, 𝜎 =  𝜎𝑠𝑐𝑎 + 𝜎𝑎𝑏𝑠.  
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same principle, the differences in their design result in a wide range of instruments. 

For instance, we can find low-energy systems like ceilometers and micro-lidars that 

are affordable and highly operative but only offer a limited amount of information. 

Among this wide range of instruments, we can also find multi-wavelength Raman 

lidars, which measure the light scattered by both elastic and inelastic processes. 

These systems are able to retrieve detailed profiles of aerosols and water vapor 

parameters [Wandinger, 2005b], though they are more expensive and require from 

higher maintenance operations. The High Spectral Resolution Lidars (HSRL) are 

able to distinguish the molecular and aerosol contributions to the backscattered 

light thanks to the differences in their spectral shape [Eloranta, 2005]. These 

systems, however, are less common than Raman lidars due to their great 

complexity. In addition to wavelength-selective channels, lidar systems can also be 

equipped with polarized channels, which provide information about the 

depolarization properties of aerosols. In next section we describe in more detail the 

most common lidar systems used for lidar research.  

2.1.1 Lidar systems 

Ceilometers 

Among the mono-spectral elastic lidars we can find low-energy systems like 

ceilometers, which were originally designed to monitor the cloud cover in an 

autonomous way. This fact leads to a series of advantages and disadvantages 

associated to their capability for aerosol research. The main limitation these 

systems is the low energy of the laser pulses: for instance, 3 μJ in the case of the 

Vaisala CL51 system, and 1.2 μJ for the Vaisala CL31 system [Vaisala, 2010 and 

2004]. These pulses are suited for the detection of clouds, but sometimes they are 

too weak to detect aerosol layers, usually associated to much lower backscatter 

coefficients. Also, the most widely used ceilometers work in the near infrared 

wavelengths where aerosol and molecular effects are lower compared to shorter 

wavelengths. This affects to the ceilometer ability to detect the molecular signal, 

which is needed in some inversion algorithms for the retrieval of aerosol 

backscatter profiles (see subsection 2.4.1). Regarding their advantages, ceilometers 

can work continuously during long periods of time, require little maintenance, and 

are usually cheaper than more advanced lidar systems. Due to these advantages, in 

the recent years the analysis of the ceilometer capabilities for aerosol research has 

been intensified [Wiegner, 2014]. 
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Micro-lidars 

Unlike ceilometers, some micro-lidar models are specifically designed for the study 

of aerosols. Micro-lidars are called this way because of the energy of the emitted 

laser pulses is usually lower than 100μJ. While these instruments are also eye-safe 

and are able work in an autonomous way, most of them require a stable 

environment to operate properly. Because of this, they are usually located in rooms 

with controlled temperature and humidity. Another difference between ceilometers 

and micro-lidars is that these systems generally operate in UV or visible 

wavelengths. At these wavelengths micro-lidars can measure the aerosol and 

molecular contribution with a better signal-to-noise ratio than ceilometers. 

Nevertheless, the amount of information that can be retrieved from just the elastic 

measurements is still limited. The reason is that their measurements cannot be used 

to retrieve backscatter and extinction coefficients without a priori assumptions 

about the lidar ratio (see section 2.4.1). Some micro-lidars, like the MPL systems 

by Sigma-space (http://www.micropulselidar.com/), have two elastic detection 

channels parallel and cross-polarized with respect to the emitted light. The 

information given by these polarized channels can be used to retrieve the 

depolarization properties of the atmospheric aerosols, which as we saw in section 

1.4.3 are directly related to their shape. 

Raman lidars 

Multi-wavelength Raman lidar systems can emit and detect light in several 

wavelengths. In addition to the elastic and elastic-polarized channels, these systems 

also have detection channels at inelastic wavelengths. In particular, Raman systems 

have detection channels centered at the roto-vibrational scattering wavelengths of 

the diatomic molecules (N2 or O2). This way it is possible to retrieve aerosol 

extinction and backscatter profiles without the need of previous assumptions about 

the aerosol lidar ratio. Since the roto-vibrational scattering cross section is around 

10
3
 times weaker than the elastic cross section, Raman lidars generally use lasers 

with much higher pulse energy than micro-lidars. Compared to ceilometers and 

micro-lidars, Raman lidars provide more information about the aerosol profile in 

the atmosphere. However, they are associated to two main disadvantages. First, the 

higher features and technical complexity of these instruments results in higher costs 

and maintenance. And second, most of these systems do not meet the eye-safe 

requirements and thus have to be operated under the supervision of an expert or 

equipped with supplementary systems such as interlocks or flight-safety radars.  
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2.1.2 Aerosol research networks 
The spatial validity of the measurements made by a single lidar station is limited by 

the aerosol variability. Because of this, we need data from several stations to study 

the global effect of aerosols in climate, an aerosol event affecting a certain region, 

or the geographical trends in aerosol distribution. Aerosol research networks were 

created to meet these requirements. These networks allow researchers to access 

standardized-format data from different stations. Also, research networks control 

the quality of the published data by imposing certain requirements to the 

instrumentation.  

Aerosol research networks can be global, regional, or local. In a global scale, we 

can find lidar networks like the micro-pulse lidar network (MPLNET, 

http://mplnet.gsfc.nasa.gov/) and the lidar working group of the Network for the 

Detection of Atmospheric Composition Change (NDACC, http://ndacc-lidar.org/), 

focused on the study of the upper troposphere and the stratosphere. In a regional 

scale, the most important network is the European Aerosol Research Lidar Network 

(EARLINET, https://www.earlinet.org/), established in 2000 with the aim to create 

a “significant database for the horizontal, vertical, and temporal distribution of 

aerosols on a continental scale”. This network consists of 28 Raman and advanced 

lidar stations, distributed across Europe. The lidar systems of this network are not 

standard, and therefore a complex quality assurance program is followed to ensure 

the quality of the data [Pappalardo, 2014]. 

One of the main limitations of lidar networks is the cost, high complexity, and 

maintenance requirements of the systems. Therefore, its presence in remote regions 

or less developed countries is scarce. Regarding networks based on the 

measurements of other instruments, we can find widespread ones like the Aerosol 

Robotic Network (AERONET, http://aeronet.gsfc.nasa.gov/), based on the 

measurements from a standardized photometer, the CE318 model manufactured by 

CIMEL Electronique. AERONET provides a long term and continuous database of 

aerosol column-integrated properties, like the aerosol optical depth at different 

wavelengths. The data is available in three quality levels, depending on the 

instrument performance and on whether the data has been cloud-screened [Holben, 

2001].  

http://ndacc-lidar.org/
https://www.earlinet.org/
http://aeronet.gsfc.nasa.gov/
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2.2 Basic operation of a lidar system 

The typical lidar system consists of two main parts: an emission module that 

contains the pulse laser and the emission optics; and a detection module with one or 

several telescopes, the receiving optics and the detectors. Both modules are usually 

connected to a controller board that sends the measured signal to a computer. A 

diagram of a basic lidar system is shown in Fig. 2.1.  

 

Fig. 2.1 Diagram of a biaxial lidar system. In the top-right corner we show the 

inverse of a typical overlap function. 

The operation sequence of a lidar system is the following: 1) The system laser emits 

a light pulse. 2) The controller records the time the pulse has been fired. This 

information is sent to the controller by the laser or by an external device. 3) In some 

lidar systems the laser light is expanded and collimated by a series of optical 

devices. 4) The laser pulse is emitted to the atmosphere. 5) At a distance r from the 

lidar, a certain amount of photons are backscattered by the atmospheric molecules 

and aerosols. 6) Part of the backscattered light reaches the receiving telescope a 

time 𝑡 =  2𝑟 𝑐⁄  after the pulse emission, being  𝑐 the speed of light in the 

atmosphere. 7) If the backscatter event occurs within the telescope field of view 

(FOV), the incoming light is directed to the detection optics. 8) A series of optical 
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devices split and discriminates the backscattered light depending on its wavelength 

and/or polarization state before directing it into the detectors. 9) The incoming light 

is turned into an electric signal by the detectors. This signal is sent to the controller, 

which records it. 10) The signal profiles are sent to an external computer, where 

they are saved.  

2.2.1 Emission module 
The main part of the emission module is the pulsed laser. A common type of lasers 

used for lidar application are the “Q-switched” lasers, which are able to emit very 

short pulses, generally lower than the sampling time of the system. The rate and 

energy of the laser pulses can have a wide range of values depending on the type of 

lidar: while the CL31 ceilometer by Vaisala have a pulse energy of 1.2 μJ and a 

repetition rate of 10 kHz, advanced systems like the LR111-D300 by Raymetrics 

use a pulse energy greater than 30 mJ at a 20 Hz rate 

(http://www.raymetrics.com/raman-depol-specs). 

Regarding their spectral interval, the lidar systems used for the study of aerosols 

usually emit light at wavelengths within or close to the visible spectrum. Three of 

the most common wavelengths are 1064 nm, 532 nm and 355 nm, which 

correspond to the first, second and third harmonic of the Nd:YAG lasers, one of the 

most used models. Finally, in some lidar systems, the laser light is expanded and 

collimated before being emitted to the atmosphere. This is usually done to reduce 

the power density of the emitted light, which is necessary to comply with the eye-

safe regulations. 

2.2.2 Detection module 
The light backscattered in the atmosphere is collected by the receiving telescope. 

As we show in Fig. 2.1, in the lower ranges the laser beam does not lie completely 

within the telescope field of view (FOV). Therefore, below full signal overlap the 

light arriving to the detection module is lower than it should be under normal 

conditions. This optical limitation can be corrected using the so-called overlap 

function, which can be determined by different empirical methods [e.g. Berkoff, 

2003; Wandinger, 2002b]. Although in principle using a wider FOV would lead to 

a lower full overlap distance, it would also increase the amount of background light 

arriving to the system. This, in turn, would result in a lower signal to noise ratio 

during daytime measurements. In order to deal with this issue, some advanced lidar 

systems use two or more receiving telescopes to cover all the atmospheric profile: 
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wide-FOV telescopes for the lower altitudes, and narrow-FOV telescopes for the 

higher altitudes.  

After being collected by the receiving telescope, the incoming light is directed to 

the detectors. Usually, the light is divided into different wavelengths by dichroic 

mirrors and into different polarization states by polarizing beam splitters (Fig. 2.2). 

Also, neutral density filters can be added to reduce the light arriving to a certain 

channel and thus avoid the saturation of the detectors. Finally, the light passes 

through bandpass interference filters, so that only light from the desired wavelength 

arrives to the detectors. In the elastic channels, the spectral properties of these 

filters will determine the amount of backscattered radiation arriving from the 

Cabannes and the pure rotational Raman lines to the elastic channels, and therefore, 

the expected molecular backscatter and depolarization ratio.  

 

Fig. 2.2 Diagram of a polychromator: wavelength and polarization 

discrimination system. DM: dichroic mirror; PBS: polarizing beam splitter; BPF: 

Bandpass filter; NDF: neutral density filter. 

Two kinds of detectors are generally used for lidar applications: photomultiplier 

tubes (PMT) and the avalanche photodiodes (APD). These detectors transform 

photons into electric charge carriers (electrons in the case of PMTs and electron-

hole pairs in APDs) and then, they multiply these charge carriers so that we can get 

a noticeable electric signal. The main difference between both types of detectors is 

the multiplication process.  
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The PMTs consist of a vacuum tube with a photocathode in one of its ends (Fig. 

2.3). When a photon arrives to the photocathode, an electron is emitted inside the 

PMT. This electron is directed towards a dynode, where the electron-dynode 

interaction results in the emission of secondary electrons. Similarly, these 

secondary electrons are directed to another dynode leading to the production of new 

electrons. This multiplication process is repeated until the end of the dynode chain 

where the electrons reach the anode. This kind of detectors is commonly used for 

UV and visible light.  

 

Fig. 2.3 Diagram of a photomultiplier tube (PMT), based on Fig. 2-1 of 

Hamamatsu [2007]. 

Regarding the APDs, these diodes are formed by an n layer, with negative charge, 

and several p layers, with positive charge, with different doping levels connected in 

reverse bias (Fig. 2.4). When a photon reaches the absorption zone of the APD, an 

electron-hole pair can be created. The electric field within the APD directs the 

electrons towards the n layer. Under the strong electric field, the energy of the 

transported electrons is such that they can produce new electron-hole pairs through 

impact ionization. Similarly, these new electrons-hole pairs will create new pairs 

under the strong electric field. APDs are used to detect light in the visible and near-

infrared spectrum. 

Both APDs and PMTs can be operated analog or/and photon-counting mode.  In 

analog mode the electric signal of the detectors is digitized and saved. This electric 

signal is the sum of different contributions: the signal generated by incoming 

photons, the dark current caused mainly by spontaneous thermal emission within 

the detector, and the dark signal (coupled to the laser emission) due to limitations in 
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the detection system. These dark components of the signal can be measured and 

subtracted from the total signal when the photon rate is high enough. However, 

when the photon rate is low, the noise associated to the dark signals can mask the 

atmospheric signal and thus the analog mode is no longer suitable. For these low 

photon rates we need to use the photon-counting (PC) mode. In PC mode the signal 

produced by a single photon is analyzed by a discriminator: if the signal is greater 

than a certain threshold, the photon is counted. The value of this threshold is set so 

that the dark signals (with lower amplitude than the atmospheric signal) are not 

summed to the total signal. This way the signal noise associated to the dark signals 

is avoided, which results in an improvement of the signal-to-noise ratio. The main 

drawback of this mode is that, when a photon is detected, the detector remains 

blinded during a certain period of time called dead time. If a photon arrives to the 

detector within this dead time, it will not be counted. Although this effect can be 

corrected, this correction is only linear up to a certain photon rate. A more detailed 

explanation of the operation modes and their associated corrections is presented in 

chapter 4. 

 

Fig. 2.4 Diagram of a typical avalanche photodiode (APD). In the bottom we 

show the electric field within the APD. 
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2.3 Lidar equations 

The total signal measured by a lidar detector at a wavelength 𝜆𝑟 can be written as 

the sum of three terms
*
: 

𝑃𝑡𝑜𝑡(𝑟, 𝜆𝑒 , 𝜆𝑟) =   𝑃(𝑟, 𝜆𝑒 , 𝜆𝑟) + 𝑃𝑏𝑔(𝜆𝑟) + 𝑃𝑒𝑏(𝑟) (2.1) 

 

where 𝑃(𝑟, 𝜆𝑒 , 𝜆𝑟) is the signal corresponding to the laser light of wavelength 𝜆𝑒 

backscattered by the atmosphere at 𝜆𝑟 from a distance 𝑟†; 𝑃𝑏𝑔(𝜆) is the atmospheric 

background signal, especially important during daytime measurements due to 

scattered solar radiation; and 𝑃𝑒𝑏(𝑟) is the electronic background signal caused by 

detector limitations (dark current, dark signal, afterpulse signal, etc.). In this section 

we will focus on the first term, 𝑃(𝑟, 𝜆𝑒 , 𝜆𝑟), since it is the one that will allow us to 

retrieve physical parameters such as the aerosol backscatter, extinction, and 

depolarization properties. The unwanted signals, 𝑃𝑏𝑔(𝜆𝑟) and 𝑃𝑒𝑏(𝑟), and the 

methods needed to remove them are analyzed in chapter 4 (RMAN-510) and 

chapter 7 (CL51).  

2.3.1 Elastic lidar equation 
The backscattered signal measured by an elastic channel is equal to [e.g. 

Wandinger, 2005a]: 

𝑃(𝑟, 𝜆) = 𝑂(𝑟)
𝐶

𝑟2
 [𝛽𝑚(𝑟, 𝜆) + 𝛽𝑎(𝑟, 𝜆)] · 

· exp {−2∫ [𝜎𝑚(𝑟′, 𝜆) + 𝜎𝑎(𝑟
′, 𝜆)]𝑑𝑟′

𝑟

0

} 

(2.2) 

 

where 𝜆 is both the emission and detection wavelength, 𝐶 is the calibration constant 

of the detection channel, 𝛽 are the backscatter coefficients, 𝜎 are the extinction 

coefficients and the subscripts 𝑚 and 𝑎 stand, respectively, for molecule and 

aerosol contributions. The overlap function, 𝑂(𝑟), accounts for the optical 

limitation already described in section 2.2.  

                                                           

*
 The dead time correction is not considered in this section 

†
 In this thesis the letter 𝑟 will be used to indicate the range or distance from the 

lidar. The altitude above surface will be indicated with the letter ℎ. 
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As we can see in Eq. 2.2, the received backscattered signal is divided by 𝑟2. This 

geometrical factor leads to a sharp decrease of the signal with altitude, and also 

causes the lidar signal to spread through several orders of magnitude. In order to 

retrieve physical properties from the lidar signal it is usually more practical to work 

with the so called range corrected signal (RCS):  

𝑃𝑟2(𝑟, 𝜆) = 𝑂(𝑟)𝐶 [𝛽𝑚(𝑟, 𝜆) + 𝛽𝑎(𝑟, 𝜆)] · 

· exp {−2∫ [𝜎𝑚(𝑟′, 𝜆) + 𝜎𝑎(𝑟′, 𝜆)]𝑑𝑟′
𝑟

0

} 
(2.3) 

 

To obtain the RCS it is critical to properly remove 𝑃𝑏𝑔 and 𝑃𝑒𝑏 before multiplying 

by 𝑟2. If these unwanted signals are not precisely estimated, their distortion 

becomes amplified in the upper ranges. 

2.3.2 Raman lidar equation 
The Raman channels measure the laser light backscattered by atmospheric diatomic 

molecules (N2 or O2) in the roto-vibrational wavelengths (see Fig. 1.5). In this case 

there is no backscattered light by the aerosols, and since the wavelength of the 

emitted and received signal is different, the resulting equation differs from the 

elastic one [e.g. Wandinger, 2005b]: 

𝑃(𝑟, 𝜆𝑅) = 𝑂(𝑟)
𝐶𝑅

𝑟2

𝑑𝑄(𝜆, 𝜆𝑅)

𝑑𝛺
|
𝜋

𝑁(𝑟) · 

· exp {−∫ [𝜎𝑚(𝑟′, 𝜆) + 𝜎𝑎(𝑟′, 𝜆) + 𝜎𝑚(𝑟′, 𝜆𝑅) + 𝜎𝑎(𝑟′, 𝜆𝑅)]𝑑𝑟′
𝑟

0

} 

(2.4) 

 

In this equation 𝜆 and 𝜆𝑅 are, respectively, the emission and detection wavelengths; 

𝑁(𝑟) is the molecule number density; and 
𝑑𝑄(𝜆,𝜆𝑅)

𝑑𝛺
|
𝜋

 is the backscattering 

differential cross section per molecule at 𝜆𝑅 for an incident light of wavelength 𝜆, 

and is approximately constant with range. This cross section is several orders of 

magnitude lower than the elastic cross section, leading to a much weaker signal in 

the Raman channel [Wandinger, 2005b]. This is the reason why most Raman 

channels cannot measure during daytime.  

Recalling Ångström’s law, we can write 𝜎𝑚(𝑟′, 𝜆𝑅) as: 

𝜎𝑎(𝑟′, 𝜆𝑅) = 𝜎𝑎(𝑟′, 𝜆)(𝜆𝑅 𝜆⁄ ) −𝛾(𝑟) (2.5) 
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If we define 𝜂(𝑟) =  (𝜆𝑅 𝜆⁄ ) −𝛾(𝑟), then we can write the Raman RCS as: 

𝑃𝑟2(𝑟, 𝜆𝑅) = 𝑂(𝑟)𝐶′
𝑅𝑁(𝑟) · 

· exp {−∫ [𝜎𝑚(𝑟′, 𝜆) + 𝜎𝑚(𝑟′, 𝜆𝑅) + (1 + 𝜂(𝑟′))𝜎𝑎(𝑟′, 𝜆)]𝑑𝑟′
𝑟

0

} 
(2.6) 

 

where 𝐶′
𝑅 is equal to 𝐶𝑅 ×

𝑑𝑄(𝜆,𝜆𝑅)

𝑑𝛺
|
𝜋

. 

2.3.3 Elastic polarized lidar equation 
The signal arriving to the elastic polarized channels can be written as: 

𝑃𝑥(𝑟, 𝜆) = 𝑂(𝑟)
𝐶𝑥

𝑟2
 [𝛽𝑚,𝑥(𝑟, 𝜆) + 𝛽𝑎,𝑥(𝑟, 𝜆)] · 

· exp {−2∫ [𝜎𝑚(𝑟′, 𝜆) + 𝜎𝑎(𝑟′, 𝜆)]𝑑𝑟′
𝑟

0

} 

(2.7) 

 

where 𝑥 indicates the polarization with respect the emission: parallel (p) or 

perpendicular (s). We can see that, while 𝛽 depends on the detector’s polarization, 

the values of 𝜎 are the same for both channels. This is because molecules and 

aerosols are randomly oriented in the atmosphere and thus their extinction effect is 

the same for any polarization. The backscatter coefficients in Eq. 2.7 are related to 

the total backscatter as: 

𝛽𝑎(𝑟, 𝜆) =  [𝛽𝑎,𝑝(𝑟, 𝜆) + 𝛽𝑎,𝑠(𝑟, 𝜆)] 

𝛽𝑚(𝑟, 𝜆) =  [𝛽𝑚,𝑝(𝑟, 𝜆) + 𝛽𝑚,𝑠(𝑟, 𝜆)] 

 

(2.8) 

This means that if we want to obtain the total elastic signal from the polarized 

channels, we need to sum them. However, the calibration constant of each channel, 

𝐶𝑥, is not the same and thus a previous calibration has to be made (see section 6.2). 

2.4 Signal inversion 

In this section we briefly describe the main methods used for the retrieval of aerosol 

optical properties from the lidar signal. 
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2.4.1 Optical parameters from elastic signal  
The most common method for the inversion of elastic lidar data is the so-called 

Klett-Fernald-Sasano (KFS) method [Klett, 1981, 1985; Fernald, 1984; Sasano, 

1984]. In order to apply this method we need a reference value of total backscatter, 

𝛽𝑅, at a certain range from the lidar system, 𝑅. Using this reference value, the 

aerosol backscatter profile below 𝑅 can be estimated with the so-called backward 

solution: 

 

𝛽𝑎(𝑟, 𝜆) + 𝛽𝑚(𝑟, 𝜆) = 

= 
𝛽𝑅  𝑃𝑟2(𝑟, 𝜆)𝑋(𝑟, 𝑅)

𝑃𝑟2(𝑅, 𝜆) + 2𝛽𝑅 ∫ 𝑆𝑎(𝑟
′, 𝜆)𝑃𝑟2(𝑟′, 𝜆)

𝑅

𝑟
𝑋(𝑟′, 𝑅)𝑑𝑟′

 (2.9) 

 

𝑋(𝑟, 𝑅) = exp {−2∫ [𝑆𝑚(𝜆) − 𝑆𝑎(𝑟
′, 𝜆)]

𝑅

𝑟

𝛽𝑚(𝑟′, 𝜆)𝑑𝑟′} 
(2.10) 

 

where 𝑆𝑚 is the molecular lidar ratio, which can be calculated from Eq. 1.10, and  

𝑆𝑎 is the aerosol lidar ratio that is range-dependent. The aerosol backscatter profile 

above 𝑅 is given by the forward solution:  

𝛽𝑎(𝑟, 𝜆) + 𝛽𝑚(𝑟, 𝜆) = 

= 
𝛽𝑅  𝑃𝑟2(𝑟, 𝜆)𝑋(𝑟, 𝑅)

𝑃𝑟2(𝑅, 𝜆) − 2𝛽𝑅 ∫ 𝑆𝑎(𝑟
′, 𝜆)𝑃𝑟2(𝑟′, 𝜆)

𝑟

𝑅
𝑋(𝑟′, 𝑅)𝑑𝑟′

 
(2.11) 

 

𝑋(𝑟, 𝑅) = exp {2∫ [𝑆𝑚(𝜆) − 𝑆𝑎(𝑟
′, 𝜆)]

𝑟

𝑅

𝛽𝑚(𝑟′, 𝜆)𝑑𝑟′} 
(2.12) 

 

Usually, the value of 𝛽𝑅 is taken at an altitude where 𝛽𝑎 is negligible. Thus, its 

value can be approximated to 𝛽𝑚, which can be predicted with good accuracy using 

atmospheric models. This way the whole 𝛽𝑎 profile can be retrieved with the 

backward solution. One of the main advantages of this method is that we do not 
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need to know the calibration constant of the elastic channels. However, the signal-

to-noise ratio decreases with altitude. As a result, the higher the altitude reached by 

aerosols, the higher the uncertainties in the term 𝑃𝑟2(𝑅, 𝜆) and therefore in the 

retrievals. 

The main drawback of the KFS method is that we need to have a priori knowledge 

about the lidar ratio profile. This information, however, is not usually available and 

some assumptions have to be made. A common practice is to assume a constant 

lidar ratio in the whole atmosphere and select its value so that the retrieved AOD 

meets the value measured by collocated photometers. Although this technique leads 

to suitable backscatter profiles, great errors can be made in the estimation of the 

aerosol extinction profile when the actual lidar ratio profile differs from a constant 

value [Ansmann, 1992]. Different variations of this method have been developed to 

improve the retrieved results, like using typical lidar ratios within the boundary 

layer [Córdoba-Jabonero, 2011]. Also, the lidar ratio profile can be derived from an 

aerosol classification. This is for example the method used by the algorithms of the 

spaceborne CALIOP lidar, which make an aerosol classification based on the 

geographical region, height, signal depolarization, color ratio and signal intensity 

and assigns a certain lidar ratio value to each aerosol type [Omar, 2009].  

2.4.2 Optical parameters from Raman signal 
The Raman channel signal can be used to retrieve the aerosol optical depth and 

extinction profiles without the necessity of previous assumptions about the lidar 

ratio profile [Ansmann, 1990]. From Eq. 2.6 the aerosol optical depth between two 

points, 𝑟0 and 𝑟1, can be calculated as: 

𝐴𝑂𝐷(𝑟0, 𝑟1, 𝜆) = 

= 
1

(1 + 𝜂(𝑟))
 ln {

𝑁(𝑟1)𝑇𝑚(𝑟1, 𝜆)𝑇𝑚(𝑟1, 𝜆𝑅)𝑃𝑟2(𝑟0, 𝜆𝑅)

𝑁(𝑟0)𝑇𝑚(𝑟0, 𝜆)𝑇𝑚(𝑟0, 𝜆𝑅)𝑃𝑟2(𝑟1, 𝜆𝑅)
} 

(2.13) 

 

where 𝑁(𝑟) is the molecular number density at 𝑟, and 𝑇𝑚(𝑟, 𝜆) is the one-way 

molecular transmittance between surface and 𝑟. Likewise, Eq. 2.6 allows us to 

estimate de aerosol extinction coefficients: 

𝜎𝑎(𝑟, 𝜆) = 
(2.14) 
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=
1

1 + 𝜂(𝑟)
 [
𝑑(𝑙𝑜𝑔[𝑁(𝑟) 𝑃𝑟2(𝑟, 𝜆𝑅)⁄ ])

𝑑𝑟
− 𝜎𝑚(𝑟, 𝜆) − 𝜎𝑚(𝑟, 𝜆𝑅)] 

 

As we can see in Eq. 2.14, in order to retrieve the aerosol extinction coefficients we 

need to numerically solve the derivative of the Raman RCS with respect to the 

range. However, this numerical derivative is an ill-posed problem: changes in the 

signal due to signal noise may result in significant different results in the derivative 

[Shcherbakov, 2007]. A detailed description on how we overcome this issue is 

presented in section 8.3.  

Generally, a constant 𝛾 (and thus a constant 𝜂) is used for the Raman signal 

inversion. The error associated to this assumption is limited by the fact that the ratio 

𝜆𝑅 𝜆⁄  is close to one: deviations of 0.5 in 𝛾 can lead to errors in the inversion 

around 5 % [Ansmann, 2005]. With the assumption of a constant 𝛾, the aerosol 

backscatter profile can be estimated from Eq. 2.3 and Eq. 2.6 as: 

𝛽𝑎(𝑟, 𝜆) + 𝛽𝑚(𝑟, 𝜆) =  [𝛽𝑚(𝑟𝑟𝑒𝑓 , 𝜆) + 𝛽𝑎(𝑟𝑟𝑒𝑓 , 𝜆)] · 

 

·
𝑃𝑟2(𝑟, 𝜆)

𝑃𝑟2(𝑟𝑟𝑒𝑓 , 𝜆)
[

𝑃𝑟2(𝑟𝑟𝑒𝑓 , 𝜆𝑅) 𝑁(𝑟) 𝑇𝑚(𝑟, 𝜆𝑅)

𝑃𝑟2(𝑟, 𝜆𝑅) 𝑁(𝑟𝑟𝑒𝑓) 𝑇𝑚(𝑟𝑟𝑒𝑓 , 𝜆𝑅)
]

2
1+𝜂

[
𝑇𝑚(𝑟𝑟𝑒𝑓 , 𝜆)

𝑇𝑚(𝑟, 𝜆)
]

2𝜂
1+𝜂

  

(2.15) 

 

where 𝑟𝑟𝑒𝑓  is a reference altitude such that 𝛽𝑎(𝑟𝑟𝑒𝑓 , 𝜆) is known (usually an 

elevated altitude where 𝛽𝑚 dominates over 𝛽𝑎) and 𝑇𝑚(𝑟, 𝜆𝑥) is the molecular 

transmittance between the surface and 𝑟.  

2.4.3 Optical parameters from polarized elastic signal 
The main parameter we can obtain from the polarized elastic channels is the aerosol 

linear depolarization ratio, 𝛿𝑎. As we already saw in Eq. 1.32, in order to retrieve 

𝛿𝑎 we first need to estimate the molecular linear depolarization ratio, 𝛿𝑚, the total-

to-molecular backscatter ratio, 𝑅, and the volume linear depolarization ratio, 𝛿, all 

of them defined in section 1.4.2. In principle, this last term can be calculated as: 

𝛿(𝑟, 𝜆) =
𝛽𝑎,𝑠(𝑟, 𝜆) + 𝛽𝑚,𝑠(𝑟, 𝜆)

𝛽𝑎,𝑝(𝑟, 𝜆) + 𝛽𝑚,𝑝(𝑟, 𝜆)
=

𝐶𝑠

𝐶𝑝

 
𝑃𝑠(𝑟, 𝜆)

𝑃𝑝(𝑟, 𝜆)
 

(2.16) 
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where the ratio 𝐶𝑠 𝐶𝑝⁄  is known as the polarization calibration constant and has to 

be determined. However, this last equation is incomplete, as it does not include the 

missalignment and diattenuation effects of the lidar optics that have to be taken into 

account [Bravo-Aranda, 2014]. The derivation of the complete equation is 

presented in section 6.2.  
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3. Instrumentation and datasets 
In this chapter we present the research station of Burjassot and the main 

instruments used in this thesis. We also describe the available meteorological 

data and the processes used to estimate the molecular optical properties. Finally 

we describe the datasets and analyze their availability. 
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3.1 Burjassot aerosol research station 

The aerosol research station of Burjassot (Spain) is managed by the Solar Radiation 

Group of the University of Valencia (GRSUV). The station is located at 39.51
o
 N, 

0.42
o
 W; 40 meters above sea level, and 8.5 kilometers far from the Mediterranean 

sea (Fig. 3.1). The surroundings are mainly flat, and the closest mountain ranges are 

Sierra Calderona, 18 km North from Burjassot with a maximum altitude of 900 m 

(Pico del Gorgo: 39.74N, 0.50W); and the transition range previous to the Iberian 

Central Plateau, 30 km West from Burjassot, with a maximum altitude of 1118 m 

(Pico de la Nevera: 39.42N, 0.91W). The climate in Burjassot is typical 

Mediterranean, with mean relative humidity values over 60% for most of the year 

[AEMET, 2016]. Due to the location of the station, within the metropolitan area of 

Valencia (more than 1.5 million inhabitants by 2011 [València, 2011]) and next to 

one of the main highways of Valencia, the aerosol concentration measured at 

surface level is directly related to the road traffic and the evolution of the boundary 

layer [Esteve, 2010; Marcos, 2014; Segura, 2016]. 

The aerosol research station of Burjassot is equipped with several in-situ 

instruments: an Aethalometer and a multi-angle absorption photometer (MAAP), 

for the estimation of the aerosol absorption coefficients; a nephelometer, for the 

retrieval of aerosol scattering properties; and an aerodynamic particle sizer (APS), 

for the determination of the aerosol size distribution. In the following subsections 

we describe the main instruments that will be used in this work: the RMAN-510 

lidar, the CL51 ceilometer, and the CE318 fotometer. 

3.2 RMAN-510 Lidar 

The RMAN-510 lidar, manufactured by Leosphere, is the main instrument of active 

remote sensing in the research station of Burjassot. The lidar has three detection 

channels:  two elastic channels at 355 nm with, respectively, parallel and cross 

polarization with respect the emission, and one Raman channel at 387 nm centered 

in the roto-vibrational band of the N2 molecules. The lidar was designed to meet the 

eye-safe regulations (IEC/EN 60825-1 / ANSI-Z136.1-2007) so that it could 

perform unattended outdoor measurements in a continuous way. As far as we know, 

the RMAN510 is the only commercial system of this kind equipped with a Raman 

channel.  
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Fig. 3.1 Location of the aerosol research station of Burjassot. a) Zoom to the 

surroundings of the station, where the CV-35 highway is marked with a yellow 

dashed line. b) General view of the metropolitan area of Valencia, circled with a 

yellow dashed line. Image source: Google Earth. 

3.2.1 RMAN-510 hardware 

Lidar container 

All the optics and electronics of the system are located within a weatherproof 

thermally-insulated shield with dimensions 115×80×65 cm
3
 (Fig. 3.2). The 

temperature of the instrument is regulated by an air conditioning (A/C) system 

located in one of the sides of the shield. This A/C system is programmed to 

maintain a constant temperature of 22
o
C within the shield. The humidity within the 

system is controlled by a silica gel desiccant canister, which has to be reactivated 

when the relative humidity within the system exceeds 50%. The inner temperature, 
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relative humidity, and dew point of the system is real-time monitored by an EL-

USB-RT sensor by Lascar connected to the system’s computer via USB. This way, 

the system can operate outdoors. 

The upper part of the shield has a rectangular window to allow the emission and 

reception of light. This window covers both the emission optics and the whole 

receiving telescope and can be manually covered when the system is not operating. 

In order to avoid the accumulation of water on the window, the system also has an 

air blower. At the bottom, the shield is equipped with four wheels to facilitate its 

transportation. Also, the shield has four extensible legs to stabilize the system 

during its operation. The length of the legs is manually regulated so that the system 

measures with a tilt of 4
o
 towards the North with respect to the zenith. This tilt is 

applied for three reasons: 1) to avoid direct sunlight to get into the receiving 

module during days close to the summer solstice; 2) to help the water removal from 

the upper window; and 3) to reduce specular reflection from ice clouds. The system 

is supplied with two power cables, one of them connected to the A/C system and 

the other one to a power source that supplies the laser, the detectors and the system 

electronics. Finally, the system internal computer is connected to the internet with a 

network cable.  

 

Fig. 3.2 Picture of the RMAN510 Micro-Lidar on the measuring station of 

Burjassot. 
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Lidar optics 

The main part of the emission optics is a Titan AC 50 laser manufactured by IB-

laser. The Titan AC is a diode-pumped Q-switched Nd:YAG laser that emits 

linearly-polarized 10 ns-long pulses with a repetition rate of 100 Hz. The laser 

model used by the RMAN510 lidar is set to emit pulses at 355 nm with nominal 

pulse energy of 2 mJ and polarization purity better than 5·10
-5

. The light pulses are 

mitted with a diameter of 1.5 mm and a divergence of 2.6 mrad. After being 

expanded by the emission optics, the beam sent to the atmosphere has a diameter of 

25.5 mm and a divergence lower than 0.25 mrad. This way the energy density of 

the emitted signal meets the eye-safe regulations and the lidar system can measure 

in an unattended way. According to the manufacturer, the beam expansion is 

performed by means of lenses, although no further information is given at this 

regard. 

The light backscattered by the atmosphere components is collected by a 146 mm-

diameter Galilean telescope with a field of view narrower than 3 mrad, according to 

the manufacturer.  The emission and detection telescope axis are separated by 110 

mm, which leads to a full overlap altitude around 450 m. After being collected, the 

light is directed to the three detection channels. The optical elements used for 

wavelength and polarization discrimination, like dichroic mirrors or polarizing 

beam splitter (PBS) cubes, are not specified by Leosphere. Until this information is 

known, for practical purposes we will assume a generic setup like the one shown in 

Fig. 2.2. Before getting to each detector, the light passes through a neutral density 

filter to avoid the saturation of the detectors (only elastic channels), and a bandpass 

filter to select only the desired wavelength. The optical depth of the neutral density 

filters are 1.646 for the elastic parallel channel, and 0.5 for the elastic perpendicular 

channel. Regarding the optical bandpass filters, all of them have a spectral 

bandwidth of 0.3 nm. 

System detectors and electronics 

The detectors used by the RMAN510 lidar are Hamamatsu H10721P-110 photo-

sensor modules. These photo-sensors contain a PMT and a high-voltage power 

supply circuit. The PMT can work in both photon-counting (PC) and analog mode. 

The system is designed in such way that the PC mode is generally suitable for 

medium and high ranges, where the backscattered signal does not saturate the 

detector; while the analog mode can be used for lower altitudes, where the effect of 

the dark current and dark signal is lower compared to the backscattered signal. This 
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way, the PC and analog signals can be glued to get the whole profile. A deeper 

analysis of the PC and analog modes is made in chapter 4. 

The detectors, the laser and the lidar computer are all connected to a SALA 

acquisition card, manufactured by Leosphere, which digitalizes the signal coming 

from the detectors, and synchronizes the detection to the laser emission. In order to 

process the high rate of data the SALA card uses a field-programmable gate array 

(FPGA) for each detection channel. Finally, the RMAN510 has an internal 

computer which allows the user to control the lidar and also stores the data sent by 

the SALA card. 

3.2.2 Data format  
The measurements of the RMAN-510 system are saved in level-0 and level-1 data 

files.  The level-0 files, provided in ASCII format, include the measured signals in 

the different channels (parallel, cross-polarized, and Raman) and detection modes 

(analog and photon-counting), averaged for 30 seconds (3000 laser shots). The 

photon-counting signals are already corrected by dead time (see section 4.3.2). All 

profiles contain 3076 bins with a vertical resolution of 7.5 m. Within these 3076-

bin profiles we can find the measurements in both the pre-trigger range (before the 

laser emission) and post-trigger range (after the emission). The level-0 data files 

also provide measurements of the dark signals that are automatically performed by 

the lidar system. The files corresponding to these dark signal measurements are the 

first of every 10-file group (see section 4.2.2).  

The level-1 data files are saved in ASCII and NetCDF format, and correspond to 

the same measurements as in level-0 files. These files contain, amongst other 

ancillary data, the glued signals for every channel corrected by background, dark 

signals, zero-bin (section 4.2.1) and bin-shift (section 4.3.1) by the automatic 

algorithms of the system. The range-corrected glued signal is also available. In this 

case the data is provided in 1426-bin profiles with a vertical resolution of 15 m. A 

comparison between the type of data available in level-0 and level-1 files is shown 

in Table 3.1. Similarly as for level-0 data, a .mat file is created for every level-1 

measurement. Since some of the pre-processing algorithms applied to the level-1 

data are unknown, only level-0 data will be used for the retrieval of physical 

parameters. 
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Table 3.1 Comparison between Level-0 and Level-1 files from the RMAN-510 

 
Data files 

 
Level-0 Level-1 

Format ASCII ASCII and NetCDF 

Time resolution 30 s 30 s 

Vertical resolution 7.5 m 15 m 

Detection modes PC and analog Glued 

Signal correction Dead Time (PC) 
Dead Time, Background, Zero-

Bin, Dark Signals, Bin-Shift 

Dark signal meas. Yes No 

Pre-trigger meas. Yes No 

Max. range 21422.5 m 21390 m 

 

3.3 CL51 Ceilometer 

The main advantage of the CL51, manufactured by Vaissala [Vaisala, 2010], is its 

operability: since July 2013 it has been operating continuously, only stopping 

during power cuts due to maintenance. Because of this, the CL51 has been 

providing a valuable time series of aerosol profiles, even though its primary 

objective is to monitor the cloud cover. 

3.3.1 CL51 hardware 
The CL51 has an external shield used to protect the instrument. This shield is fixed 

to the ground with an off-nadir tilt of 12
o
 towards the North. Within the shield we 

can find a box that contains all the electronics and optics of the instrument (Fig. 

3.3). The upper part of this box is covered by a tilted glass that allows the radiation 

to be emitted and received by the CL51. This upper part of the box is also equipped 

with an air blower to remove the water off the glass in case of rain or condensation. 

The temperature inside the box is regulated by an internal heater.  
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Fig. 3.3 Picture of the CL51 ceilometer on the measuring station of Burjassot.The 

door of the outer shield is open so that we can see the emitting window. 

Unlike the RMAN-510, the CL51 is a co-axial lidar, i.e., the system uses the same 

telescope to expand and to detect the signal. The advantage of this configuration is 

that the alignment of the emission and detection is assured. The laser source used 

by the Vaisala CL51 is an InGaAs diode laser, which emits 110 ns-long pulses at 

910±10 nm with a repetition rate of 6.5 kHz. The pulses have a nominal energy of 

3μJ and a divergence of ±0.15 × ±0.25 mrad according to the manufacturer. The 

pulses are sent to the atmosphere through a telescope with a focal length of 450 

mm, and a lens diameter of 148 mm. The backscattered light is received by the 

same telescope and directed to an optical interference filter with a typical center 

wavelength of 915 nm and a 50 % pass band of 36 nm. After the interference filter, 

the light gets to the silicon APD, which has a surface diameter of 0.5 mm. The 

configuration of the detection elements leads to a detection field of view of±0.56 

mrad and an overlap altitude around 200 m (see section 7.2). More details about the 

system characteristics can be found in Vaisala [2010]. 

3.2.2 CL51 data format 
The CL51 system creates an ASCII data file every six hours. Each file contains 

information about the instrument (vertical resolution, length of the profile, laser 
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pulse energy, laser temperature, window transmission, tilt angle…);  the measuring 

status, reporting any issue that might be affecting the measurements; the cloud 

cover at each altitude, retrieved with the sky condition algorithm [Vaisala, 2016]; 

and the measured signal, corrected by range and atmospheric background, but not 

by dark signals or tilt angle. The system has been configured to create one data 

message every minute. More details about the data format can be found at Vaisala 

[2010].  

3.4 CIMEL CE318 photometer 

The CE318 photometer (Fig. 3.4), manufactured by CIMEL Electronique, is the 

instrument used by the Aerosol Robotic Network (AERONET), one of the most 

widespread aerosol research networks in the world. This passive remote sensing 

instrument measures the direct solar radiation to retrieve column-integrated aerosol 

properties like the AOD and the Ångström exponent. Also, the CE318 measures the 

sky radiance, which can be used to retrieve other aerosol properties (see section 

2.1). In the next subsections we offer a brief description of the CE318 system. For 

more details, see Estellés [2006]. 

3.4.1 CE318 hardware 
The main element of the CE319 is its sensor head, which contains the optics and 

detectors of the system. The sensor head uses a couple of 1.2
o
 FOV collimators to 

direct the incoming light to the detectors. After the light is collimated it passes 

through an optical bandpass interference filter. In order to measure radiation at 

different wavelengths, the sensor head has a wheel equipped with up to nine 

different filters. The system in the station of Burjassot has eight filters at 

wavelengths 340, 380, 440, 500, 675, 870, 1020, 1640 nm.  The filtered light finally 

gets into the silicon APD detector (up to 1020 nm) or an InGaAs photodetector 

(1610 nm). Although the temperature within the sensor head is not regulated, it is 

measured and recorded so that its effects can be compensated later with signal 

processing. 

The sensor head is fixed to a robotic arm. This arm controls the zenith and azimuth 

angles of the sensor head so that it can point directly to the sun. In order to find the 

position of the sun in the sky, the CE318 follows a two-step process. First the 

system looks for the sun in its expected location, estimated from the coordinates, 

the hour, and the date of the measurement. Then the system scans the surroundings 
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of the expected position with a fine adjustment sensor to find the precise position of 

the sun in the sky.  

 

Fig. 3.4 Picture of the CE318 photometer on the measuring station of Burjassot.  

3.4.2 CE318 data format 
The acquired data are automatically transferred to an indoor computer. The data are 

sent to AERONET, which process it and uploads the retrievals to its website
*
. The 

retrievals are given in three different quality levels: level-1.0, unscreened data; 

level-1.5, cloud-screened data
†
; and level-2.0, quality-assured data

‡
. The AOD data 

is delivered by AERONET in ASCII format. Under normal operation, AOD data is 

available with a time resolution of 15 minutes, although this can change under 

calibration measurements or during cloudy days. 

3.5 Meteorological data  

3.5.1 Temperature and pressure profiles 
As we saw in section 2.4, in order to retrieve the aerosol backscatter and extinction 

profiles for lidar data we need to know the molecular backscatter and extinction. 

Since the molecular extinction and backscatter cross sections are already known 

                                                           

*
 http://aeronet.gsfc.nasa.gov/cgi-

bin/type_one_station_opera_v2_new?site=Burjassot 
†
 http://aeronet.gsfc.nasa.gov/new_web/Documents/Cloud_scr.pdf 

‡
 http://aeronet.gsfc.nasa.gov/new_web/Documents/Quality_Control_Checklist.pdf 
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(see section 1.3), we just need to get the molecule number density profile of the 

atmosphere, which can be estimated directly from the pressure and temperature 

profiles. For this aim we use two sources of data. The first source is the 

meteorological station of Burjassot, belonging to the Red Valenciana de Vigilancia 

y Control de la Contaminación Atmosférica
*
 (RVVCCA). This meteorological 

station is located in the same Campus as the aerosol research station, and provides 

temperature and relative humidity surface measurements with a time resolution of 

one hour. The second source is the atmospheric soundings provided by the Hybrid 

Single Particle Lagrangian Integrated Trajectory (HYSPLIT) model [Draxler and 

Hess, 1998]. The HYSPLIT model uses Global Data Assimilation System (GDAS) 

data with a spatial resolution of one degree per one degree and a time resolution of 

three hours to retrieve pressure, temperature, dew point and wind profiles. 

Meteorological data is provided at variable number of pressure levels, usually 

between 19 and 20. Regarding the profiles corresponding to the coordinates of 

Burjassot, the first pressure level corresponds to an altitude above mean sea level of 

1024 m, while the following pressure levels are fixed and go from 850 or 900 HPa 

(depending on the pressure at 1024 m) to 50 HPa with a constant gradient of -50 

HPa, and a final pressure level of 20 HPa. In our case, however, we discard the data 

corresponding to the lowest altitude level (1024 m) because it produces sharp 

changes in the temperature that lead to unrealistic aerosol profiles.  

In order to match the vertical resolution of the RMAN-510 or the CL51, we 

interpolate the meteorological data. For a given altitude, h, the temperature, T, is 

calculated using linear interpolation: 

𝑇(ℎ) = 𝑇𝑠(ℎ0) + (ℎ − ℎ0)
𝑇𝑠(ℎ1) − 𝑇𝑠(ℎ0)

ℎ1 − ℎ0

  
(3.1) 

 

where 𝑇𝑠 is the temperature from the HYSPLIT sounding, and ℎ0/1 are the first 

sounding altitudes below/above ℎ. When ℎ is lower than the first altitude level of 

the HYSPIT sounding, 𝑇𝑠(ℎ0) is taken as the temperature measured by the 

meteorological station at the sounding hour. The choice of linear interpolation is 

based on the expected behavior of the temperature gradient (section 1.2.1). 

                                                           

*
 http://www.cma.gva.es/cidam/emedio/atmosfera/jsp/historicos.jsp 



 58   

 

Regarding the pressure profile, we use logarithmic interpolation because it fits 

better to the expected shape of the pressure profile (Eq. 1.4 and 1.5): 

𝑝(ℎ) = exp {log[𝑝𝑠(ℎ0)] + (ℎ − ℎ0)
log[𝑝𝑠(ℎ1)] − log[𝑝𝑠(ℎ0)]

ℎ1 − ℎ0

} 
(3.2) 

 

Since the meteorological station does not provide pressure measurements, the 

pressure below the lower sounding level is estimated by extrapolation using the 

data from the two lowest pressure values of the sounding. Once we have the 

temperature and pressure profiles we can estimate the molecular number density, 𝑁, 

using the law of ideal gases: 

𝑁(ℎ) =
𝑝(ℎ)

𝑇(ℎ)𝐾𝐵

 
(3.3) 

 

where 𝐾𝐵 is the Boltzmann constant: 1.3806 × 10
-23

 m
2 

kg s
-2 

K
-1

. Once we know 𝑁, 

the molecular extinction coefficients, 𝜎, are estimated from Eq. 1.9 using the 

scattering cross sections, 𝑄𝑠 , from Bucholtz [1995]. Then, the molecular 

backscatter coefficients, 𝛽, are estimated from Eq. 1.10 using the correction factors, 

𝑘, from  Hostetler [2006]. The values of 𝑄𝑠 and 𝑘 for the wavelengths 355, 387 and 

910 nm are shown in Table 3.2.  

Table 3.2 Scattering cross-section per air molecule (𝑄𝑠) and correction factor for 

the estimation of the molecular backscatter (k, defined in Eq. 1.10). Source: 

Bucholtz [1995] and Hostetler [2006]. 

 
Wavelengh (nm) 

 
355 387 532 910 

𝑄𝑠 (m-2) × 10-31 27.532 19.181 5.1673 0.58577 

𝑘 1.0522 1.0511 1.0489 1.047 

 

3.5.2 Water vapor profile 
The ceilometer signal has to be corrected by the absorption of water vapor 

molecules in order to retrieve the aerosol backscatter profile (more details in section 

7.4). For this aim we need to estimate the water vapor profiles from the available 

meteorological data. The absolute humidity in kg/m
3
, 𝐻, can be estimated from the 

dew point and temperature data provided by HYSPLIT as [Parish, 1977]: 
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𝐻 =
𝑘

𝑇
 (𝐷)𝑎 10{𝑐+

𝑏
𝐷

}
 

(3.4) 

 

where 𝑇 and 𝐷 are, respectively, the temperature and dew point in Kelvin, and the 

values of the constants 𝑎, 𝑏, 𝑐 and 𝑘 are shown in Table 3.3. 

Table 3.3 Constants for the estimation of the absolute humidity (H) in kg/m3 

from the temperature (T) and the dew point (D), both in Kelvin. Source: Parish 

[1977]. 

 
a b c k 

T and D above 
273.15 K 

-4.9283 -2937.4 23.5518 
0.21668 

T or D below 
273.15 K 

-0.32286 -2705.21 11.4816 

 

Also, the values of  𝐻 in kg/m
3 

can be estimated using surface relative humidity 

(𝑅𝐻) and temperature measurements as: 

𝐻 = 𝑅𝐻 · 𝐶 ·  
𝑝𝑤𝑠

𝑇
 

(3.5) 

 

where 𝐶 is equal to 2.1668·10
-3

 kg K/J, 𝑇 is the temperature in Kelvin and 𝑝𝑤𝑠 is 

the saturated vapor pressure in Pa, calculated as [Wagner, 2002]: 

𝑝𝑤𝑠 = 𝐴 · 10
{
𝑚·𝑇′

𝑇′+𝑇𝑛
}
 

(3.6) 

 

where 𝐴 is equal to 6.116441, 𝑚 is equal to 7.591386, 𝑇′ is the temperature in 

Celsius, and 𝑇𝑛 is equal to 240.7263. Once the absolute humidity profile in kg/m
3
  

is obtained, the water vapor molecular number density, 𝑁𝑤, can be estimated as: 

𝑁𝑤 = 
𝐻

𝑀𝑤

𝑁𝐴 
(3.7) 

 

where 𝑀𝑤 is the molar mass of water (18.015·10
-3

 kg/mol) and 𝑁𝐴 is the Avogadro 

constant (6.022140·10
-3

 mol
-1

). Regarding the vertical interpolation, we assume that 

the ratio between 𝑁𝑤 and 𝑁 changes linearly with height: 
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𝑁𝑤(ℎ) = 𝑁(ℎ) ·  {
𝑁𝑤(ℎ0)

𝑁(ℎ0)
+ (ℎ − ℎ0)

𝑁𝑤(ℎ1)
𝑁(ℎ1)

−
𝑁𝑤(ℎ0)
𝑁(ℎ0)

ℎ1 − ℎ0

} (3.8) 

 

Compared to O2, N2, or CO2, the water vapor concentration can change quickly 

with space and time. Because of this, using the GDAS data with a space resolution 

of 1
o
 can lead to a bias in the estimation of the water vapor profile. In order to 

assess the accuracy of the modelled water vapor profile, we compare its integrated 

value against the column water vapor (CWV) retrieved from photometer 

measurements. To do so, we first need to estimate the effect that the humidity 

surface measurements have in the modelled CWV. The contribution of the surface 

measurements to the water vapor profile is: 

𝑁𝑤,𝑠𝑢𝑟𝑓(ℎ) = 𝑁𝑤(ℎ)
𝑁𝑤(ℎ1) − 𝑁𝑤(ℎ)

𝑁𝑤(ℎ1) − 𝑁𝑤(ℎ𝑠𝑢𝑟𝑓)
 ;   ℎ < ℎ1 

(3.9) 

 

where ℎ1 is the lowest altitude of the HYSPLIT sounding and ℎ𝑠𝑢𝑟𝑓 correspond to 

the surface measurements. Above ℎ1, 𝑁𝑤,𝑠𝑢𝑟𝑓 is equal to zero. Therefore, the CWV 

due to surface measurements, CWVsurf, is just calculated as the integrated value of 

𝑁𝑤,𝑠𝑢𝑟𝑓. 

Once the contribution of the surface measurements is known, we compare the 

measured CWV minus CWVsurf against the modelled CWV minus CWVsurf (Fig. 

3.5). We can see that the correlation between the modelled and the measured values 

is relatively high, with R
2
 = 0.80. However, the model tends to overestimate the 

CWV: the slope of the linear fit is equal to 0.69, with an intercept equal to 0.72. 

Therefore, the water vapor profiles derived from HYSPLIT have to be scaled so 

that they match the measured values. In case photometer measurements are not 

available, the result of the linear fit shown in Fig. 3.5 is applied. An example of 

correction of the water vapor profile is shown in Fig. 3.5. The blue line represents 

the uncorrected profile, and red line the corrected one. The CWV associated to the 

corrected profile, 24.1 mm, is in agreement with the photometer measurements. 
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Fig. 3.5 Column water vapor (CWP) measured by the photometer against 

modelled CWP, corrected by surface measurements. The red line shows the 

result of the linear fit. 

 

Fig. 3.6 Water vapor profiles from surface and HYSPLIT data (blue), and from 

surface and corrected HYSPLIT data (red).  

3.6 Data availability  

In this section we discuss the availability of the data used in this thesis. The 

analyzed period starts on 4 July 2013, when the CL51 ceilometer starts its operation 

in Burjassot, and finishes on 1 October  2016. Regarding the CL51 and RMAN-

510, the data availability corresponds to all the cases, even those affected by the 

presence of clouds. With respect the CE318, the data availability corresponds to 

cloud-filtered data. 

3.6.1. RMAN-510 lidar 
The RMAN-510 started its regular measurements on February, 2014. The RMAN-

510 was programmed to measure during 30-minute periods centered on the 

synoptic hours: 00, 03, 09, 12, 15, 18 and 21. In Fig. 3.7 we show the availability of 
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RMAN-510 level-0 data under normal operation. In this figure the white color 

represent 240 or more minutes of measurements a day, corresponding to 8 30-

minute periods, which is the normal measurement schedule. We can see that, 

although the instrument started operating on 13 February 2014, the first level-0 data 

is from 17 October 2014. This is because, prior to this date, Leosphere did not give 

us access to level-0 data. A significant data gap appears between June and August 

2015. During these dates the RMAN-510 was transported to Granada to perform 

co-located measurements with the lidar systems in the IISTA and also to perform 

quality test measurements (see Chapter 6). In 5 April 2016, the system stopped its 

operation due to problems in the power supply and the laser source. As of the date 

of this thesis we are still working to solve these issues. 

 

Fig. 3.7 Availability of RMAN510 level-0 data. The colors indicate the number of 

minutes of measurements per day. 

3.6.2. CL51 ceilometer 
The data availability of the CL51 is shown in Fig 3.8. This figure shows the number 

of minutes per day with CL51 measurements.The maximum number of minutes per 

day, 1440, corresponds to the white. The CL51 started operating in Burjassot on 4 

July 2013, and except for small intervals, it has been measuring in a continuous 

way during the whole analyzed period. 
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Fig. 3.8 Availability of CL51 data. The colors indicate the number of minutes of 

measurements per day. 

3.6.3. CE318 photometer 
In Fig. 3.9 we show the availability of column AOD data from CE318 photometer. 

Since the beginning of the analyzed period to 1 January 2016 the availability 

corresponds to level-2 data. From that date the availability corresponds to level-1.5 

data, since level-2 data was not available yet. The data shown in Fig. 3.10 is already 

cloud-screened. This is the reason why the data availabily can change quickly from 

one day to another. Tha main data gap is found between October, 2013, and 

February, 2014. Also, a significant data gap appears on August 2015.These gaps are 

due to calibration and upgrade operations. 
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Fig. 3.9 Availability of CE318 photometer data. The colors indicate the number 

of data points per day.  
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Part II: Signal pre-processing methods  
The second part of the thesis is focused on signal pre-processing. In Chapter 4 we 

describe the pre-processing methods applied to the RMAN-510 signal. Chapter 5 

is used to describe the procedure followed for the estimation of the noise 

standard deviation of the RMAN-510 signal. In Chapter 6 we present the quality 

assurance tests applied to the RMAN-510 signal. Finally, in Chapter 7 we describe 

the pre-processing methods applied to the CL51. 
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4. RMAN-510 signal pre-processing 
 

In this chapter we describe the pre-processing methods applied to the lidar 

signal. First, we summarize the main differences between the analog and photon-

counting detection modes and describe the data format of the different types of 

output files of the RMAN-510. Then, we analyze the pre-processing methods 

applied to the different detection modes. Finally, we present the atmospheric 

background removal procedure and the signal gluing algorithm.   
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4.1 Analog and photon-counting modes 

The photomultiplier tubes (PMT) used for lidar applications are operated in analog 

or photon-counting mode, depending on the photon rate reaching to the detectors. 

When a photon arrives to the PMT cathode, it may produce the emission of a 

photoelectron that results in a pulse in the output signal. If the electrons arrive to 

the PMT in high rates the resulting pulses overlap and produce a signal like the one 

shown in Fig. 4.1a. In the analog detection mode this signal is amplified, digitized 

and saved as 30-second-average profiles by the system computer. The total analog 

output signal from the PMT (𝑃𝑎𝑛,𝑡𝑜𝑡) can be expressed as the sum of the 

atmospheric signal (𝑃𝑎𝑛 + 𝑃𝑎𝑛,𝑏𝑔 ) and the dark signals (𝑃𝑎𝑛,𝑑𝑐): 

𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟, 𝑇) =  𝑃𝑎𝑛(𝑟, 𝑇) + 𝑃𝑎𝑛,𝑏𝑔(𝑇) +𝑃𝑎𝑛,𝑑𝑐(𝑟, 𝑇) (4.1) 

 

where the subscript 𝑎𝑛 stands for analog detection mode, 𝑟 is the range from the 

lidar system and 𝑇 is the period of time used to average the signal.   

 

Fig. 4.1 Output signal of the PMT for photons arriving at high rates (a) and 

photons arriving at low rates (b). Based on Figure 6-2 of Hamamatsu [2007]. 

The dark signals distort the output signal and, therefore, it has to be measured and 

removed to get a suitable atmospheric signal (section 4.2.2). One of the components 

of the dark signals is the dark current, which, according to Hamamatsu [2007], can 

be caused by: a) thermionic emission current from the PMT photocathode and 

dynodes; b) leakage currents; c) scintillation from the glass envelope or electrode 

support materials; d) field emission; e) ionization current of residual gases; and f) 

noise current caused by cosmic rays, radiation from radioisotopes contained in the 

glass envelopes and environmental gamma rays. Although the effect of the dark 
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current can be limited if the PMT is operated at low temperatures and within its 

optimal voltage range, we cannot get rid of it given the measurement conditions of 

the RMAN-510. In addition to the dark current, the dark signals have also a range-

dependent component coupled to the laser emission.  

However, when the photon-rate is low the resulting atmospheric signal might be too 

weak to be distinguished from the dark signals noise. In cases where the photon rate 

is low enough, then the single pulses in the output signal do not overlap and we can 

use the photon-counting (PC) detection mode (Fig. 4.1b). In the PC mode the 

output signal is amplified and analyzed by a discriminator. The discriminator 

returns 1 in case the signal magnitude is higher than a certain threshold and 0 

otherwise. The ideal threshold maximizes the detection of pulses caused by photons 

arriving to the PMT while minimizing the false-positives caused by the dark 

signals. According to Hamamatsu [2007], there are two main advantages of the PC 

compared to the analog mode: 1) The dark signals are removed by the 

discriminator, which results in a better signal-to-noise ratio; and 2) PC 

measurements are more stable under changes in the supply voltage. Nevertheless, 

the PC detection mode is limited to low photon rates: in cases where two or more 

photons arrive to the PMT within a period shorter than its time resolution they will 

be counted as just one photon. In order to counteract this effect, the PC signal has to 

be corrected by the dead time, i.e., the time that it is blinded after detecting one 

photon [Evans, 1955]. This correction is applied as:  

𝑃𝑃𝐶,𝑡𝑜𝑡(𝑟, 𝑇) =  
𝑀(𝑟, 𝑇)

1 − 𝑀(𝑟, 𝑇) · 𝜏 𝑇⁄
 

(4.2) 

 

where 𝑀(𝑟, 𝑇) is the number of counts measured at a range 𝑟 during a period of 

time 𝑇, 𝑃𝑃𝐶,𝑡𝑜𝑡(𝑟, 𝑇) is the actual number of counts, and 𝜏 is the dead time of the 

PMT. Using this correction the linear behavior of the PC mode can be extended 

from count rates of 0.1 MHz to 10 MHz with 1% count error [Hamamatsu, 2007]. 

The RMAN-510 system saves the measurements arriving to the PMTs in both 

analog and PC mode. The receiving system of the lidar is designed in such way that 

the analog mode can be used to detect the short-range signal while the PC mode is 

suitable for the long-range signal. In those cases where the short and long ranges 

overlap, the analog and PC signals can be glued, providing a complete profile of the 

atmosphere (see section 4.5).  
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4.2 Analog signal pre-processing 

In this section we describe two pre-processing methods applied exclusively to the 

level-0 analog signal. The first one is the zero-bin test, a standard test performed 

within EARLINET, which is used to determine the range corresponding to each 

signal bin of the analog mode. The second one is the dark signals removal, needed 

to obtain the atmospheric contribution from the total signal.  

4.2.1. Zero-bin test 

 

Fig. 4.2 Zero-bin test performed on 23 April 2015. Analog signal from the 

parallel (a), perpendicular (b) and Raman (c) channels from four consecutive 

level-0 files when an opaque surface is placed one meter above the lidar system.  

Also, for the parallel and perpendicular channels an uncovered measurement is 

shown as reference.   
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The level-0 data is provided by the RMAN-510 with no altitude reference. This 

reference can be determined performing the zero-bin test [Freudenthaler, 2008]. In 

order to perform this test we placed an opaque surface about one meter above the 

lidar system. This way, a great portion the emitted light is backscattered in the first 

atmospheric bin, resulting in a sharp peak in the signal.  The amount of 

backscattered signal is such that it saturates the PC mode and, therefore, it can only 

be performed using the analog signal. In our test performed on 23 April 2015, we 

found that the first atmospheric measurement corresponded to the bin with index 

number 217 for the parallel channel, and the bin with index 216 for the 

perpendicular one (Fig. 4.2). With respect to the Raman channel, the altitude 

reference is harder to find since the light is backscattered by the opaque object 

mostly in the emission wavelength, and the signal peak is not so prominent. The bin 

with index 217 is selected for this channel, since is the one corresponding to most 

of the maxima. Once the reference bins are found, we assign them an altitude of 

3.75 m, i.e. half the spatial resolution of the system.  

4.2.2. Dark signals removal 
The dark signals can be measured as the analog output signal that we get from the 

PMT when no atmospheric light is arriving to it. In our case, the dark signals 

measurements are automatically performed by the system during its operation. In 

particular, the RMAN-510 provides level-0 files containing 30-second dark signals 

measurements at the beginning of every 10-file group. This way, the level-0 file 

sequence is 1DC-9AM-1DC-9AM…, where DC stands for dark current file, and 

AM for atmospheric measurement file. For a certain period of time, 𝑇, the mean 

analog atmospheric signal can be written from 4.1 as: 

𝑃𝑎𝑛,𝑎𝑡𝑚(𝑟, 𝑇) =  𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟, 𝑇) −  𝑃𝑎𝑛,𝑑𝑐(𝑟, 𝑇) (4.3) 

 

The values of 𝑃𝑎𝑛,𝑡𝑜𝑡 and 𝑃𝑎𝑛,𝑑𝑐 can be estimated as: 

�̂�𝑎𝑛,𝑡𝑜𝑡(𝑟, 𝑇) =  
∑ 𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟, 𝑡)

𝑁𝑎𝑚
𝑡=1

𝑁𝑎𝑚

 
(4.4) 

 

�̂�𝑎𝑛,𝑑𝑐(𝑟, 𝑇) =
∑ 𝑃𝑎𝑛,𝑑𝑐(𝑟, 𝑡′)

𝑁𝑑𝑐
𝑡′=1

𝑁𝑑𝑐

 
(4.5) 

 

where 𝑁𝑎𝑚 is the number of atmospheric profiles, 𝑁𝑑𝑐 is the number of dark signals 

profiles and the circumflex indicates that it is an estimated parameter. An example 
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of the dark signals measurements is displayed in Fig. 4.3. We can see that the shape 

of the dark signals profile remains stable during the measurement period (Fig. 

4.3.a), and that 𝑃𝑎𝑛 and 𝑃𝑎𝑛
𝑑𝑐  have the same shape for altitudes over 10 km where 

atmospheric signal is weak (Fig. 4.3.b). 

 

Fig. 4.3 a) 30-second dark signals measured by the RMAN-510 parallel channel 

between 2:52 am and 3:23 am on 14 April 2015. b) Mean dark current signal 

and mean total signal, estimated as in Eq. 4.5 and 4.4 respectively. 

4.3 PC signal pre-processing 

In this section we introduce two pre-processing methods applied to the level-0 

analog signal: bin-shift test and dead time correction. 

4.3.1. Bin-shift 
The altitude reference for PC measurements is found with the bin-shift test using 

the already calibrated analog signal as reference [Freudenthaler, 2008]. In order to 

apply this test we need a case where aerosols cause noticeable variations in the 

signal at altitudes high enough to avoid PC saturation, and low enough to allow a 

suitable analog signal. Within this interval, we compute the correlation between the 

PC and analog signals as a function of the bin selected as reference for the PC 

mode. The bin with the highest correlation is set as the reference.  
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Fig. 4.4 Atmospheric analog signals averaged between 2:40 am and 3:11 am on 

10 April, 2015 for the parallel (a), perpendicular (b), and Raman (c) channels. 

The range marked in red corresponds to the data used in the bin-shift test.  

To perform this test we have used a 30-minute measurement starting at 2:40 UTC 

on 10 April 2015. This particular case is suitable for this test because the aerosol 

layers cause strong variations in the parallel and, especially, in the perpendicular 

signals (Fig. 4.4). For the elastic channels the test has been performed in the 

interval between 1871 m and 2996 m, while for the Raman channel we have used 

the interval between 746 m and 2996 m. A lower boundary can be used for the 

Raman channel because the PC signal is weaker than the elastic ones and it remains 

linear under dead time correction. The results of the test are displayed in Fig. 4.5 as 

a function of the bin-shift, i.e., the index of the reference bin of the analog mode 

minus the index of the bin tested for the PC mode.  For the parallel channel the 

maximum in the correlation is found when the bin shift is 0, while for the 

perpendicular and Raman channels the bin shift is found to be +1.  
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Fig. 4.5 Correlation of the analog and PC atmospheric signals as a function of the 

bin shift for the parallel (a), perpendicular (b), and Raman channels (c).  

4.3.2. Dead time 
The level-0 PC data is already corrected by dead time. This correction is 

automatically applied by the system and no information about the input parameters 

(uncorrected count rate, dead time) is given. Nevertheless, a visual inspection of the 

PC signals suggests that there is a bias in the dead time correction. To illustrate this 

we use the 30-minute measurement from 28 November 2015 starting at 2:45 UTC. 

In Fig. 4.6a we display the parallel (blue) and perpendicular (red) range corrected 

signals (RCSs). Also, we show the expected molecular signal fitted to the elastic 

signals using as a reference the interval between 6 and 12 km (dashed black lines). 

In Fig. 4.6b we plot the relative difference between the measured signals and the 

molecular expected signals. A 15-bin-wide moving average has been applied to the 

signals in this figure to reduce the noise and improve the visualization. When 

looking at the perpendicular signal (red), we notice that the aerosol load above 2 

km can be neglected. However, if we look at the parallel signal (blue), we observe 

that it deviates from the expected molecular profile for altitudes lower than 4 km. 
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Finally, in Fig. 4.6c we show the ratio between the perpendicular PC signal and the 

parallel PC signal (red). Also, we show the value of the ratio between the mean 

signals for altitudes above 6 km (dashed black line). Above 6 km the count rates are 

low (under 0.50 MHz for the parallel channel and lower than 0.08 MHz for the 

perpendicular one) and therefore we can discard distortions caused by a bias in the 

dead time correction. We observe that the ratio of the signals decreases for altitudes 

lower than 4 km. However, this decrease cannot be explained by physical reasons: 

first, due to the optical properties of the RMAN-510, the molecular depolarization 

ratio measured by the system should be approximately constant with altitude 

[Behrent and Nakamura, 2002]; and second, even the less depolarizing aerosols at 

355 nm (𝛿𝑎 ~ 0.01) have a greater linear depolarization ratio than air molecules (𝛿𝑚 

~ 0.004 for the optical characteristics of the RMAN-510). Therefore, this 

overestimation of the PC parallel signal with respect to the perpendicular one is 

likely caused by an overestimation of the dead time correction for this channel.  

 

Fig. 4.6 30-minute measurements starting at 2:45 UTC on 28 November 2015 a) 

PC RCSs measured by the parallel (blue) and perpendicular channels (red). The 

dashed black line represents the molecular signal fitted for altitudes above 6 

km. b) Relative differences between the measured and the expected molecular 

signals. The signals have been smoothed using a 15-bin-wide moving average. c) 

Ratio between the parallel and perpendicular PC signals (red), and ratio of the 

mean signals above 6 km (dashed black line). 

From Eq. 4.2, the bias in the dead time correction, ∆𝜏, can be estimated as: 

∆𝜏 =  
1

𝑛
−

1

𝑛′
 

(4.6) 
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where 𝑛 is the actual count rate, and 𝑛′ is the count rate provided by the system. If 

we take 𝑛 as the fitted molecular signal extrapolated between 2 and 3 km, then ∆τ 

has a mean value of 4.7 ns (Fig. 4.7). Furthermore, the value of ∆τ is constant and 

does not depend on range (correlation coefficient, R = 0.04), which is in agreement 

with our hypothesis.  

 

Fig. 4.7 Bias in the dead time correction of the parallel channel, ∆𝜏, as a function 

of range. The dashed line represents the mean value of ∆𝜏 in the considered 

interval. 

Regarding the perpendicular channel, the molecular signal is usually associated to 

low count rates. For instance, in the case presented in Fig. 4.6, the count rate of the 

perpendicular PC channel at 2 km was equal to 1.5 MHz, while, at this altitude, the 

count rate of the parallel PC channel reached a value of 10.5 MHz. In order to 

increase the count rate in the perpendicular channel we placed a quarter-wave plate 

after the lidar emission. This way we turned the linear polarization of the emission 

into circular polarization. In Fig. 4.8 we display the results obtained for a 30-minute 

measurement starting on 19 November 2014 at 18:00 UTC. The results are 

presented in a similar fashion as in Fig. 4.6. The displayed results suggest that there 

is likely an underestimation of the dead time correction for the perpendicular 

channel. From Eq. 4.6 we determined that this underestimation was equal to -0.5 ns 

(Fig. 4.9), approximately ten times lower, in absolute terms, than the bias in the 

parallel channel. 

Finally, the low count rates associated to the Raman channel (lower than 0.6 MHz 

for altitudes above 2 km during aerosol-free conditions) prevents us from 

evaluating the dead time correction using as reference the molecular signal. 
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Therefore, for this channel we use the dead time correction applied automatically 

by the RMAN-510. 

 

Fig. 4.8 30-minute measurements starting at 19 November 2014 at 18:00 UTC, 

with nearly-circular polarized emission a) PC RCSs obtained measured by the 

parallel (blue) and perpendicular (red) channels. The dashed black line 

represents the molecular signal fitted for altitudes above 6 km. b) Relative 

differences between the measured and the molecular expected signals. The 

signals have been smoothed using a 15-bin wide moving average c) Ratio 

between the parallel and perpendicular PC signals (red), and ratio of the mean 

signals above 6 km (dashed black line). 

 

Fig. 4.9 Bias in the dead time correction of the perpendicular channel, ∆𝜏, as a 

function of range. The dashed line represents the mean value of ∆𝜏 in the 

considered interval. 
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4.4. Atmospheric background removal 

The atmospheric signal arriving to the detectors is the sum of the laser light 

backscattered by aerosol and molecules (𝑃) plus the background light coming from 

other sources such as solar scattered light (𝑃𝑏𝑔): 

𝑃𝑎𝑡𝑚(𝑟, 𝑇) = 𝑃(𝑟, 𝑇) + 𝑃𝑏𝑔(𝑇) (4.7) 

 

This background signal can be estimated just as the mean signal measured at the 

highest altitudes -where the backscattered signal is negligible compared to signal 

noise- or as the mean signal measured in the pre-trigger range [Kovalev, 2004b]. In 

our case the furthest measurement provided by the RMAN-510 system is below 

22000m. This poses a limitation since, and at this altitude, we still get a noticeable 

amount of backscattered signal by the molecules, especially in the parallel channel. 

For instance, for the parallel PC measurements corresponding to the case presented 

in Fig. 4.6, the mean signal in the last 100 bins was around 500 higher than the 

signal measured in the pre-trigger range. Therefore, the far-range background 

estimation cannot be used and instead we need to use the pre-trigger data. This way, 

for a period of time 𝑇 the background signal is estimated as: 

�̂�𝑏𝑔(𝑇) =
1

𝑁𝑝𝑡

∑𝑃(𝑖𝑝𝑡 , 𝑇)

𝑁𝑝𝑡

𝑖=1

 (4.8) 

 

Where 𝑁𝑝𝑡 is the number of pre-trigger bins used for the calculation (200 in our 

case) and 𝑖𝑝𝑡 is the index of the pre-trigger bins. In addition to these methods, the 

background signal can also be estimated as the intercept term obtained from 

linearly fitting the lidar signal to the expected molecular signal. However, due to its 

greater complexity (we first need to determine the aerosol free region) this last 

method has not been implemented.  

4.5 Signal gluing 

The dynamic range of the lidar signal can reach several orders of magnitude due to 

the geometric distortion of the backscattered light (𝑟−2). For instance, if we 

consider a standard aerosol-free atmosphere with no background light, the 

backscattered signal at 355 nm coming from 450 m (the lowest altitude above full 

overlap) is expected to be more than 10
5
 times higher than the signal coming from 



 81   

 

22000 m (last altitude bin). To cover this dynamic range the RMAN-510 system is 

designed in such way that the signal coming from low altitudes can be measured 

with the analog mode, and the signal from high altitudes can be detected using the 

PC mode.  

The signal from both detection modes have to be combined to form a single profile 

that spreads from the lowest altitude above full overlap up to the stratosphere. To 

do so, we need to find a sufficient number of bins where: 1) the PC signal is low 

enough to be linear under dead-time correction; and 2) the atmospheric analog 

signal is high enough to get a suitable signal-to-noise ratio (SNR). For the RMAN-

510 system we found that these conditions can be met by the data bins that 

correspond to PC signals lower than 10 MHz and analog SNR values over 20 (see 

chapter 5). Using the data from these bins we linearly fit the backscattered analog 

signal to the backscattered PC signal to get a scaled analog signal, 𝑃𝑎𝑛,𝑠𝑐𝑎: 

𝑃𝑎𝑛,𝑠𝑐𝑎(𝑟, 𝑇) = 𝐴 · 𝑃𝑎𝑛(𝑟, 𝑇) + 𝐵 , 𝑟 ∶  
𝑛𝑃𝐶(𝑟, 𝑇) < 10 MHz 

𝑆𝑁𝑅𝑎𝑛(𝑟, 𝑇) > 20
 (4.9) 

 

where 𝐴 and 𝐵 are the linear fit coefficients retrieved by weighted least squares and  

𝑛𝑃𝐶(𝑟, 𝑇) is the mean count rate of the PC mode during the period T. Using a linear 

fit to scale the near-range signal to the far-range signal is a common procedure in 

lidar signal gluing [e.g. Navas-Guzmán, 2011; D’Amico, 2016]. In our case the 

intercept term, 𝐵, is used to account for the background signal of the analog mode, 

which was not be previously corrected. Once the scaled analog signal is 

determined, the glued signal is estimated as:  

𝑃𝑔(𝑟, 𝑇) = (1 − 𝑘(𝑟))𝑃𝑃𝐶(𝑟, 𝑇) + 𝑘(𝑟)𝑃𝑎𝑛,𝑠𝑐𝑎(𝑟) (4.10) 

 

where 𝑘 is a parameter that we introduce to avoid sharp variations in the glued 

profile: 

𝑘(𝑟) = 1, 𝑃𝑃𝐶(𝑟, 𝑇) > 10 MHz  
 

𝑘(𝑟) = 0, 𝑃𝑃𝐶(𝑟, 𝑇) < 5 MHz 

 

𝑘(𝑟) =
𝑛𝑃𝐶(𝑟, 𝑇) −  5 MHz

(10  −  5) MHz
 , 5 MHz <  𝑛𝑃𝐶(𝑟, 𝑇) < 10 MHz 

(4.11) 
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Two examples of glued profiles for the parallel and perpendicular channels are 

shown, respectively, in Fig. 4.10 and Fig. 4.11. These profiles have been retrieved 

from measurements between 2:42 am and 3:10 am on 10 April 2015, corresponding 

to a dust outbreak over Burjassot. For the parallel channel we can see a very high 

correlation (R = 0.9999) between the PC and analog signals for the analyzed bins 

(Fig. 4.10a). Differences between the glued and the PC profile in this channel are 

lower than 1.5% for altitudes over 2000m (Fig. 4.10b and 4.10c). For lower 

altitudes we observe that the dead time correction cannot account for the actual 

number of photons, and the PC signal becomes much lower than the glued one. 

Regarding the perpendicular channel, we also observe high correlation (R = 

0.9984), although lower than for the parallel channel (Fig.4.11a). In this case the 

main differences between the glued and the PC signal appear below 1500 m, due to 

the high count rates at these altitudes (Fig. 4.11b and 4.11c). 

 

Fig. 4.10 Gluing process for the parallel channel. a) Scatter plot of PC and analog 

backscattered signals within the gluing interval. b) PC signal (blue), scaled 

analog signal (red) and glued signal (orange). All signals are corrected by range. 
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c) Relative differences with respect the glued signal (blue: PC, red: scaled 

analog).  

 

Fig. 4.11 Gluing process for the perpendicular channel. a) Scatter plot of PC and 

analog backscattered signals within the gluing interval. b) PC signal (blue), 

scaled analog signal (red) and glued signal (orange). All signals are corrected by 

range. c) Relative differences with respect the glued signal (blue: PC, red: scaled 

analog). 
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5. Signal noise estimation  
 

In this chapter we present the algorithms used for the estimation of the signal 

noise level. First, we describe the different kind or errors associated to the lidar 

signal and the differences between the signal noise in the PC and analog mode. 

Also, we briefly review different methods that have already been developed to 

determine the signal noise level. Then, in the following sections we present a new 

method to estimate the analog signal noise that can be applied under the 

absence of atmospheric background light and that does not depend on free 

parameters. Finally, the presented method is tested using the PC signal as a 

reference.  
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5.1. Introduction 

Lidar measurements are affected by systematic and random errors. Systematic 

errors are generally related to instrumental issues like misalignment of the optical 

components of the system, non-linear behavior of the detectors or systematic 

electronic noise. This kind of errors distorts the measured signal and cannot be 

counteracted with statistical methods like time averaging or spatial smoothing. 

Nevertheless, their effect can be reduced with a proper instrument configuration or 

with signal processing if their effect on the measurements is known (e.g., dark 

signals, dead time correction, overlap function…).  

Random errors are caused by the signal noise inherent to the detection process. As 

summarized by Liu [2006] these random errors are a result of the quantum noise, 

caused by the discrete nature of the different processes; the thermal noise, related to 

the random motion of electrons; and the excess noise, which is caused by the 

multiplication process in the analog mode.  

For the PC mode the measured signal follows a Poisson distribution [Saleh, 1978] 

and, therefore, the noise variance can be directly estimated from the number of 

counts (see section 5.2). Nevertheless, the determination of the noise variance for 

the analog mode is more complicated. The reason is that the analog output signal 

does not follow a Poisson distribution due to the effect of electron multiplication 

within the PMT [Liu, 2002]. For the analog mode the signal noise can be derived 

from the instrumental parameters of the PMT [Hamamatsu, 2007]. Nevertheless, 

these instrumental parameters may change with time and thus an empirical 

estimation of the noise level is needed [Liu, 2006]. 

The simplest way to determine the noise level of the lidar signal at a certain altitude 

bin is to compute its standard deviation within a certain period of time. However, 

this can only be done if variations in the signal caused by atmospheric aerosols are 

negligible with respect to the effect of signal noise [Liu, 2006]. In our case the 

analog mode is mostly used for the lower altitudes, where the effect of aerosols is 

more important, and therefore this method would result in an overestimation of the 

signal noise. In order to overcome this issue Liu [2006] developed a method to 

estimate the noise level based on the analysis of the atmospheric background signal. 

Nevertheless, during nighttime, the noise levels estimated with this method are 

associated to large uncertainties due to the low background signal. Reba et al. 

[2006] proposed a method that estimated the noiseless signal using a low-pass filter 
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and extracted the signal noise with the corresponding high pass filter. Then the 

noise parameters were estimated linearly fitting the signal noise against the 

smoothed signal with the weighted least squares. Alternatively, Reba et al. [2007] 

developed a piecewise approach to make estimations of the noiseless signal and the 

signal noise level using a rectangular window. However, the results of these two 

last methods depended, respectively, on the chosen low-pass filter or on the size of 

the window. To overcome this situation we propose an empirical method to derive 

the analog signal noise that does not rely on the background signal and does not 

depend on free parameters. 

5.2 PC noise estimation 

For the PC mode, the number of photons detected from a range bin 𝑟 during a 

period of time 𝑇  follow a Poisson distribution [Oliver, 1965; Saleh, 1978]: 

𝑝 (𝑃𝑃𝐶,𝑡𝑜𝑡(𝑟, 𝑇)) =
[𝑁(𝑟, 𝑇)]𝑃𝑃𝐶,𝑡𝑜𝑡(𝑟,𝑇)

𝑃𝑃𝐶,𝑡𝑜𝑡(𝑟, 𝑇)!
exp[−𝑁(𝑟, 𝑇)] (5.1) 

 

where 𝑃𝑃𝐶,𝑡𝑜𝑡 is the number of photons detected, and 𝑁 is the expected number of 

photons. Therefore, the variance of the PC signal caused by random noise can be 

estimated as
*
:  

�̂�𝑛
2 (𝑃𝑃𝐶,𝑡𝑜𝑡(𝑟, 𝑇)) =  �̂�𝑃𝐶,𝑡𝑜𝑡(𝑟, 𝑇) (5.2) 

 

where �̂�𝑃𝐶,𝑡𝑜𝑡(𝑟, 𝑇) is the measured number of counts that we use as a first 

approximation of 𝑁.  

5.3 Analog noise estimation  

Assuming no correlation between the different terms, the variance of the analog 

signal averaged during a period of time 𝑇 can be written as: 

                                                           

*
 Note that the signal standard deviation and the extinction coefficients are 

represented by the same Greek letter: 𝜎. When talking about the standard deviation 

or the uncertainty of the signal, we will use a bold sigma: 𝛔. Regarding the 

extinction coefficient, we will use a italic sigma: 𝜎 
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𝛔2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟, 𝑇)) =  

= 𝛔𝑣
2 (𝑃𝑎𝑛,𝑎𝑡𝑚(𝑟, 𝑇)) + 𝛔𝑣

2 (𝑃𝑎𝑛,𝑑𝑐(𝑟, 𝑇)) + 𝛔𝑛
2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟, 𝑇)) 

(5.3) 

 

where 𝛔𝑣
2(𝑃𝑎𝑛,𝑎𝑡𝑚) is the variance caused by atmospheric variability (i.e., aerosol 

conditions or background light), 𝛔𝑣
2(𝑃𝑎𝑛,𝑑𝑐) is the variance caused by changes in 

the shape of the dark signals profile, and 𝛔𝑛
2(𝑃𝑎𝑛,𝑡𝑜𝑡) is the variance due to signal 

noise. Eq. 5.3 tells us that if we want to calculate 𝛔𝑛
2(𝑃𝑎𝑛) as the total variance of 

the signal we need to know 𝛔𝑣
2(𝑃𝑎𝑛,𝑎𝑡𝑚) and 𝛔𝑣

2(𝑃𝑎𝑛,𝑑𝑐) in case they cannot be 

neglected. 

In order to estimate 𝛔𝑛
2(𝑃𝑎𝑛,𝑡𝑜𝑡), we use an ancillary parameter, ∆, which we define 

as: 

∆(𝑟𝑖 , 𝑡) = 𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖 , 𝑡) − 
𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖−1, 𝑡)𝑟𝑖−1

2 + 𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖+1, 𝑡)𝑟𝑖+1
2

2𝑟𝑖
2  (5.4) 

 

where 𝑡 is the index of the profile within the averaging period 𝑇. This parameter is 

just the signal measured at a certain altitude bin minus the mean signal coming 

from the previous and following bins. This mean value is corrected by the square of 

the range to counteract the geometric distortion in the backscattered lidar signal. 

The variance of this parameter can be written in terms of the signal noise and the 

rest of the factors as:  

𝛔2(∆(𝑟, 𝑡)) =  𝛔𝑛
2(∆(𝑟, 𝑡)) + 𝛔𝑣

2(∆(𝑟, 𝑡)) (5.5) 

 

If variations in the signal due to changes in the atmospheric conditions and changes 

in the shape of the dark signals occur within large enough length-scales, then: 

𝛔𝑛
2(∆(𝑟, 𝑡))  ≫  𝛔𝑣

2(∆(𝑟, 𝑡)) (5.6) 

 

and thus we can consider that the time variance of ∆ is almost completely caused by 

signal noise. Then, if the signal noise is uncorrelated for adjacent bins, from Eq. 5.4 

to 5.6 we can derive: 

𝛔2(∆(𝑟𝑖 , 𝑡)) = 𝛔𝑛
2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖 , 𝑡)) + 

+
1

4
{
𝑟𝑖−1

4

𝑟𝑖
4 𝛔𝑛

2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖−1, 𝑡)) +
𝑟𝑖+1

4

𝑟𝑖
4 𝛔𝑛

2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖+1, 𝑡))} 
(5.7) 
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If we consider the following approximation: 

𝑟𝑖±1
4

𝑟𝑖
4 𝛔𝑛

2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖±1, 𝑡))  ≈  𝛔𝑛
2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖 , 𝑡)) (5.8) 

 

Then the noise variance of the analog signal can be expressed as: 

𝛔𝑛
2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖 , 𝑡)) =  

2

3
𝛔2(∆(𝑟𝑖 , 𝑡)) (5.9) 

 

Then, assuming that noise variance is approximately constant within the measuring 

period, we can estimate it as: 

�̂�𝑛
2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟𝑖 , 𝑡)) =  

2

3
�̂�2(∆(𝑟𝑖 , 𝑡))   , 

  �̂�2(∆(𝑟𝑖 , 𝑡)) =  
∑ (∆(𝑟𝑖 , 𝑇) − ∆(𝑟𝑖 , 𝑡))

2𝑁𝑇
𝑡=1

𝑁𝑇 − 1
 

(5.10) 

 

where 𝑁𝑇 is the number of atmospheric profiles within the time period 𝑇, and 

∆(𝑟𝑖 , 𝑇) is the mean value of ∆ estimated for the bin 𝑟𝑖 within the time period 𝑇.  

We have compared the values of the noise standard deviation when it is estimated 

with Eq. 5.10 and when we calculate it just as the variance of the analog signal. The 

results are shown for the parallel (Fig. 5.1) and perpendicular channels (Fig. 5.2). 

We observe that both methods lead to similar results above 3000 m, where the 

effect of aerosol variability is low. Nevertheless, for lower altitudes the total 

variance of the analog signal is noticeably higher than the estimated noise variance: 

their relative difference can reach up to 600% at some altitude bins. These 

differences are likely caused by the variability of aerosol due to the presence of an 

elevated dust layer during the measurement period, between 2:42 UTC and 3:10 

UTC on 10 April 2015.  

Also, we have tested this method with the PC signal. In this case, we have 

compared the estimations from Eq. 5.10 against the values obtained from Eq. 5.3. 

The results are shown for the parallel (Fig. 5.3) and perpendicular channels (Fig. 

5.4). We can see that for both channels the only systematic deviations appear in the 

lower altitudes, where the dead-time correction of the PC signal is more likely to 
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fail. However, for the rest of the profile systematic deviations are not noticeable. 

Indeed, for the parallel channel the median value of the relative deviation is -0.6 %, 

and for the perpendicular channel, -1.8 %. Although the tested method is able to 

meet the expected values without systematic deviations, the retrieved profiles are 

associated to a higher uncertainty than the results obtained from Eq. 5.2.  

 

Fig. 5.1 a) Standard deviation profile of the parallel analog signal (green) and 

noise standard deviation estimated with Eq. 5.10 (red). b) Relative differences 

between the profiles in a). 

 

Fig. 5.2 a) Standard deviation profile of the perpendicular analog signal (green) 

and noise standard deviation estimated with Eq. 5.10 (red). b) Relative 

differences between the profiles in a). 
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Fig. 5.3 a) Square root of the atmospheric parallel PC signal (black) and noise 

standard deviation estimated with Eq. 5.10 (red). b) Relative differences 

between the profiles in a). 

 

Fig. 5.4 a) Square root of the atmospheric perpendicular PC signal (black) and 

noise standard deviation estimated with Eq. 5.10 (red). b) Relative differences 

between the profiles in a). 

5.4 Improvements on the analog noise estimation 

The noise variance in the atmospheric component of the analog signal can be 

written as: 

𝛔𝑛
2 (𝑃𝑎𝑛,𝑎𝑡𝑚(𝑟, 𝑡)) = 𝑁𝑆𝐹2 · 𝑃𝑎𝑛,𝑎𝑡𝑚(𝑟, 𝑡) (5.11) 
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where NFS is the noise scale factor introduced by Liu [2006] that relates the 

measured signal with its noise variance. Therefore, we can rewrite the total noise 

variance of a single profile as: 

𝛔𝑛
2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟, 𝑡)) =  𝑁𝑆𝐹2 · 𝑃𝑎𝑛,𝑎𝑡𝑚(𝑟, 𝑡) +  𝛔𝑛

2 (𝑃𝑎𝑛,𝑑𝑐(𝑟, 𝑡)) (5.12) 

 

If we are able to accurately estimate both the noise variance of the dark signals and 

the NSF, then we can reduce the uncertainty in the retrieval of the total noise 

variance. 

Regarding the dark signals of the RMAN-510, its noise variance does not depend 

on range. In Fig. 5.5 we show the noise variance of the parallel and perpendicular 

channels, derived from three 1-minute measurements. We can see that, due to the 

low number of dark signals profiles, the retrieved values of the noise variance are 

associated to a high uncertainty. A deeper analysis of these retrieved values reveals 

that they follow a χ
2
 distribution (Fig 5.6). In particular:  

𝑁𝑑𝑐

�̂�𝑛
2 (𝑃𝑎𝑛,𝑑𝑐(𝑟, 𝑡′))

〈�̂�𝑛
2 (𝑃𝑎𝑛,𝑑𝑐(𝑟, 𝑡′))〉

 ~ 𝜒2(𝑁𝑑𝑐 − 1) (5.13) 

 

Where 〈�̂�𝑛
2 (𝑃𝑎𝑛,𝑑𝑐(𝑟, 𝑡′))〉 is the expected value of the dark signals noise variance, 

calculated as the mean value within the atmospheric range. This result is the 

expected by Cochran's theorem when we analyze the estimated variance of 

independent observations from a normal distribution [Cochran, 1934; Knight, 

2000]. We can conclude that the dark signals noise variance is indeed range 

independent, since systematic deviations from the mean would have produced a 

different distribution.  

Since the noise variance of the dark signals does not depend on range, we can treat 

Eq. 5.12 as a first order polynomial. The coefficients of this polynomial can be 

estimated fitting �̂�𝑛
2(𝑃𝑎𝑛(𝑟, 𝑡)) against 𝑃𝑎𝑛,𝑎𝑡𝑚(𝑟, 𝑡) with the least squares method. 

Since the fitted data have range-dependent variance, we weight the least squares 

with the inverse of the estimated noise variance, �̂�𝑛
2(𝑃𝑎𝑛(𝑟, 𝑡)). Then, the total 

noise variance of the analog signal can be then expressed as: 

�̅�𝑛
2(𝑃𝑎𝑛(𝑟, 𝑡)) = 𝐴 𝑃𝑎𝑛,𝑎𝑡𝑚(𝑟, 𝑡) + 𝐵 (5.14) 
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where 𝐴 and 𝐵 are the coefficients estimated with weighted least squares and the 

bar over �̅�𝑛
2  is used to differentiate it from the estimated value in Eq. 5.10. The 

slope of the linear fit, 𝐴, is just the square of the NFS. Since the weights used in the 

linear fit, �̂�𝑛
2(𝑃𝑎𝑛(𝑟, 𝑡)), are highly affected by signal noise, we can iterate again 

using the inverse of �̅�𝑛
2(𝑃𝑎𝑛(𝑟, 𝑡)) as the new weights.  

 

Fig. 5.5 Dark signals noise variance for the parallel (a) and perpendicular (b) 

channels. The mean value of each channel is presented with a dashed black line. 

 

Fig. 5.6 Normalized histogram of the estimated dark signals noise variance 

divided by its mean value and multiplied by the number of dark signals profiles 

(𝑁𝑑𝑐 , 3 in this case). The corresponding chi-squared distribution for 𝑁𝑑𝑐 − 1 is 

also displayed in black. The results are presented for the parallel (a) and 

perpendicular (b) channels.  
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In Fig. 5.7 we display the results obtained for the parallel and perpendicular 

channels in the analog mode. The data have been fit for altitudes above full overlap. 

We observe that the new estimation of the noise standard deviation is less affected 

by signal noise. The main differences with respect the results in Eq. 5.10 appear in 

the perpendicular channel above 3000m. Nevertheless, in the near-range the results 

show no noticeable systematic deviations. Finally, we can also see that in the 

second iteration the values of the NSF are slightly higher: 7.55 vs 7.33 in the 

parallel channel and 10.3 vs 9.88 in the perpendicular channel. We have also tested 

the fit method with the PC mode (Fig. 5.8). In this case the data have been fitted for 

altitudes above 2000 m to avoid non-linearity in the signal in the low altitudes due 

to the dead time. The results obtained are similar as those from Eq. 5.3 and the 

retrieved NSF deviate at most 2% from the expected value.  

5.5 Signal noise of the atmospheric component 

In sections 5.2 and 5.3 we have estimated the noise variance of the total analog 

signal. Nevertheless, we are interested in determining the variance caused by signal 

noise in the estimated atmospheric component. From eq. 4.3 to 4.5 and the results 

of section 5.3 the noise variance of the atmospheric signal averaged during a period 

of time T can be calculated as: 

�̂�𝑛
2 (𝑃𝑎𝑛,𝑎𝑡𝑚(𝑟, 𝑇)) =  

�̅�𝑛
2 (𝑃𝑎𝑛,𝑡𝑜𝑡(𝑟, 𝑡))

𝑁𝑎𝑡𝑚

+ 
〈�̂�𝑛

2 (𝑃𝑎𝑛,𝑑𝑐(𝑟, 𝑡′))〉

𝑁𝑑𝑐

 (5.15) 

 

where �̅�𝑛
2(𝑃𝑎𝑛) is the total noise variance estimated with the fit method; 

〈�̂�𝑛
2(𝑃𝑎𝑛,𝑑𝑐)〉 is the expected noise variance of the dark signals calculated as its 

mean value within the whole atmospheric range;  𝑁𝑎𝑡𝑚 is the number of 

atmospheric measurements; and 𝑁𝑑𝑐 the number of dark signals profiles. Finally, 

the signal-to-noise ratio (SNR) of the backscattered analog signal is estimated as: 

𝑆𝑁�̂�(𝑃𝑎𝑛(𝑟, 𝑇)) =  
𝑃𝑎𝑛(𝑟, 𝑇)

�̂�𝑛 (𝑃𝑎𝑛,𝑎𝑡𝑚(𝑟, 𝑇))
 (5.16) 
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Fig. 5.7 Noise standard deviation in the analog mode estimated with Eq. 5.10 

(green) and with the fit method in a first iteration (red) and in a second 

iteration (black). The results are displayed for the parallel (a) and for the 

perpendicular (b) channels.  

 

 

Fig. 5.8 Noise standard deviation in the PC mode estimated with Eq. 5.3 (green) 

and with fit method in a first iteration (red) and in a second iteration (black). 

The results are displayed for the parallel (a) and for the perpendicular (b) 

channels. 
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6. RMAN- 510 quality assurance tests 
 

In this chapter we present three quality tests performed to the RMAN-510 signal. 

In the first test, the Rayleigh fit, the lidar signal is compared to the expected 

molecular signal for aerosol-free altitudes. This test assesses the lidar alignment 

for medium and far-range signals. The second test, the polarization calibration, 

is performed to find the absolute calibration between the parallel and 

perpendicular channels. Also, by comparing the depolarization measurements 

against the results from theory at aerosol-free altitudes we assess the 

performance of the RMAN-510 polarization optics. Finally, the telecover test is 

performed to analyze the alignment of the RMAN-510 system for near-range 

signals. 
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6.1 Rayleigh fit 

The Rayleigh-fit test compares the lidar signal to the expected signal coming from 

an aerosol-free atmosphere, i.e., an atmosphere where only Rayleigh scattering 

occurs. This way we can assess the calibration and alignment of the lidar signal for 

altitudes above the upper aerosol layer. This test is one of the standard quality 

assurance tests that are regularly performed to lidar systems within EARLINET 

[Freudenthaler, 2008]. In this section we show the results corresponding to a 30-

minute measurement starting at 02:44 UTC on28 November 2015. This case is 

particularly suitable for this test due to the low aerosol concentration above 3 km. 

 

Fig. 6.1 Difference between the measured and the expected molecular signal for 

the 30-minute measurement starting on 28 November 2015, at 02:44 UTC. The 

results are displayed in raw resolution (green) and smoothed using a 30-bin 

wide moving average (red). The horizontal black lines indicate the fitting 

interval used for the expected molecular signal. 

In Fig. 6.1 we show the results of the Rayleigh fit for the parallel (left), 

perpendicular (center) and Raman channel (right). In particular we show the range-

corrected signals minus the expected molecular signal, fitted between 4 and 12 km. 

The results are shown in raw resolution (green) and smoothed using a 30-bin wide 

moving average (red). For the parallel channel we do not observe any systematic 

deviation above 4 km, indicating a good calibration. Within the fitting interval, the 

root-mean-squared-deviation (RMSD) between the measured and the expected 

signal is just 3.4% the mean value of the expected signal. This difference is mainly 
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caused by signal noise: within the fitting interval the RMSD normalized by the 

signal noise standard deviation is equal to 1.06. Similar results are observed for the 

perpendicular channel. In this case the signal is not affected by systematic 

deviations above 4 km. The RMSD within the fitting interval is equal to 9 % the 

mean value of the expected signal, and the RMSD normalized by signal noise is 

equal to 1.02, indicating that the deviations are also caused by signal noise. Finally, 

the Raman signal also shows good behavior above 4 km. For this channel The 

RMSD within the fitting interval is equal to 14 % the mean value of the expected 

signal, and the RMSD normalized by signal noise is equal to 1.03, indicating also 

that signal noise is the main source of disagreement. 

6.2 Polarization calibration 

The polarization state of the light arriving to the system elastic detectors, 𝑰𝑅,𝑇, can 

be determined with the Stokes-Müller formalism [Freudenthaler, 2016; Bravo-

Aranda, 2014]: 

𝑰𝑅,𝑇 = 𝜂𝑅,𝑇𝑹𝛼𝑴𝑅,𝑇𝑹−𝛼𝑴𝑂𝑭𝑴𝐸𝑰𝐿 (6.1) 

 

where the regular letters indicate scalar terms, and the bold letters stand for Stokes 

vectors and Müller matrices. In particular, 𝑰𝐿 is the Stokes vector of the emitted 

laser light; the scalar term 𝜂𝑅,𝑇 represents the gain factor of the detection channel; 

and the Müller matrices represent the emission optics (𝑴𝐸), the atmospheric 

interaction (𝑭), the receiving optics (𝑴𝑂), the polarizing beam splitter –PBS–  

(𝑴𝑅,𝑇), and the axial rotation of the PBS with respect to the laser plane of 

polarization (𝑹±𝛼) [Chipman, 2010]. Finally, the subscripts 𝑅, 𝑇 refer to the 

reflected, and the transmitted light by the PBS.  

The main difference between Eq. 6.1 and the equations derived by Freudenthaler 

[2016] and Bravo-Aranda [2014] is that we rotate the PBS by an angle 𝛼 with the 

matrices 𝑹±𝛼 [Chipman, 2010] instead of using a rotation matrix, 𝑹𝑦, to change the 

coordinate system. This procedure leads to the same results and allow us to 

introduce the misalignment of the PBS from Eq. 6.1. 

Assuming an ideal behavior of the emitting and receiving optics (𝑴𝑂 = 𝑴𝐸 = 𝟏𝟒), 

which is a good approximation considering that the RMAN-510 system is 

optimized to a single wavelength, the rest of vectors and matrices in Eq.6.1 are 

defined as [Freudenthaler, 2016; Chipman, 2010]: 
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𝑰𝐿 = (1 1 0 0)𝐓 (6.2) 

 

𝑭 = 𝐹11 (

1 0 0 0
0 𝑎 0 0
0 0 −𝑎 0
0 0 0 1 − 2𝑎

) (6.3) 

 

𝑹±𝛼 = (

1 0 0 0
0 cos(2𝛼) ∓sin(2𝛼) 0

0 ±sin(2𝛼) cos(2𝛼) 0
0 0 0 1

) (6.4) 

 

𝑴𝑅 = 𝑇𝑅 (

1 𝐷𝑅 0 0
𝐷𝑅 1 0 0
0 0 −𝑍𝑅𝑐𝑅 −𝑍𝑅𝑠𝑅

0 0 𝑍𝑅𝑠𝑅 −𝑍𝑅𝑐𝑅

)  (6.5) 

 

𝑴𝑇 = 𝑇𝑇 (

1 𝐷𝑇 0 0
𝐷𝑇 1 0 0
0 0 𝑍𝑇𝑐𝑇 𝑍𝑇𝑠𝑇

0 0 −𝑍𝑇𝑠𝑇 𝑍𝑇𝑐𝑇

) (6.6) 

 

In Eq. 6.3 𝐹11 is a range dependent term that accounts for the effects of the 

atmosphere in the signal intensity, and 𝑎 is the polarization parameter of the 

atmosphere, which is directly related to the volume linear depolarization (Eq. 1.26) 

ratio as [Freudenthaler, 2016]: 

𝛿 =  (1 − 𝑎) (1 + 𝑎)⁄  (6.7) 

 

In Eq. 6.4 𝛼 is the angular rotation of the PBS axis with respect the laser 

polarization plane. For lidar systems this angle is usually set at 90
o
 so that the 

parallel signal is the reflected one. The reason is that the PBS is more efficient 

reflecting the light, and thus the presence of parallel signal in the perpendicular 

channel is minimized this way [Bravo-Aranda, 2014]. If we consider an angular 

misalignment of 𝛼′, the cosines in Eq. 6.4 can be written as: 

cos(2𝛼) =  cos(2(90𝑜 + 𝛼′)) =  − cos(2𝛼′) (6.8) 

 

Finally, in Eq. 6.5 and Eq. 6.6, 𝐷𝑅,𝑇 are the so-called diattenuation parameters of 

the PBS and 𝑇𝑅,𝑇 is the average transmittance for non-polarized light. Under ideal 

conditions, i.e. when the reflectance and transmittance of the PBS do not depend on 
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the polarization state of the light, the diattenuation parameters are equal to one for 

the transmitted light (𝐷𝑇  = 1) and equal to minus one for the reflected light (𝐷𝑅 = -

1). The parameters 𝑍𝑋𝑐𝑋 and 𝑍𝑋𝑠𝑋 are related to the transmissivity properties of the 

PBS and the difference of phase shifts that it causes to the parallel and 

perpendicular polarized light. With these parameters, the intensity of the detected 

signal (i.e., the first element of the vector 𝑰𝑅,𝑇) is:  

𝐼𝑅,𝑇 = 𝜂𝑅,𝑇𝑇𝑅,𝑇𝐹11𝐼𝐿(1 − cos(2𝛼′) 𝐷𝑅,𝑇𝑎) (6.9) 

 

and thus the ratio of the reflected and transmitted signals is: 

𝐼𝑅
𝐼𝑇

= 𝜂𝑐

(1 − cos(2𝛼′) 𝐷𝑅𝑎)

(1 − cos(2𝛼′) 𝐷𝑇𝑎)
 (6.10) 

 

where 𝜂𝑐 is the calibration factor, defined as: 

𝜂𝑐 ≡
𝜂𝑅𝑇𝑅

𝜂𝑇𝑇𝑇

 (6.11) 

 

6.2.1 Polarization calibration constant 
The determination of the polarization calibration factor requires a calibrator to 

remove the atmospheric depolarization parameter, 𝑎, from Eq. 6.10. Regarding this 

issue, Spinhirne [1982] used a half-wave plate (HWP) placed after the laser 

emission. On the other hand McGill [2002] also used a HWP, but placed it just 

before the PBS. Freudenthaler [2009 and 2016], rotated the PBS so that the cosine 

in Eq. 6.10 became equal to zero. In addition to this last method, Bravo-Aranda 

[2014] placed a linear polarizing filter before the receiving optics, which also 

allowed him to retrieve the effective diattenuation of the system. A thorough list of 

others calibration procedures can be found in the work of Freudenthaler [2016]. In 

our case, we have used as a calibrator, 𝑪 ,a quarter-wave plate (QWP) placed just 

after the emission optics of the system. Using the Stokes-Müller formalism this can 

be written as: 

𝑰𝑅,𝑇 = 𝜂𝑅,𝑇𝑹𝛼𝑴𝑅,𝑇𝑹−𝛼𝑴𝑂𝑭𝑪𝑴𝐸𝑰𝐿  (6.12) 

  

with  
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𝑪 =  (

1 0 0 0
0 cos2 (2𝜃) cos (2𝜃)sin (2𝜃) sin (2𝜃)

0 cos (2𝜃)sin (2𝜃) sin2 (2𝜃) −cos (2𝜃)

0 −sin (2𝜃) cos (2𝜃) 0

)  (6.13) 

 

where 𝜃 is the angle between the laser polarization plane and the fast axis of the 

QWP [Chipman, 2010]. This way, the reflected and transmitted signal becomes: 

𝐼𝑅,𝑇 = 𝜂𝑅,𝑇𝑇𝑅,𝑇𝐹11𝐼𝐿(1 − cos(2𝛼′) 𝐷𝑅,𝑇𝑎 cos2 (2𝜃)) (6.14) 

 

and the signal ratio: 

𝐼𝑅
𝐼𝑇

= 𝜂𝑐

(1 − cos(2𝛼′) 𝐷𝑅𝑎 cos2 (2𝜃))

(1 − cos(2𝛼′) 𝐷𝑇𝑎 cos2 (2𝜃))
 (6.15) 

 

From this last equation we can see that if 𝜃 is equal to 45
o
 then the ratio of the 

reflected and transmitted signals is equal to 𝜂𝑐. Also, when 𝜃 is equal to 45
o
 the 

signal ratio is minimum (Fig. 6.2). This fact can be used to find 𝜂𝑐 even if the 

orientation of the polarization plane of the laser is unknown. If we consider angles 

close to 45
o
 (i.e.,  𝜃 = 𝜋 4⁄ + ∆𝜃 , ∆𝜃 ≪  𝜃), then Eq. 6.15 can be rewritten as: 

𝐼𝑅
𝐼𝑇

= 𝜂𝑐

(1 − cos(2𝛼′) 𝐷𝑅𝑎  (2 ∆𝜃)2)

(1 − cos(2𝛼′) 𝐷𝑇𝑎  (2 ∆𝜃)2)
 (6.16) 

 

We see that in the last equation the error in the angle (∆𝜃) is squared and, therefore, 

has a limited effect on the determination of 𝜂𝑐. For example, for the case depicted 

in Fig. 6.2, deviations of 3
o
 results in an underestimation of 𝜂𝑐 around 2.2%.  

For the RMAN-510 system 𝐼𝑅 corresponds to the parallel channel, and 𝐼𝑇  to the 

perpendicular one. Therefore, for each calibration measurement 𝜂𝑐 is estimated as: 

�̂�c = min  {�̂�𝜃}  (6.17) 

 

with  

�̂�𝜃 = 
∑ 𝑃‖(𝑟𝑖 , 𝜃)

𝑟𝑓

𝑟𝑖=𝑟0

∑ 𝑃⊥(𝑟𝑖 , 𝜃)
𝑟𝑓

𝑟𝑖=𝑟0

 (6.18) 
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Fig. 6.2 Expected ratio between the measured and the actual polarization 

calibration constant as a function of the angle between the calibrator fast axis 

and the laser plane of polarization (θ). Two different cases are considered: one 

ideal case with 𝐷𝑟/𝑡 = 1/-1, 𝛼′ = 0 and 𝑎 = 0.99 (solid blue); and one case with  

𝐷𝑟/𝑡 = 0.998/-0.95, 𝛼′ = 5o and 𝑎 = 0.98 (dashed red). 

In particular, for the calibration measurements we use the data for altitudes above 

5000 m to avoid signal distortion in the perpendicular channel caused by the dead 

time in the PC mode of the perpendicular channel. An example of calibration 

measurement is shown in Fig. 6.3. The ratio between signals above 5 km is shown 

in green, and the corresponding smoothed profile (obtained using a 100-bin wide 

moving average) is shown in black. We can see that in none of the measurements 

the ratio depend on range. 

A total of four calibration measurements were performed during the operation of 

the RMAN-510 (Table 6.1). Although the calibration measurements have been 

made in different dates and locations, the standard deviation of the retrieved values 

is lower than 2%, indicating the stability of this parameter. Based on these results, 

the mean value of �̂� (33.8×10
-3

) is used for all the operating period of the RMAN-

510. 

Once 𝜂 has been estimated, 𝛿 can be calculated from Eq. 6.2 to 6.8 as: 

  

�̂� =  
�̂�∗(1 − cos(2𝛼′) 𝐷𝑇) + cos(2𝛼′) 𝐷𝑅 − 1

−�̂�∗(1 + cos(2𝛼′) 𝐷𝑇) + cos(2𝛼′) 𝐷𝑅 + 1
 

 

(6.19) 
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with  

�̂�∗ =
1

�̂�𝑐

𝑃‖

𝑃⊥

  (6.20) 

 

Eq. 6.19 tells us that to retrieve 𝛿 we need to know the diattenuation parameters 

(𝐷𝑇,𝑅) and the misalignment angle (𝛼′) of the PBS. However, his information is not 

provided by the RMAN-510 manufacturer. In the next subsection we perform an 

analysis of the molecular depolarization ratio that allows us to estimate these 

parameters. 

 

Fig. 6.3 Polarization calibration measurements corresponding to the night 

between 17 and 18 June 2015, in Granada. Each measurement corresponds to a 

different angle of the calibrator. The bins used for the estimation of ηc are 

shown in green. The smoothed profile is shown in black. The estimated value of 

ηc is shown in red.  
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Table 6.1 Polarization calibration constants (ηc) measured during the operation 

of the RMAN-510. 

Location Date ηc × 10-3 

Burjassot 
22/10/2014 34.3 

19/11/2014 33.2 

Granada 
11/06/2015 34.2 

17/06/2015 33.6 

Mean (Std. Dev.) 33.8 (0.4) 

6.2.2 PBS parameters 
As we saw in subsection 1.3.3, when linearly polarized light interacts with gas 

molecules, most of the light that is backscattered keeps the same polarization state 

as the incident light. Nevertheless, a smaller amount of this light is also 

backscattered in a depolarized way. The molecular depolarization ratio (𝛿𝑚) 

measured by a lidar system depends on three main parameters: 1) the air 

temperature; 2) the width and shape of the receiving optic filters; and 3) the 

wavelength shift between the laser emission and the receiving optic filters 

[Behrendt and Nakamura, 2002]. This is mainly because the ratio between the cross 

sections of the parallel and perpendicular backscatter is different for the Cabannes 

line than for the rotational Raman wings. In this section we will compare the 

expected and measured values of 𝛿𝑚 to analyze the behavior of the diattenuation 

parameters and misalignment of the PBS. 

Using the work by Behrendt and Nakamura [2002] we have estimated the expected 

calibrated ratio between the molecular perpendicular and parallel signals (1/𝛿∗) 

that would be measured by the RMAN-510 system for air temperatures of 240 K 

and 220 K (Table 6.2).  The results in the upper part of Table 6.2 have been 

obtained assuming an ideal PBS (𝐷𝑇  = 1, 𝐷𝑅 = -1, 𝛼′ = 0), and thus 1/𝛿∗ values are 

equal to 𝛿𝑚. The results in the lower part correspond to a realistic and well-aligned 

PBS (𝐷𝑇  = 0.998, 𝐷𝑅 = -0.95, 𝛼′ = 0), with diattenuation parameters based on the 

values given by Bravo-Aranda [2014] for the PBS of the Mulhacén lidar system in 

Granada, Spain.  
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Table 6.2 Calibrated ratio between the perpendicular and parallel signal (1/𝛿∗) 

that would be measured by the RMAN-510 as a function of the temperature (T), 

the diattenuation parameters (𝐷𝑇 and 𝐷𝑅), and the wavelength shift between 

the laser and the optical filter (∆λ). The presented values are multiplied by a 

factor of 103. 

PBS T (K) 
∆λ (nm) 

-0.1 -0.05 0 0.05 0.1 

𝑫𝑻 = 1, 𝑫𝑹 = -1 
220 4.42 4.10 3.97 4.15 4.53 

240 4.37 4.07 3.94 4.11 4.46 

𝑫𝑻 = 0.998,  
𝑫𝑹 = -0.95 

220 5.56 5.23 5.09 5.28 5.67 

240 5.50 5.19 5.07 5.23 5.60 

 

Once the expected values of 1/𝛿∗ have been estimated, we have used the pre-

processed level-0 data from the RMAN-510 system to retrieve the corresponding 

experimental values, 1/�̂�∗ (Fig. 6.4). To this aim we have used aerosol-free bins 

corresponding to altitudes with temperatures between 220 K and 240 K. We 

observe that for dates before 1 June 2015, the values of  1/�̂�∗ lie below the ones 

expected for the realistic case, indicating a good alignment and performance of the 

RMAN-510 PBS. However, we can also see that for this period of time the values 

of 1/�̂�∗ are not constant, being higher during the warmer dates. One of the reasons 

that could explain these results is that, although the inner temperature of the system 

is regulated by an AC system, this regulation is not enough to compensate elevated 

environment temperatures. Changes in the inner temperature can result in three 

different processes that can explain this behavior: 1) a shift of the laser central 

wavelength [Kimmelma, 2008], 2) shift of the optical filter central wavelength 

[Scobey, 2016; Fredell, 2015], and 3) misalignment caused by the thermal 

expansion of the system components.  Other reason that would explain this seasonal 

variability is the fact that during the warmer seasons the amount of aerosols in the 

upper atmosphere might be higher, and thus the ranges taken as reference are not 

completely aerosol-free. Although these might not be the only causes that lead to 

the increase of 1/�̂�∗ with temperature, the results obtained in section 6.2.1 allow us 

to discard the variability of �̂�𝑐 as one of them.  

With respect to the results obtained for dates after 1 August 2015, we observe that 

the values of 1/�̂�∗ are systematically higher and also present a seasonal behavior. 
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This feature appears after the measuring period of the RMAN-510 system in 

Granada (from 26 May 2015, to 24 July 2015), thus indicating that it might be 

caused by a misalignment of the PBS during the transport process. In order to 

quantify the angle of misalignment that would lead to these results, we first remove 

the temperature dependence of 1/�̂�∗ linearly fitting it against the surface 

temperature (Fig. 6.5). If we take as reference the mean difference between the 

fitted lines for the temperature range between 275 K and 305 K, using Eq. 6.19 the 

misalignment angle is estimated to be equal to 1.60
o
 for an ideal PBS and 1.58

o
 for 

a realistic PBS.  

 

Fig 6.4 Blue dots: Calibrated ratio between the perpendicular and parallel signal 

(1/𝛿∗) measured by the RMAN-510 system in Burjassot for altitudes 

corresponding to temperatures between 220 K and 240 K. Green horizontal 

lines: Expected mean value of 1/𝛿∗ when we assume an ideal PBS (lower line) 

and when we use a realistic PBS (upper line), considering in both cases no 

wavelength shift between the laser and the optical filter. Black vertical dashed 

lines: Dates when calibration measurements were made (see Table 6.1). 

 

Fig. 6.5 Calibrated ratio between the perpendicular and parallel signal (1/𝛿∗) 

measured by the RMAN-510 as a function of the surface temperature. Blue 
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circles: measurements before 1 June 2015. Red circles: measurements after 1 

August 2015. 

6.3 Telecover test 

The telecover test [Freudenthaler, 2008] allows us to check the alignment of the 

optical components of the lidar system, especially in the near range. In order to 

perform this test we divide the receiving telescope in four quadrants: North, East, 

South, and West (Fig. 6.6). If the system is well-aligned we should observe the 

following: 1) the full overlap altitude is lower in the signal measured by the 

quadrants closer to the emission (hN < hE = hW < hS); and 2) the normalized signals 

of each quadrant are equal above the overlap altitude. Since the measurements 

cannot be done at the same time, we need to perform the telecover test in cases 

where the aerosol distribution remains stable during a sufficient period of time. 

 

Fig. 6.6 Plan-view of the emitting optics (left) and receiving telescope (right). 

The quadrants of the telecover test are indicated in the receiving telescope. 

In this section we show the results for the telecover test performed on 10 June 2015, 

in Granada. Although other telecover tests were performed during the operation of 

the RMAN-510, in this case the atmosphere was particularly stable, allowing a 

better analysis of the results. During this test we performed 8 6-minute 

measurements with the following pattern: N-E-S-W-N-E-S-W. In Fig. 6.7 we show 

the range-corrected parallel analog signals corresponding to the each quadrant, 

normalized between 1500 m and 3000 m. We can see that for all quadrants the 

shape of the signal is similar for altitudes below 2000 m, indicating that the 

atmosphere is stable enough to perform the test for this channel. Regarding the 

perpendicular channel (Fig. 6.8) we notice systematic differences between the 

signals measured in the first and second iteration, indicating that for this channel 
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the telecover test cannot be performed correctly. Finally, for the Raman channel 

(Fig 6.9), the PC range-corrected signals do not show systematic deviations and, 

therefore, can be analyzed.  

 

Fig. 6.7 Parallel analog signal stability test for the North (a), East (b), South (c), 

and West (d) quadrants.  

 

Fig. 6.8 Perpendicular analog signal stability test for the North (a), East (b), 

South (c), and West (d) quadrants.  
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Fig. 6.9 Raman PC signal stability test for the North (a), East (b), South (c), and 

West (d) quadrants.  

6.3.1 Parallel signal 
The results obtained for the parallel signal are shown in Fig. 6.10. We observe that 

the greatest signal intensity is measured by the southern quadrant, followed by the 

eastern and western quadrants (which correspond to almost the same intensity), 

and, finally, by the northern quadrant (Fig. 6.10a). This behavior can be caused by a 

spatial inhomogeneity in the detector window [Hamamatsu, 2007], although a 

deeper analysis is needed in this respect. Regarding the full overlap altitudes, the 

signal maxima are found in the following order (Fig. 6.10b): North (161.8 m), West 

(244.3 m), East (251.8 m) and South (371.8 m). These results are the expected ones, 

indicating a good alignment of the receiving telescope with respect the emitted 

signal.  

Finally, the analysis of the normalized signals (Fig. 6.10c) reveals that, on one 

hand, the northern signal is lower than the mean signal by 5% at 500 m and by 2% 

at 1000 m. On the other hand, the southern signal is higher than the mean signal by 

5% at 500 m and by 2% at 1000 m. With respect the eastern and western quadrants, 

the measured signals do not deviate noticeably from the mean signal. These results 

can be caused by a partial truncation of the near-range signal arriving to the 
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northern half of the telescope, which leads to a signal loss in the eastern, western, 

and, especially, the northern quadrants. Nevertheless, a deeper study should be 

carried out in this regard.  

 

Fig. 6.10. Results of the telecover test for the parallel channel. a) Mean analog 

RCSs measured for each quadrant. The dashed black line indicates the mean 

signal measured for all quadrants. b) Signals in a) normalized between 1500 

and 3000 m. c) Relative difference between the normalized signals for each 

quadrant and the normalized mean signal. 

6.3.2 Raman signal 
The results for the Raman signal are displayed in Fig. 6.11. Unlike the parallel 

channel, the most intense signal is received by the northern quadrant, followed by 

the western, southern and eastern ones (Fig. 6.11a). With respect the full overlap, 

the altitudes where the signal maxima are found range between 176.8 m (South) 

and 214.3 m (West and North) (Fig. 6.11b). The fact that these results are not the 

expected ones can be explained by two reasons. The first one is that the signal is 

strongly affected by noise and its effect can mask maxima in the signal. The second 
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one is that we are analyzing the PC signal, which is affected by the detectors dead 

time. This would explain why the quadrants associated to the strongest signals 

(North and West) are also associated to the highest overlap altitudes. Regarding the 

normalized signals (Fig. 6.11c), we observe that the signal arriving to the northern 

quadrant is around 5 % lower than the mean signal for altitudes below 1000 m. This 

behavior is similar to the one seen for the parallel channel, indicating a possible 

truncation of the light arriving in this sector.   

 

Fig. 6.11. Results of the telecover test for the Raman channel. a) Mean PC range 

and background corrected signals measured for each quadrant. The dashed 

black line indicates the mean signal measured for all quadrants. b) Normalized 

signals. c) Relative difference between the normalized signals for each quadrant 

and the normalized mean signal. 
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7. CL51 data pre-processing 
 

In this chapter we analyze the main corrections required by the CL51 signal for 

the study of aerosols. First, we present the data format of the CL51 system. Then 

we describe the estimation of the electronic background signal of the ceilometer 

using clear-atmosphere cases. Finally, we propose a method to estimate the 

signal random noise of the CL51 system, based on the one used for the RMAN-510 

lidar.   
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7.1 Electronic background 

The data provided by the CL51 system is already corrected by overlap, atmospheric 

background signal and range. However, the system software does not subtract the 

electronic background
*
 from the total signal. Usually this electronic background is 

several orders of magnitude weaker than the signal backscattered by clouds, and 

thus it can be neglected. However, this is not the case when we study aerosols, 

especially at medium and high altitudes. Therefore, the electronic background has 

to be measured and removed from the total signal.  

Although the distortion produced by the electronic background in the CL51 signal 

is easily noticeable, its correction is not usually performed even in relatively recent 

works. For example, in order to avoid the distortion Jin [2014] and Wiegner [2015] 

just recommended using only the first 3 km or 2.2 km of data, respectively. To date, 

the most comprehensive work about signal correction of Vaisala ceilometers has 

been carried out by Kotthaus [2016].  

There are two main ways to measure the electronic background of the CL51 

system. The first one is placing a termination hood over the ceilometer. This optical 

device absorbs the light emitted by the system laser, leading to the same signal as 

an “empty” atmosphere [Vaisala, 2010]. The second method uses measurements 

during aerosol-free conditions: at the ceilometer emission wavelength (910 nm) the 

Rayleigh signal is so weak that, above a certain altitude, it cannot be measured over 

the electronic background. Kotthaus [2016] proved that both methods agreed for 

altitudes above 2400 m using the data from a Vaisala CL31 ceilometer. We have 

chosen that altitude as lower bound for the electronic background estimation.  

In order to estimate the electronic background of the CL51 system, we have used 

31 30-minute measurements corresponding to nighttime clear sky conditions. The 

absence of aerosols above 2400 m is confirmed using coincident measurements of 

the perpendicular channel of the RMAN-510 system. Moreover, all cases 

correspond to surface temperatures lower than 22
o
C. This condition is required to 

discard the temperature effects on the signal (see subsection 7.1.1). For the 31 

analyzed cases we observe that the shape of the electronic background profiles is 

                                                           

*
 We call electronic background to the sum of the afterpulse signal and the dark 

signals.  
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stable with time, and that the main differences are caused by signal noise (Fig. 

7.2a). This time stability allows us to estimate the electronic background profile as 

the average of the 31 profiles: 

�̂�𝑒𝑏(𝑟) =
∑ 𝑃𝑒𝑏,𝑖(𝑟)

𝑁𝑝

𝑖=1

𝑁𝑝

 ; 𝑟 > 2400 𝑚 (7.1) 

 

where 𝑃𝑒𝑏,𝑖 are the measured electronic background profiles and 𝑁𝑝 is the number 

of profiles (31). This leads to an improvement of the signal-to-noise ratio with 

respect the individual profiles (Fig. 7.2b). For altitudes lower than 2.4 km the 

electronic background profile is considered to be constant and equal to 

�̂�𝑒𝑏(2.4𝑘𝑚), as suggested by Kotthaus [2016].  

 

Fig. 7.1 a) Electronic background profiles measured between 1 September 2014, 

and 1 December  2015. Each color corresponds to a different profile. b) Average 

(blue) and average plus/minus the standard deviation (red) of the 31 electronic 

background profiles in a). 
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7.1.1 Offset correction 
In principle, the atmospheric signal should be calculated just as the total signal 

minus the electronic background obtained with Eq. 7.1. However, we observed that 

for cases where the surface temperature is higher than 24
o
C the CL51 system 

introduces artifacts in the signal above 10000 m. In these cases an offset value has 

to be added to the correction. To illustrate this effect we present two cases: the first 

one corresponds to a 5-hour measurement performed between 20 October 2014, at 

23:00 and 21 October, 2014, at 04:00 (Fig. 7.2); and the second case corresponds to 

a 4-hour measurement in 24 August 2015, between 20:00 and 00:00 (Fig. 7.3). The 

mean surface temperature during these measurements was 24.3
o
C and 25.3

o
C 

respectively.  

 

Fig. 7.2 a) Blue: ceilometer signal corresponding to the 5-hour measurement 

between 20 October 2014 at 23:00, and 21 October 2014 at 04:00. Red: 

Ceilometer electronic background. b) Measured signal minus electronic 

background. The interval marked in red indicates the region used to estimate 

the offset. The black line is the offset mean value. 

The first case corresponds to a Saharan dust event over Burjassot, with a dust layer 

spreading between 0 m to 4000 m. The measured signal is systematically lower 

than the estimated electronic background for all ranges above 4000 m, and it 

reaches negative values for ranges above 9000 m (Fig. 7.2a). Also, we can see that 
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above 10000 m the signal stops decreasing with altitude. If we analyze the 

difference between the measured signal and the electronic background, we can see 

that it has an approximately constant value of 6.52·10
-7

 a.u. between 4000 m and 

10000 m (Fig. 7.2b). A similar behavior is seen for the second case (24 August 

2015), where aerosols are also found below 4000 m (Fig. 7.3). The signal offset is 

slightly higher in this case than in the first one (8.59·10
-7

 a.u.). The effect that this 

offset correction has on the range corrected signal (RCS) is displayed in Fig. 7.4. 

We can see that when the offset correction is not applied (blue lines) the RCS take 

negative values as we reach higher altitudes. 

 

Fig. 7.3 a) Blue: ceilometer signal corresponding to the 4-hour measurement on 

24 August 2015, between 20:00 and 00:00. Red: Ceilometer electronic 

background. b) Measured signal minus electronic background. The interval 

marked in red indicates the region used to estimate the offset. The black line is 

the offset mean value. 

When the altitude of the aerosol layers is not known, the offset can be calculated as 

the mean difference between the electronic background and the measured signal for 

ranges between 8000 m and 10000 m, provided that there are no clouds in this 

region. At these ranges the measured signal is not yet distorted and, excluding 

special events, such as dust transported at high altitudes or volcanic eruptions, the 

presence of relevant aerosol layers is unlikely. The values of the electronic 
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background offset for this interval are 6.71·10
-7

 a.u. for the first case, and 8.64·10
-7

 

a.u. for the second case, which correspond to differences of 2.9% and 0.6% with 

respect to the values found when the 4000 m - 10000 m interval was used. In Fig. 

7.4 we can see that when we select this altitude range to estimate the electronic 

background offset the resulting corrected signals are identical (red and yellow 

lines). Therefore, the electronic-background-corrected signal can be estimated as: 

�̂�𝑐𝑜𝑟𝑟(𝑟) =  𝑃(𝑟) − (�̂�𝑒𝑏(𝑟) − �̂�𝑜𝑓𝑓) (7.2) 

  

with 

�̂�𝑜𝑓𝑓 = 
∑ (�̂�𝑒𝑏(𝑟) − 𝑃(𝑟))𝑟=10𝑘𝑚

𝑟=8𝑘𝑚 

𝑁𝑟

 (7.3) 

 

 

 

Fig. 7.4 a) RCS corresponding to the case presented in Fig. 7.2. Blue: corrected 

only by electronic background. Red: corrected by electronic background and 

offset, estimated from 4 km to 10 km. Yellow: corrected by electronic 

background and offset , estimated from 8 km to 10 km. b) Same as a), 

corresponding to the case in Fig. 7.3. In both cases the signals represented in red 

and yellow are so similar that cannot be distinguished.  
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7.2 Noise estimation 

The random noise variance of a single profile measured the CL51 can be written as 

the sum of two contributions:  

𝛔𝑛
2(𝑃𝑡𝑜𝑡(𝑟, 𝑡)) =  𝛔𝑛

2(𝑃(𝑟, 𝑡)) + 𝛔𝑛
2 (𝑃𝑒𝑏+𝑏𝑔(𝑡)) (7.4) 

 

The first term, 𝛔𝑛
2(𝑃), is due to the backscattered signal reaching the detector; and 

the second term, 𝛔𝑛
2(𝑃𝑒𝑏+𝑏𝑔), is caused by the electronic and atmospheric 

background signals. In principle, we should be able to estimate 𝛔𝑛
2(𝑃𝑡𝑜𝑡) using the 

method described in chapter 5. However, this method cannot be directly applied to 

the CL51 signal because the autocorrelation of background noise is not equal to 

zero. To illustrate this we use a 1-hour measurement starting at 03:00 on 21 

October 2014. In Fig. 7.5 we show the standard deviation of the signal within the 

measuring period (red line), and the signal noise standard deviation estimated using 

Eq. 5.10 (blue line). We observe two main differences compared to the results 

obtained for the RMAN-510. The first one is that the random noise due to the 

background signals, which has a constant value, dominates over the rest of terms 

for altitudes over 700 m. The second one is that both methods lead to different 

values at ranges where the effect aerosol variability can be neglected (r > 1 km). 

This indicates that, for adjacent bins, the correlation of the background signal noise 

is not negligible and thus Eq. 5.10 is no longer valid. Based on these results, the 

term 𝛔𝑛
2(𝑃𝑏𝑔+𝑒𝑏) has to be calculated as the mean value of the signal variance at the 

highest ranges. 

 

Fig. 7.5 Red: standard deviation of the CL51 signal. Blue: Noise standard 

deviation of the CL51 signal estimated using Eq. 5.10. The dashed lines indicate 
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the mean value of the profiles estimated in the last 100 bins. Results obtained 

from a 1-hour measurement starting at 03:00 on 21 October 2014.  

In order to assess the validity of Eq. 5.10 for the estimation of 𝛔𝑛
2(𝑃) we need an 

ideal case with negligible atmospheric signal variability. However, we do not have 

the means to verify this condition. In order to overcome this limitation, we make 

the analysis of the signal when the CL51 is covered with an opaque object. The 

high amount of light backscattered in the first bin results in a strong afterpulse 

signal. This afterpulse signal appears after an avalanche event in the APD, when the 

states trapped within the band gap during the avalanche start to depopulate [Jensen, 

2006]. In Fig. 7.6 we show an example of afterpulse signal measured with a silicon 

APD, manufactured by Perkin-Elmer [2010], operated in PC mode. In particular, in 

Fig. 7.6a we show the mean value of the afterpulse signal (blue) and its variance 

within the measuring period (red). In Fig. 7.6b we can see that the variance of the 

afterpulse signal is proportional to its mean value, indicating that, in terms of signal 

noise, it behaves like the atmospheric signal. Because of this, the afterpulse allows 

us to reproduce the effect of the atmospheric signal avoiding the aerosol variability. 

 

Fig. 7.6 a) Afterpulse signal from measured with a silicon APD operated on PC 

mode. Blue: mean signal; red: signal variance. b) Signal variance vs mean signal. 

Green dots: measured values; red line: 1st order polynomial fit. 
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In Fig. 7.7a we show the standard deviation of the CL51 signal (red) when we 

cover it with an opaque object. Also, we show the noise standard deviation 

estimated from Eq. 5.10 (blue). We can see the constant contribution due to the 

background signals (indicated with dashed lines) and the contribution of the 

afterpulse signal for ranges lower than 700 m. If we subtract the effect of the 

background signals (Fig. 7.7b) we observe that the results obtained by both 

methods are similar; indicating that, unlike the background noise, the noise of the 

backscattered signal is not autocorrelated.  

In summary, the term 𝛔𝑛
2(𝑃𝑏𝑔+𝑒𝑏) has to be estimated as the mean value of the 

standard deviation of the signal in the highest altitudes. On the other hand, the term 

𝛔𝑛
2(𝑃) can be estimated using Eq. 5.10 and then removing the contribution of the 

background signals. Finally, if we want to estimate the noise variance of a signal 

averaged during a certain period of time, we just need to divide the terms 

𝛔𝑛
2(𝑃𝑏𝑔+𝑒𝑏) and 𝛔𝑛

2(𝑃) by the number of averaged profiles.  

 

Fig. 7.7 a) Red: standard deviation of the CL51 signal. Blue: Noise standard 

deviation of the CL51 signal estimated using Eq. 5.10. The dashed lines indicate 
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the mean value of the profiles estimated in the last 100 bins. b) Profiles in a) 

minus their mean value in the last 100 bins. 

7.3 Water vapor correction 

Unlike the RMAN-510 lidar, the signal of the CL51 system is affected by the 

presence of water vapor absorption lines within its working spectral range. If we 

separate the effect of water vapor absorption from the rest of the molecular 

extinction, the elastic lidar equation for the CL51 can be written as: 

𝑃𝑟2(𝑟, 𝜆) = 𝑂(𝑟)𝐶 [𝛽𝑚(𝑟, 𝜆) + 𝛽𝑎(𝑟, 𝜆)] · 𝑇𝑎
2(𝑟, 𝜆)𝑇𝑚

2(𝑟, 𝜆)𝑇𝑤
2(𝑟, 𝜆) (7.5) 

 

Therefore, if we want to use the Klett-Fernald-Sasano method (see section 2.4) to 

retrieve the aerosol backscatter coefficient from the CL51 corrected signal, we first 

need to correct the two-way water vapor transmittance, 𝑇𝑤
2.  

To our knowledge, the first to deal with this issue was Markowicz [2008], although 

the most comprehensive work about this issue has been done by Wiegner [2015]. In 

this last work the authors retrieve a series of water absorption cross section profiles, 

𝑄𝑤, using radiosondes as an input of a radiative transfer model. These radiative 

transfer models are numerical models that, given a set of input parameters, provide 

information about different radiative properties of the atmosphere with a certain 

spectral resolution. In our case we follow a similar procedure, feeding the Moderate 

Resolution Atmospheric Transmission (MODTRAN) model [Berk, 2014] with 

HYSPLIT radiosondes. The MODTRAN model provides water vapor transmittance 

profiles,  𝑇𝑤, with a frequency resolution of 1 cm
-1

 within the spectral range of the 

CL51. From these profiles we estimate an effective transmittance profile, 𝑇𝑤(𝜆𝑒𝑓𝑓), 

weighting  𝑇𝑤 by the laser emission spectrum, as indicated by Wiegner [2015]: 

𝑇𝑤(𝑟, 𝜆𝑒𝑓𝑓) =  
∑ 𝑎(𝜆𝑖) · 𝑇𝑤(𝑟, 𝜆𝑖)

𝑁
𝑖=1

∑ 𝑎(𝜆𝑖)
𝑁
𝑖=1

 (7.6) 

 

However, Vaisala does not provide the emission spectrum of the CL51 laser, but 

only the central wavelength and its uncertainty (910±10 nm). Markowicz [2008] 

measured the emission spectrum of the CT25K ceilometer by Vaisala, finding a that 

it followed approximately a Gaussian shape with a center wavelength at 910 nm 

and a standard deviation around 4 nm. In order to determine the effect that the 

emission spectrum has on the effective transmittance, we test different parameters 
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using an actual sounding (Fig. 7.8). The greatest differences are found when we 

shift the central wavelength: the deviations between the results at 𝜆0 = 905nm and 

𝜆0 = 915nm can reach a maximum value of 20% at 10 km. When we change the 

spectral width of the emission, from 4 to 10 nm centered at 910 nm, the differences 

are lower, reaching a maximum value equal to 4.6% at 10 km. Since we do not 

have more information about the spectral shape of the emission and its temperature 

dependence, we assume the emission spectrum parameters derived by Markowicz 

[2008] and take them as temperature invariant.  

 

Fig. 7.8 Inverse of the effective water vapor two-way transmittance for different 

emission parameters: central wavelength (λ0) and spectral width (∆λ) in nm. 

 

Once 𝑇𝑤(𝜆𝑒𝑓𝑓) is determined, this parameter is used to estimate the effective water 

vapor cross section, 𝑄𝑤(𝜆𝑒𝑓𝑓). Since running the radiative transfer model for each 

sounding would be very time-consuming, Wiegner [2015] used a climatology of 

soundings to derive an average 𝑄𝑤(𝜆𝑒𝑓𝑓). The authors estimated that this 

approximation was associated to an error equal to 0.3% in the final correction. Due 

to limitations in the schedule we do not have enough processed soundings to create 

a climatological average of 𝑄𝑤(𝜆𝑒𝑓𝑓). Because of this, a different strategy is 

followed. First, we feed the MODTRAN model with HYSPLIT soundings. In 

particular, we use the soundings between 850 and 250 hPa corresponding to 12:00 

UTC of the first day of each month in 2015. With these 12 soundings we create a 

dataset consisting on 156 samples of water vapor concentration (𝑁𝑤), temperature 

(𝑇), pressure (𝑃), and 𝑄𝑤(𝜆𝑒𝑓𝑓). Finally, we assume the following relationship 

between 𝑄𝑤(𝜆𝑒𝑓𝑓) and the other three parameters: 

𝑄𝑤(𝑟, 𝜆𝑒𝑓𝑓) =  𝑎 · log[𝑁𝑤(𝑟)] + 𝑏 · 𝑇(𝑟) + 𝑐 · 𝑃(𝑟) + 𝑑 (7.7) 
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and fit the data with the linear least squares method to derive the fitting parameters. 

A logarithmic relationship between 𝑄𝑤(𝜆𝑒𝑓𝑓) and 𝑁𝑤 was chosen because it 

improved the predictions obtained when a linear behavior was assumed. The result 

of the fit is shown in Fig. 7.9, where we compare the modelled values of 𝑄𝑤(𝜆𝑒𝑓𝑓) 

with the predicted ones. A correlation of R
2
 = 0.546 was obtained when we 

compare all 156 points, with root-mean-squared-deviation of 9.2×10
-29

 m
2
. One of 

the limitations of this method is that it is unable to predict values higher than 7×10
-

28
 m

2
. Nevertheless, these values usually are associated to altitudes with low water 

vapor content, and therefore the error due to this fact is limited.  

 

Fig. 7.9 Predicted versus modelled effective water vapor absorption cross-

section.  

In order to analyze the effect of using the predicted values of 𝑄𝑤(𝜆𝑒𝑓𝑓) instead of 

the modelled ones, we compare the resulting transmittance profiles. Using the 12 

HYSPLIT soundings, we estimate the mean 𝑇𝑤
2(𝜆𝑒𝑓𝑓) when we use modelled (red) 

and predicted (blue) values of 𝑄𝑤(𝜆𝑒𝑓𝑓) (Fig. 7.10, top). We can see that both 

mean profiles have the same shape and that differences between them are lower 

than 0.01. Also, using the 12 profiles we estimate the relative standard deviation of 

𝑇𝑤
2(𝜆𝑒𝑓𝑓) at each pressure level: 

𝛔𝑟𝑒𝑙[𝑇𝑤
2(𝑃(𝑟), 𝜆𝑒𝑓𝑓)] =  √

∑ [𝑇𝑤,𝑖
2 (𝑃(𝑟), 𝜆𝑒𝑓𝑓) − 〈𝑇𝑤

2(𝑃(𝑟), 𝜆𝑒𝑓𝑓)〉]
212

𝑖=1

12 − 1
 

(7.8) 

 

In Fig. 7.10, bottom, we can see that the maximum deviations between the 

modelled and the predicted profiles are around than 3% in the range between 850 

and 300 hPa.  
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Fig. 7.10 Top: Mean predicted (blue) and modelled (red) two-way water vapor 

transmittance profiles. Bottom: relative standard deviation between the 

predicted and modelled two-way water vapor transmittance profiles. 
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Part III: Signal inversion methods and results 
In the last part of the thesis we present the signal processing and inversion 

methods, as well as the main results. In Chapter 8 we describe the processing and 

inversion methods applied to the RMAN-510 signal. In Chapter 9, we present the 

calibration and inversion automatic algorithms used for the inversion of the 

CL51 signal. In addition to this, we also present the main results obtained for the 

whole CL51 database. Finally, in Chapter 9 we describe the automatic algorithm 

developed for the combined inversion of RMAN-510 and CL51 data, and also 

present the main results.   
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8. RMAN-510 signal processing and inversion 
In this chapter we describe the processing and inversion methods applied to the 

data. First, we present the signal processing methods developed for the retrieval 

of high-resolution profiles. These methods include signal smoothing, automatic 

detection of the reference altitude, and retrieval of the aerosol backscatter, 

optical depth, and linear depolarization ratio. Finally, we describe the method 

developed for the retrieval of low-resolution aerosol backscatter, extinction and 

lidar ratio profiles.  
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8.1 Need for high and low resolution retrievals 

As we saw in Chapter 2, the aerosol backscatter (𝛽𝑎) and linear depolarization 

profiles (𝛿𝑎) can be estimated using the elastic and Raman range corrected signals 

(RCSs). In order to reduce the uncertainty due to random noise, the lidar signals can 

be smoothed prior to the retrieval of these parameters. Nevertheless, this procedure 

results in the loss of effective vertical resolution. Regarding the retrieval of the 

aerosol extinction profile (𝜎𝑎), we also need the derivative of the Raman signal, 

which can be estimated using different numerical methods. However, this 

derivative is highly affected by the presence of signal noise, and usually a greater 

loss of spatial resolution is needed to get a suitable 𝜎𝑎. Due to this, aerosol optical 

parameters are usually retrieved with two different resolutions. On one hand, 𝛽𝑎 

and 𝛿𝑎 are retrieved with a relatively high spatial resolution compared to the raw 

resolution of the lidar system. On the other hand, 𝜎𝑎 is retrieved with a lower 

spatial resolution, limited by the noise of the Raman signal. This is for instance the 

case of the EARLINET database, which requires two types of data files: .b and .e 

files. The .b files include high resolution 𝛽𝑎 and 𝛿𝑎 profiles, while .e files include 

𝜎𝑎 and 𝛽𝑎 low resolution profiles retrieved in an independent way. In order to meet 

these requirements, we have developed two different types of inversion methods 

depending on the effective resolution of the retrievals.  

8.2. Data processing and inversion methods for high-

resolution retrievals 

8.2.1. Signal smoothing 
Sometimes, the lidar signal is too noisy to be directly used in the retrieval of 

physical parameters. The signal-to-noise ratio (SNR) can be improved by averaging 

the signal over longer time periods. However, this method is limited by the aerosol 

temporal variability and can lead to large errors in the retrieved physical parameters 

[Ansmann, 1992]. The lidar profiles can also be smoothed with de-noising 

techniques at the expense of effective vertical resolution. Among these techniques 

we can cite the use of smoothing filters [Iarlori, 2015], smoothing splines 

[Shcherbakov, 2007], discrete wavelet transform [Fang, 2004; Zhou, 2013], or 

empirical mode decomposition [Wu, 2006].  

Smoothing filters have two main advantages compared to other methods: 1) they 

lead to the same results as other methods that require higher computation time 
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[Steffen, 1986]; and 2) the uncertainty of the smoothed signal due to signal noise 

can be analytically estimated [Rocadenbosch, 2012]. Given an input signal (𝑥) and 

a smoothing filter with a certain impulse response (ℎ), the smoothed signal (�̅�) is 

estimated as: 

�̅�(𝑛) =  ∑ ℎ(𝑘)𝑥(𝑛 − 𝑘) 

𝑁

𝑘= −𝑁

 , 𝑛 = 𝑁,… , 𝑛𝑡𝑜𝑡 − 𝑁 − 1 (8.1) 

 

where 2𝑁 + 1 is the number of samples of ℎ(𝑘), and 𝑛𝑡𝑜𝑡 is the length of the input 

signal. An example of smoothing filter is the Gaussian filter, with the following 

impulse response: 

ℎ𝐺(𝑘) =   {
𝐶ℎ exp {−

𝑘2

(2𝑠2)
}   ,   |𝑘| ≤ 𝑡 · 𝑠 

0   ,   |𝑘| > 𝑡 · 𝑠

  (8.2) 

 

being 𝐶ℎ a normalization term; 𝑠 the smoothing parameter, analogous to the 

standard deviation in the Gaussian distribution; and 𝑡 is used to truncate ℎ𝐺 and get 

a finite number of terms. In Fig. 8.1 we show the effect of applying a Gaussian 

filter to two different noisy signals. When the Gaussian filter is applied to a noisy 

cosine function (Fig. 8.1a) we observe that the resulting smoothed signal is able to 

reproduce the original function (Fig. 8.1b). Nevertheless, when we apply the 

Gaussian filter to a rectangular pulse train (Fig. 8.1c) we observe that the smoothed 

signal fails to reproduce the sharp changes in the signal (Fig. 8.1d). We found that 

the performance of the Gaussian filters in the presence of sharp signal changes can 

be improved with a window, 𝑤, which takes into account the accumulated variation 

in the signal relative to the noise standard deviation: 

𝑤(𝑘) =   {
𝐶𝑤 exp {−

𝐷(𝑘)2

(2𝑠2)
}   ,   |𝐷| ≤ 𝑡 · 𝑠 

0   ,   |𝐷| > 𝑡 · 𝑠

 (8.3) 

 

Where 𝐷(𝑘) is defined as: 
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𝐷(𝑘) = √2 · ∑
|∆𝑥(𝑖)|

𝛔𝒏(𝑥(𝑖))

k

𝑖=0

 

|∆𝑥(𝑖)| =  
|𝑥(𝑖 + 1) − 𝑥(𝑖 − 1)|

2
 

(8.4) 

 

In Eq. 8.4 we can see that 𝐷(𝑘) is equal to the accumulated signal difference 

between two bins, normalized by the uncertainty due to signal noise, 𝛔𝒏. This way, 

the new impulse response is equal to: 

ℎ𝐺,𝑤(𝑘) =  ℎ𝐺(𝑘) · 𝑤(𝑘) (8.5) 

 

 

 

Fig. 8.1 a) Cosine signal. Noise-free (dashed red) and corrupted (green) with 

Gaussian noise, σn = 0.25. b) Noise-corrupted cosine signal in a) smoothed with 

a Gaussian filter with s = 6, and truncated for 𝑘 > 4s (green). c) Pulse train. 

Noise-free (dashed red) and corrupted (green) with Gaussian noise, σn = 0.25. 

d) Noise-corrupted pulse train in c) smoothed with a Gaussian filter with s = 6, 

and truncated for 𝑘 > 4s (green).  

In Fig. 8.2 we show the noisy signals displayed in Fig. 8.1 smoothed with the 

Gaussian filter (green) and with the windowed filter (black). In the displayed cases 

we have selected the value of the smoothing parameter, 𝑠, leading to the lowest 
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absolute difference (MAD) between the smoothed and original noise-free signal. 

For the cosine signal (Fig. 8.2a) both methods lead to similar results: the minimum 

MAD values achieved are equal to 0.057 in the case of ℎ𝐺 and 0.059  when we use 

ℎ𝐺,𝑤. Regarding the rectangular pulses (Fig. 8.2b) we found greater differences: a 

minimum MAD of 0.118 is found when we use ℎ𝐺,  decreasing down to 0.093 (22 

% lower) for ℎ𝐺,𝑤. This result indicates that ℎ𝐺,𝑤 is able to reach a better agreement 

with the original signal in the case of sharp changes. 

 

Fig. 8.2 a) Noise-free (dashed red) and noise-corrupted cosine signal of Fig.8.1a, 

smoothed with a Gaussian filter with s = 5.2 (green line), and with a windowed 

filter with s = 6.5 (black line), both truncated for 𝑘 > 4s. b) Noise-free (dashed 

red) and noise-corrupted pulse train of Fig.8.1c, smoothed with a Gaussian filter 

with s = 1.8 (green line), and with a windowed filter with s = 4.2 (black line), 

both truncated for 𝑘 > 4s. 

Uncertainties and effective vertical resolution 

The uncertainty of the smoothed signal due to signal noise can be estimated using 

error propagation theory as: 

𝛔𝑛
2(�̅�(𝑛)) = ∑ {ℎ𝐺,𝑤(𝑘)𝛔𝑛(𝑥(𝑛 − 𝑘)) }

2
𝑁

𝑘= −𝑁

, 𝑛 = 𝑁,… , 𝑛𝑡𝑜𝑡 − 𝑁 − 1 (8.6) 

 

The ratio between 𝛔𝑛
2(𝑥) and 𝛔𝑛

2(�̅�) is called noise reduction ratio (NRR): 

NRR(𝑛) =  
𝛔𝑛

2(𝑥(𝑛))

𝛔𝑛
2(�̅�(𝑛))

   (8.7) 
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This parameter not only offers information about the improvement in the signal to 

noise ratio, but is also directly associated to the loss of effective vertical resolution 

[Iarlori, 2015]: 

∆𝑟𝑒𝑓𝑓(𝑛) = ∆𝑟 · NRR(𝑛) (8.8) 

 

where ∆𝑟 is the resolution of the original signal and ∆𝑟𝑒𝑓𝑓  is the effective resolution 

of the smoothed signal. 

Application to lidar data 

Prior to applying the smoothing filter to the lidar RCSs, we need to take into 

account two facts. The first one is that the noise level of lidar RCSs changes with 

range. For instance, if we take two events happening at different ranges but leading 

to the same amount of attenuated backscattered signal: 

𝛽′(𝑟1) ≡   𝛽(𝑟1)𝑇
2(𝑟1) 

𝛽′(𝑟2) ≡   𝛽(𝑟2)𝑇
2(𝑟2) 

𝛽′(𝑟1)   = 𝛽′(𝑟2) 

(8.9) 

due to the geometric factor 𝑟−2 the signal noise standard deviation associated to 

each event is equal to
*
: 

𝛔𝑛( 𝑃𝑟2(𝑟1)) = 𝑟1
2 · {𝐶 · 𝛽′ /𝑟1

2}1/2 

𝛔𝑛( 𝑃𝑟2(𝑟2)) = 𝑟2
2 · {𝐶 · 𝛽′ /𝑟2

2}1/2 
(8.10) 

and therefore: 

𝛔𝑛( 𝑃𝑟2(𝑟1)) = 𝛔𝑛( 𝑃𝑟2(𝑟2)) 
𝑟1
𝑟2

  
(8.11) 

Eq. 8.11 tells us that the signal noise standard deviation increases linearly with 

range for events leading to the same attenuated backscatter. Based on this fact, we 

define the smoothing parameter, 𝑠, as: 

                                                           

*
 Assuming photon-counting detection 



 133   

 

𝑠(𝑟) = 𝐾 · 𝑟 
(8.12) 

where, 𝐾 is a constant of proportionality. This way we get greater smoothing at 

highest ranges, where we expect lower SNR. 

The second point that we need to consider is that the lidar signal is the sum of two 

contributions: aerosols and molecules. Since the molecular contribution is already 

known, we can remove it from our lidar signals prior to smoothing. This way, we 

apply the smoothing filters to the following signals: 

𝑋(𝑟, 𝜆) =  
𝑃𝑟2(𝑟, 𝜆)

𝛽𝑚(𝑟, 𝜆)𝑇𝑚
2(𝑟, 𝜆)

     ,    𝑒𝑙𝑎𝑠𝑡𝑖𝑐 𝑠𝑖𝑔𝑛𝑎𝑙𝑠 

𝑋(𝑟, 𝜆𝑅) =  
𝑃𝑟2(𝑟, 𝜆𝑅)

𝑁𝑚(𝑟)𝑇𝑚(𝑟, 𝜆)𝑇𝑚(𝑟, 𝜆𝑅)
     ,    𝑅𝑎𝑚𝑎𝑛 𝑠𝑖𝑔𝑛𝑎𝑙 

(8.13) 

 

Once 𝑋 has been smoothed, we multiply it by the corresponding molecular terms to 

get the smoothed RCS.  

In Fig. 8.3 we show an example of smoothed perpendicular signal corresponding to 

a 30-minute measurement starting on 15 April 2015 at 02:54 UTC. In Fig.8.3a we 

show the signals divided by the corresponding molecular terms. In particular, we 

show the noise-corrupted signal (green), and the signals smoothed with the 

Gaussian filter (blue) and the windowed filter (red). The value of smoothing 

parameters of both filters is set so that they lead to the same NRR at the aerosol-

free altitudes. In Fig. 8.3b we show the difference between the original signal and 

the signal smoothed with the Gaussian filter, divided by the signal noise standard 

deviation. A 100-wide-bin moving average has been applied to the results for a 

better visualization (black line). We observe that above 5.5 km, where the aerosol 

load is low, there are no relevant deviations between the original and smoothed 

signals. However, below that altitude we notice systematic deviations, especially 

close to the strongest signal variations. Most of these deviations disappear when we 

use the windowed filter (Fig. 8.3 c), indicating that the presented method is able to 

reduce the signal distortion in the aerosol region. Finally, in Fig. 8.3d we show the 

NRR reached by each filter. We can see that the behavior of both filters is similar 

above 5 km, where the NRR increases linearly with range. Nevertheless, the NRR 

achieved by the windowed filter decreases in the vicinity of sharp signal changes 
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due to the presence of aerosols. This leads to an increase of the effective vertical 

resolution and thus reducing signal distortion. 

 

Fig. 8.3 Perpendicular signal measured during a 30-minute interval starting on 

15 April 2015 at 02:54 UTC. a) RCS divided by the molecular terms (green) 

smoothed with a Gaussian filter (blue) and a windowed filter (red). b and c) 

Difference between the noise-corrupted RCS and the RCS smoothed with the 

Gaussian filter (b) and the windowed filter (c), divided by the RCS noise 

standard deviation. For a better visualization we applied a 100-bin-wide moving 

average to the results (black line). d) Noise reduction ratio (NRR) reached by 

each filter.  

In Fig. 8.4 we show the results obtained for the parallel channel. For this case we 

have used the same filters as the ones used for the perpendicular channel. There are 

two reasons for this. The first one is because the perpendicular signal is more 

sensitive to the presence of aerosols and, therefore, a better effective resolution is 

achieved in the region of interest. The second reason is to avoid errors in the 

retrieval of 𝛿𝑎 caused by differences in the vertical resolution of the smoothed 

signals. In this case the differences between both methods are smaller: we do not 

observe significant systematic deviations when we use the Gaussian filter (Fig. 

8.4b) or when we use the windowed filter (Fig. 8.4c). Regarding the NRR (Fig. 

8.4d), we obtained the same results as for the perpendicular channel. This indicates 

that the smoothed parallel and perpendicular signals have indeed the same effective 

vertical resolution. 

Finally, for the Raman channel we have created a new windowed filter based on the 

properties of the Raman signal. There are two reasons for this. First, the Raman 

signal is associated to higher noise levels than the elastic signals, and thus more 

smoothing is required to reach an adequate signal-to-noise ratio. And the second 
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reason is that, contrary to the elastic signals, it is the derivative of the logarithm of 

the Raman signal, but not the Raman signal itself, which is linearly affected by 

changes in the aerosol load. In other words, regions with stronger variations in the 

Raman signal are the ones associated to greater aerosol content, not those with the 

sharpest changes in the aerosol concentration. Therefore, the windowed filter 

defined with the perpendicular signal is not adequate for the Raman signal. In Fig. 

8.5 we display the results obtained for the Raman channel. In this case we can see 

that both filters lead to the same results (Fig. 8.5b and c). Also, we can see that 

although we achieve a higher NRR than for the elastic signals (Fig. 8.5d), no 

systematic deviations appear between the noise-corrupted and smoothed signals. 

This is because vertical variations in the Raman signal due to the atmospheric 

components are usually small compared to the signal noise.  

 

Fig. 8.4 Same as Fig. 8.3 but for the parallel signal.  

 

Fig. 8.5 Same as fig. 8.4 but for the Raman signal.  
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8.2.2 Detection of the reference altitude and backscatter 
As we saw in section 2.4, in order to retrieve the aerosol backscatter profile from 

the lidar signal we need to know the total backscatter at a certain reference altitude. 

Since we do not have a priori information about the aerosol backscatter profile, we 

need to select this reference altitude in an atmospheric region where molecular 

backscatter, which is already known, dominates over aerosol backscatter. In this 

section we describe the method used to automatically detect the reference altitude, 

based on depolarization measurements.  

The aerosol backscatter profile (𝛽𝑎) can be estimated as a function of the volume 

linear depolarization ratio (�̂�), molecular depolarization ratio (𝛿𝑚), and aerosol 

linear depolarization ratio (𝛿𝑎), as: 

𝛽𝑎(𝑟, 𝛿𝑎) =  𝛽𝑚(𝑟, 𝛿𝑎)
(�̂�(𝑟) − 𝛿𝑚(𝑟))(1 + 𝛿𝑎(𝑟))

(1 − 𝛿𝑚(𝑟)) (𝛿𝑎(𝑟) − �̂�(𝑟))
 (8.14) 

 

The term �̂� can be estimated with Eq. 6.20 using the smoothed lidar signals, while 

𝛿𝑚 can be determined following the procedure described by Berhendt and 

Nakamura [2002] using the temperature profile and the RMAN-510 optical filter 

properties. Although 𝛿𝑎 is unknown, its limit values are usually between 0.02 and 

0.3 (recall subsection 1.4.3). If we take the lowest value of 𝛿𝑎, 

𝛿𝑎,𝑚𝑖𝑛(𝑟) = max{�̂�(𝑟), 0.02} , * (8.15) 

 

then the corresponding aerosol backscatter profile will be maximum: 𝛽𝑎,𝑚𝑎𝑥 =

 𝛽𝑎(𝛿𝑎,𝑚𝑖𝑛). On the other hand, if we take the highest value of 𝛿𝑎, 

𝛿𝑎,𝑚𝑎𝑥(𝑟) = max{�̂�(𝑟), 0.3}, (8.16) 

 

we get the lower limit for the aerosol backscatter profile: 𝛽𝑎,𝑚𝑖𝑛 = 𝛽𝑎(𝛿𝑎,𝑚𝑎𝑥).  

Using these lower and upper limits of 𝛽𝑎 we can define an ancillary parameter, 𝛽′𝑎, 

as : 

                                                           

*
 The values of 𝛿𝑎,𝑚𝑖𝑛  and 𝛿𝑎,𝑚𝑎𝑥  are defined as being lower than �̂�(𝑟) to avoid 

negative values in the backscatter. 
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𝛽′𝑎(𝑟) =  
𝛽𝑎,𝑚𝑎𝑥(𝑟) + 𝛽𝑎,𝑚𝑖𝑛(𝑟)

2
 (8.17) 

 

The absolute difference between this parameter and the actual aerosol backscatter 

will be at most equal to 𝛽′𝑎. This way, if we assume that the aerosol backscatter at 

the reference altitude is equal to 𝛽′𝑎, the maximum relative error associated to the 

reference backscatter is equal to: 

𝛆𝛽𝑟𝑒𝑓
(𝑟) =

𝛽′
𝑎
(𝑟)

𝛽′
𝑎
(𝑟) + 𝛽𝑚(𝑟)

  (8.18) 

 

In addition to the total backscatter we also need to know the lidar signals at the 

reference altitudes in order to estimate the aerosol backscatter profile (recall Eq. 

2.15). In particular, we need the ratio between the Raman RCS, corrected by the 

Ångström exponent, and the total elastic RCS: 

𝑆𝑅(𝑟) =  
[𝑃𝑟2(𝑟, 𝜆𝑅)]

2
1+𝜂

𝑃𝑟2(𝑟, 𝜆)
 (8.19) 

 

where  𝑆𝑅 stands for signal ratio. This parameter has an associated uncertainty, 𝛔𝑆𝑅, 

due to signal noise. The relative error of 𝑆𝑅 due to 𝛔𝑆𝑅 is equal to: 

𝛆𝑆𝑅(𝑟) =
𝑆𝑅(𝑟)

𝛔𝑆𝑅(𝑟)
 (8.20) 

 

Next, our aim is to find a reference altitude, ℎ𝑟𝑒𝑓 , above which 𝛆𝑆𝑅 becomes greater 

than 𝛆𝛽𝑟𝑒𝑓
. This way the error due to the assumption of the aerosol backscatter at 

the reference altitude is lower than the error due to signal noise. In Fig. 8.6 we 

show 𝛆𝛽𝑟𝑒𝑓
(blue) and 𝛆𝑆𝑅 (red) estimated with the smoothed lidar signals presented 

in subsection 8.2.1. On one hand, we can see that 𝛆𝛽𝑟𝑒𝑓
 decreases with altitude as 

the aerosol load decreases. On the other hand, 𝛆𝑆𝑅 increases with altitude as the 

SNR diminish. Moreover, we observe that for altitudes above 8.4 km 𝛆𝑆𝑅 becomes 

higher than 𝛆𝛽𝑟𝑒𝑓
. Therefore, we select this altitude as ℎ𝑟𝑒𝑓  and 𝛽′

𝑎
(ℎ𝑟𝑒𝑓) as its 

corresponding aerosol backscatter. 
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Fig. 8.6 Blue: Maximum relative error due to the backscatter at the reference 

altitude. Red: Relative error of the ratio between the Raman and elastic signals 

due to random noise at the reference altitude. 

In order to assess this method, we have linearly fitted the perpendicular RCS to the 

expected molecular signal for altitudes with 𝛆𝑆𝑅 > 𝛆𝛽𝑟𝑒𝑓
. We have tested the 

perpendicular signal because it is more sensitive to aerosols. The results of the fit 

are shown in Fig. 8.7. We found a correlation coefficient equal R= 0.89 and an 

intercept equal to -0.3×10
7
, with an uncertainty of 1.5×10

7
. The fact that the 

uncertainty of the intercept is greater than its absolute value verifies the negligible 

effect of aerosols in the considered interval.  

 

Fig. 8.7 Lidar perpendicular RCS vs molecular attenuated backscatter. Green 

dots: Original RCS. Blue line: Smoothed RCS. Vertical dashed lines: Limits of the 

fitting interval. Red line: RCS fitted to the molecular attenuated backscatter. 
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8.2.3 Data inversion 
Once we have found the reference altitude and its associated backscatter, we use 

Eq. 2.15 to retrieve the aerosol backscatter profile using the smoothed signals:  

�̂�𝑎,𝐻𝑅(𝑟, 𝜆) =  𝛽𝑟𝑒𝑓 ·
𝑃𝑟𝐻𝑅

2 (𝑟, 𝜆)

𝑃𝑟𝐻𝑅
2 (𝑟𝑟𝑒𝑓 , 𝜆)

· 

· [
𝑃𝑟𝐻𝑅

2 (𝑟𝑟𝑒𝑓 , 𝜆𝑅) 𝑁(𝑟) 𝑇𝑚(𝑟, 𝜆𝑅)

𝑃𝑟𝐻𝑅
2 (𝑟, 𝜆𝑅) 𝑁(𝑟𝑟𝑒𝑓) 𝑇𝑚(𝑟𝑟𝑒𝑓 , 𝜆𝑅)

]

2
1+𝜂

[
𝑇𝑚(𝑟𝑟𝑒𝑓 , 𝜆)

𝑇𝑚(𝑟, 𝜆)
]

2𝜂
1+𝜂

− 𝛽𝑚(𝑟, 𝜆) 

(8.21) 

where he hat over 𝛽𝑎 indicates that it is a parameter estimated from actual 

measurements and the subscript 𝐻𝑅 stands for high resolution smoothing.  

The AOD within a range interval [𝑟0, 𝑟1] can be calculated using the smoothed 

signals in Eq. 2.13: 

𝐴𝑂�̂�(𝑟0, 𝑟1, 𝜆) = 

=  
1

(1 + 𝜂(𝑟))
 ln {

𝑁(𝑟1)𝑇𝑚(𝑟1, 𝜆)𝑇𝑚(𝑟1, 𝜆𝑅)𝑃𝑟𝐻𝑅
2 (𝑟0, 𝜆𝑅)

𝑁(𝑟0)𝑇𝑚(𝑟0, 𝜆)𝑇𝑚(𝑟0, 𝜆𝑅)𝑃𝑟𝐻𝑅
2 (𝑟1, 𝜆𝑅)

} 
(8.22) 

 

Finally, we can estimate the aerosol linear depolarization ratio profile, �̂�𝑎(𝑟, 𝜆), 

using Eqs. 1.32, 1.33, 6.20, and 6.21 which we recall here: 

�̂�𝑎(𝑟, 𝜆) =  
�̂�(𝑟, 𝜆)�̂�(𝑟, 𝜆) · (𝛿𝑚(𝑟, 𝜆) + 1) − 𝛿𝑚(𝑟, 𝜆) · (�̂�(𝑟, 𝜆) + 1)

�̂�(𝑟, 𝜆) · (𝛿𝑚(𝑟, 𝜆) + 1) − (�̂�(𝑟, 𝜆) + 1)
 (8.23) 

 

�̂�(𝑟, 𝜆) =  
�̂�𝑎(𝑟, 𝜆) + 𝛽𝑚(𝑟, 𝜆)

𝛽𝑚(𝑟, 𝜆)
 (8.24) 

 

�̂�(𝑟, 𝜆) =  
�̂�∗(𝑟, 𝜆)(1 − cos(2𝛼′) 𝐷𝑇) + cos(2𝛼′) 𝐷𝑅 − 1

−�̂�∗(𝑟, 𝜆)(1 + cos(2𝛼′) 𝐷𝑇) + cos(2𝛼′) 𝐷𝑅 + 1
 (8.25) 

 

�̂�∗(𝑟, 𝜆) =
1

�̂�𝑐

𝑃𝑟‖ 𝐻𝑅
2 (𝑟, 𝜆)

𝑃𝑟⊥ 𝐻𝑅
2 (𝑟, 𝜆)

 (8.26) 
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where �̂�𝑐 is the polarization calibration constant. In this case 𝑃𝑟‖ 𝐻𝑅
2  and 𝑃𝑟⊥ 𝐻𝑅

2  

have the same effective vertical resolution, and therefore the error due to the signal 

distortion is avoided. 

The uncertainties of these retrievals can be estimated analytically with error 

propagation theory. The uncertainties of �̂�𝑎,𝐻𝑅 are calculated taking into account 

the uncertainties on the smoothed signals associated to the random noise; the 

uncertainty of the reference backscatter (𝛽𝑟𝑒𝑓) as indicated in subsection 8.2.2; and 

also the uncertainty of 𝜂 due to the Ångström exponent between 355 and 387 nm. 

With respect the uncertainty of the AOD profile, we take into account the 

uncertainty of the smoothed Raman signal and the uncertainty of 𝜂. Finally, for the 

estimation of the uncertainty of �̂�𝑎 we also consider the uncertainty of �̂�𝑐 and the 

uncertainties of the PBS parameters, 𝐷𝑇  and 𝐷𝑅, in addition to the parameters 

considered for �̂�𝑎,𝐻𝑅. 

8.3. Data processing and inversion methods for low-

resolution retrievals 

In order to retrieve the aerosol extinction profile we need to perform the derivative 

of the noise-corrupted Raman signal, which is an ill-posed problem [Shcherbakov, 

2007]. Traditionally, this numerical derivative has been solved using sliding 

averages [Ansmann, 1992] or sliding least-squares fits under the assumption of a 

certain behavior (linear, quadratic, cubic…) of the function to be differentiated 

[Pappalardo, 2004]. In our case the aerosol extinction profiles are retrieved by 

applying smoothing filters and their corresponding derivative to the Raman signal.  

8.3.1 Low-resolution smoothing and retrieval of aerosol extinction 

and lidar ratio profiles 
The aerosol extinction profile, 𝜎𝑎, can be estimated from the Raman signal as: 

𝜎𝑎(𝑟, 𝜆) =
−1

1 + 𝜂
 

1

𝑋(𝑟, 𝜆𝑅)

𝑑𝑋(𝑟, 𝜆𝑅)

𝑑𝑟
 

 

(8.27) 

 

𝑋(𝑟, 𝜆𝑅) ≡  
𝑃𝑟2(𝑟, 𝜆𝑅)

𝑁(𝑟)𝑇𝑚(𝑟, 𝜆)𝑇𝑚(𝑟, 𝜆𝑅)
 (8.28) 
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However, the raw Raman signal is usually too noisy for this purpose, and thus we 

need to smooth it. For this, we use smoothing filters: 

𝑋𝐿𝑅(𝑟, 𝜆𝑅) = ∑ ℎ(𝑘, 𝑟)𝑋(𝑟 − 𝑘) 

𝑁

𝑘= −𝑁

 (8.29) 

 

where ℎ(𝑘, 𝑟) is the impulse response of the chosen filter and the subscript 𝐿𝑅 

stands for low resolution, as opposed to the high resolution (𝐻𝑅) subscript used in 

the previous section. The derivative of the Raman signal can be estimated using the 

derivative filter associated to the smoothing filter in Eq. 8.29: 

𝑋′𝐿𝑅(𝑟, 𝜆𝑅) = ∑ ℎ′(𝑘, 𝑟)𝑋(𝑟 − 𝑘) 

𝑁

𝑘= −𝑁

 
(8.30) 

This way, the aerosol extinction profile is estimated as: 

�̂�𝑎,𝐿𝑅(𝑟, 𝜆) =
−1

1 + 𝜂
 
𝑋′𝐿𝑅(𝑟, 𝜆𝑅 , 𝜆)

𝑋𝐿𝑅(𝑟, 𝜆𝑅 , 𝜆)

1

∆𝑟
 

 

(8.31) 

where ∆𝑟 is the raw spatial resolution of the lidar signal.  

For Gaussian filters, the impulse responses of the smoothing and derivative filters 

are [Iarlori, 2015]: 

ℎ𝐺(𝑘, 𝑟) = 𝐶𝑟 exp {−
𝑘2

2(𝑠(𝑟))
2} 

 

(8.32) 

ℎ′
𝐺(𝑘, 𝑟) = 𝐶′

𝑟

−𝑘

𝑠(𝑟)
exp {−

𝑘2

2(𝑠(𝑟))
2} 

 

(8.33) 

where 𝐶𝑟 and 𝐶′𝑟 are normalization constants, and 𝑠(𝑟) is the smoothing parameter 

that defines the Gaussian filter, analogous to the standard deviation in the Gaussian 

distribution.  

The same smoothing filter can be used to retrieve the aerosol backscatter profiles: 
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�̂�𝑎,𝐿𝑅(𝑟, 𝜆) =  𝛽𝑟𝑒𝑓 ·
𝑃𝑟𝐿𝑅

2 (𝑟, 𝜆)

𝑃𝑟𝐻𝑅
2 (𝑟𝑟𝑒𝑓 , 𝜆)

· 

 

· [
𝑃𝑟𝐻𝑅

2 (𝑟𝑟𝑒𝑓 , 𝜆𝑅) 𝑁(𝑟) 𝑇𝑚(𝑟, 𝜆𝑅)

𝑃𝑟𝐿𝑅
2 (𝑟, 𝜆𝑅) 𝑁(𝑟𝑟𝑒𝑓) 𝑇𝑚(𝑟𝑟𝑒𝑓 , 𝜆𝑅)

]

2
1+𝜂

[
𝑇𝑚(𝑟𝑟𝑒𝑓 , 𝜆)

𝑇𝑚(𝑟, 𝜆)
]

2𝜂
1+𝜂

− 𝛽𝑚(𝑟, 𝜆)   

(8.34) 

 

where 𝛽𝑟𝑒𝑓  is the backscatter reference value obtained as described in subsection 

8.2.2; 𝑃𝑟𝐻𝑅
2 (𝑟𝑟𝑒𝑓 , 𝜆) and 𝑃𝑟𝐻𝑅

2 (𝑟𝑟𝑒𝑓 , 𝜆𝑅) are, respectively, the smoothed elastic and 

Raman signals at the reference altitude obtained during high-resolution processing; 

and  𝑃𝑟𝐿𝑅
2 (𝑟, 𝜆) is the elastic signal smoothed with the same filter used for the 

Raman signal. Since �̂�𝑎,𝐿𝑅 and �̂�𝑎,𝐿𝑅 have the same effective vertical resolution, we 

avoid distortions in the estimation of the lidar ratio profile, �̂�𝑎 [Iarlori, 2015]. 

8.3.2 Uncertainty of the retrievals and selection of the smoothing 

parameter, 𝒔(𝒓)  

The effective vertical resolution of �̂�𝑎,𝐿𝑅 and �̂�𝑎 is limited by the noise of the 

Raman signal. On one hand, if we apply little smoothing to the signal then the 

signal noise will lead to great uncertainties in �̂�𝑎,𝐿𝑅 and �̂�𝑎. On the other hand, if we 

apply too much smoothing, the retrievals will have poor vertical resolution. In order 

to find the best compromise between the noise reduction and the loss of effective 

resolution, we use the uncertainty of �̂�𝑎 due to signal noise, 𝛔𝑛(�̂�𝑎) , as a reference 

for the selection of the smoothing parameter, 𝑠(𝑟). This way we can increase the 

resolution in those altitudes with greater aerosol content or better signal-to-noise 

ratio, while maintaining the uncertainty of the retrievals due to signal noise below a 

certain value. In particular, we proceed as follows: 

1) We set a minimum and maximum values of 𝑠(𝑟), 𝑠𝑚𝑖𝑛 and 𝑠𝑚𝑎𝑥, and a reference 

value for uncertainty of the lidar ratio due to signal noise, 𝛔𝑛(�̂�𝑎), which we call 

∆�̂�𝑎. 

2) Starting in 𝑟 = 𝑟𝑜𝑣  + 4 · 𝑠𝑚𝑖𝑛, where 𝑟𝑜𝑣  is the first range above full overlap, we 

create a Gaussian smoothing filter (and its corresponding derivative filter) with a 

smoothing parameter 𝑠(𝑟) equal to 𝑠𝑚𝑖𝑛. The filters are truncated for |𝑘| > 𝑟 − 𝑟𝑜𝑣 . 

Using this filter, we estimate 𝛔𝑛(�̂�𝑎). If the value of 𝛔𝑛(�̂�𝑎) is lower than ∆�̂�𝑎, we 
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move to the following bin (𝑟 ← 𝑟 + ∆𝑟). Otherwise, we increase the smoothing 

parameter: 𝑠(𝑟) ← 𝑠(𝑟) + ∆𝑠. This process is repeated until 𝛔𝑛(�̂�𝑎) < ∆�̂�𝑎 or until 

𝑠(𝑟) ≥ 𝑠𝑚𝑎𝑥 . 

3) For a certain range, 𝑟, we start with 𝑠(𝑟) ←  𝑠(𝑟 − ∆𝑟), truncating the filters for  

|𝑘| > 4 · 𝑠(𝑟). If 𝛔𝑛(�̂�𝑎) > ∆�̂�𝑎, then we increase 𝑠(𝑟) until 𝛔𝑛(�̂�𝑎) < ∆�̂�𝑎 or 

𝑠(𝑟) ≥ 𝑠𝑚𝑎𝑥 . On the other hand, if 𝛔𝑛(�̂�𝑎) < ∆�̂�𝑎, we decrease 𝑠(𝑟) until 𝛔𝑛(�̂�𝑎) ≥ 

∆�̂�𝑎 or 𝑠(𝑟) ≤ 𝑠𝑚𝑖𝑛. This process is repeated until we reach the end of the profile. 

4) The spatial resolution of the low-resolution retrievals is estimated as the NRR 

multiplied by the raw resolution: 

∆r𝐿𝑅(𝑟) =  ∆r𝑟𝑎𝑤(𝑟) · 𝑁𝑅𝑅 = ∆r𝑟𝑎𝑤(𝑟)
𝛔𝑛

𝟐(𝑃𝑟2(𝑟, 𝜆𝑥))

𝛔𝑛
𝟐(𝑃𝑟𝐿𝑅

2 (𝑟, 𝜆𝑥))
  

 

(8.35) 

5) Finally, a high resolution aerosol extinction profile, �̂�𝑎,𝐻𝑅, is estimated 

multiplying �̂�𝑎 by �̂�𝑎,𝐻𝑅. 

In order to assess the presented method we apply it to the synthetic signals 

displayed in Fig. 8.8. These signals are created from the aerosol scenario shown in 

Fig. 8.9 assuming no aerosol time variability, photon-counting detection (and thus 

Poisson statistics), a vertical resolution of 15 m, and an accumulated number of 

counts at 500 m equal to 2×10
5
 for both the elastic and Raman channels.  

The inversion parameters used for this case are presented in Table 8.1. We can see 

that the retrieved lidar ratio (Fig. 8.10) is able to follow the main trends, especially 

for the intense aerosol layers. Also, we can see that most of the actual values (90%) 

lie within the margin of error of the retrieval. The root-mean-squared-deviation 

(RMSD) between the actual and the retrieved profiles is equal to 5.9 sr, which is 

lower than the value of ∆�̂�𝑎.  
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Fig. 8.8 Synthetic signals derived from the aerosol scenario in Fig. 8.9. In red we 

show the noise-free signal, and in green the noise-corrupted simulated signal, 

divided by the corresponding molecular terms. 

 

Fig. 8.9 Aerosol scenario created to test the inversion method. All parameters 

correspond to 355nm. 
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Table 8.1 Inversion parameters used for the retrieval of the lidar ratio and 

aerosol extinction profile from synthetic data. 

Inversion parameter Value 
𝑟𝑟𝑒𝑓  7.5 km (manually selected) 

𝛽𝑟𝑒𝑓  𝛽𝑚(𝑟𝑟𝑒𝑓) 

 
 

𝑠𝑚𝑖𝑛  15 
𝑠𝑚𝑎𝑥  45 
∆𝑠 1/3 

∆�̂�𝑎 7.5 sr 

 

Regarding the aerosol extinction profiles, in Fig. 8.11 we present �̂�𝑎,𝐿𝑅 (dashed 

blue) and �̂�𝑎,𝐻𝑅 (solid blue). We observe that �̂�𝑎,𝐿𝑅 is able to reproduce the main 

changes in the lowest pair of layers. However, the upper pair of layers cannot be 

distinguished due to the loss of effective resolution with altitude. On the other hand, 

�̂�𝑎,𝐻𝑅 is able to reproduce the sharp changes in the actual profile, even at the highest 

altitudes. The RMSD between the high-resolution and the actual extinction profile 

is equal to 8.69×10
-6

 m
-1

, while 65 % of the bins lie within the margin of error. The 

relatively good results obtained with the high resolution retrievals can be explained 

by two facts. First, �̂�𝑎,𝐻𝑅 is able to account for the main changes due to variations 

in the aerosol concentration. And second, the deviation caused by using a low-

resolution lidar ratio is limited by the fact that this parameter is usually limited 

between 15 and 90 sr. 
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Fig. 8.10 Left: Black: actual lidar ratio profile; blue: retrieved lidar profile; red: 

retrieval uncertainty. Right: Black: retrieved minus actual lidar ratio profile; 

red: retrieval uncertainty.  

 

Fig. 8.11 Left: Black: actual aerosol extinction profile; blue: retrieved aerosol 

extinction profile (solid: high resolution dashed: low resolution); red: 

uncertainty of the high-resolution retrieval. Right: Black: high-resolution 

retrieval minus actual aerosol extinction profiles; red: uncertainty of the high-

resolution retrieval.   
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9. CL51 signal calibration, inversion 

algorithm, and results 
In this chapter we first present the procedure followed for the calibration of the 

CL51 signal, needed for the retrieval of physical parameters. Then, we describe 

the automatic algorithm developed for the inversion of the CL51 signal. The 

results are presented as a function of the aerosol type (dust or non-dust), and the 

seasonal and daily behavior. Finally, a study case corresponding to the strongest 

dust outbreak over Burjassot in the analyzed period is presented.  
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9.1 Ceilometer Calibration 

Ceilometers are primarily designed for the determination of cloud height and cloud 

cover fraction. Nevertheless, ceilometers can also be used to obtain physical 

parameters related to aerosols. For instance, the ceilometer signals have proven 

useful to estimate the height of the planetary boundary layer (PBL) and study its 

dynamics [e.g. Zéphoris, 2005; Eresmaa, 2006; Münkel, 2007]. These methods only 

analyze the shape of the ceilometer signal and therefore a calibration constant of the 

system is not needed for its application. However, in order to retrieve aerosol 

optical parameters like the backscatter coefficients we do need a calibrated signal. 

In the case of the RMAN-510 this calibration was made using as reference the 

signal at the altitudes dominated by Rayleigh scattering (subsection 8.2.2).  This 

type of calibration can also be applied to ceilometer models not affected by the dark 

signals, or where the dark signals can be accurately measured. This is for example 

the case of the CHM15kx from Jenoptik, which measures in photon-counting mode 

[Wiegner, 2012]. In cases where the Rayleigh signal cannot be accurately 

measured, other calibration methods can be used. For instance, Markowicz [2008] 

calibrated the signal of a Vaisala’s CT25K with ground-based measurements from a 

nephelometer and an aethalometer. Finally, Jin [2014] used already calibrated lidar 

measurements at 1064 nm to calibrate the ceilometer signal at 910 nm. 

Nevertheless, the application of any of these three methods to the Burjassot station 

is proved problematic. First, the method used for the correction of the electronic 

background applied to the CL51 is not accurate enough to assure a suitable 

Rayleigh signal. Second, the measurements of the nephelometer an aethalometer in 

Burjassot provide aerosol scattering and extinction coefficients at surface level, but 

not the aerosol backscatter coefficient required for the calibration. This limitation 

can be overcome using Mie theory to derive the relationship between the 

hemispheric backscatter ratio measured by the nephelometer and the lidar ratio 

[Markowitz, 2008]. However, the ground level calibration is associated to two main 

issues: first, the shape of the aerosols has to be assumed prior to the determination 

of the lidar ratio; and second, any error in the overlap correction will lead to a 

systematic bias in the calibration constants. Regarding the last method, the 

RMAN5-510 elastic measurements are performed at 355 nm, and thus the 

extrapolation of the results to 910 nm is only possible in cases with a backscatter-

related Ångström exponent close to zero. As a consequence, there are few cases 

suitable for this type of calibration.  
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Due to this, we decided to use the CL51 calibration procedure proposed by 

O’Connor [2004] using stratocumulus clouds. This type of clouds is frequent over 

Burjassot and its optical properties are stable enough to be used as a reference. 

Given a stratocumulus cloud, its corresponding integrated signal is: 

∫ 𝑃𝑟2(𝑟)𝑑𝑟
𝑡𝑜𝑝

𝑏𝑎𝑠𝑒

= 𝐶 ∫ 𝛽𝑐(𝑟) exp{−2 · 𝜏(𝑟)} 𝑑𝑟
𝑡𝑜𝑝

𝑏𝑎𝑠𝑒

  (9.1) 

 

where 𝐶 is the calibration constant, and 𝜏 is the cloud optical depth. If we make a 

change of variables, 𝑟 →  𝜏, then we get: 

∫ 𝑃𝑟2(𝑟)𝑑𝑟
𝑡𝑜𝑝

𝑏𝑎𝑠𝑒

= 
𝐶

𝜂𝑆
 ∫ exp{−2 · 𝜏} 𝑑𝜏

𝜏𝑐

0

=  
𝐶

2𝜂𝑆
(1 − exp(−2𝜏𝑐)) (9.2) 

 

where 𝑆 is the lidar ratio of the stratocumulus, 𝜂 is a correction factor that accounts 

for the effect of multiple scattering and 𝜏𝑐 is the optical depth of the stratocumulus 

cloud. For droplet diameters between 10 and 50 μm 𝑆 is almost constant, with a 

mean value of 18.8 sr and a range of±1 sr [O’Connor, 2004]. Regarding 𝜂, its 

highest limit can be estimated assuming a droplet diameter, 𝐷, equal to 8 μm and an 

extinction coefficient, 𝜎𝑐 , equal to 15 km
-1

; while its lowest value can be estimated 

assuming  𝐷 = 20 μm and 𝜎𝑐 = 20 km
-1

. Finally, taking into account that most 

stratocumulus clouds are thicker than 150 m [Wood, 2012] and that their lowest 

typical extinction coefficient is 15 km
-1

 [O’Connor, 2004], in Eq. 9.2 we can 

approximate the term (1 − exp(−2𝜏𝑐)) to 1 with a relative error lower than 2 %.  

9.1.1 Estimation of the multiple scattering correction factor 
For the estimation of 𝜂 we follow the method proposed by Kunkel [1976] that 

combines analytic calculations with the Monte Carlo method. First, we estimate the 

phase function of the water droplets with the Mie code [Bohren, 1983] using as an 

input the water reflective index (1.33+0i) and the droplet diameter (8 or 20 μm). 

Then, for each droplet diameter and extinction coefficient pair (𝐷 =  8 μm  𝜎 =

 15 km−1; and 𝐷 =  20 μm  𝜎 =  20 km−1) we simulate a cloud with a base 

altitude ℎ. The cloud is considered to be horizontally unbounded and infinitely 

thick (Fig. 9.1). Finally, 𝜂(𝐷, 𝜎) is estimated with the following procedure, adapted 

from Kunkel’s [1976]: 
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Fig. 9.1. Diagram used for the estimation of the multiple scattering correction 

factor. The region shaded in blue represents the cloud.  

1) We simulate a ray emitted from the origin of coordinates in the x direction 

assuming no spatial and no angular divergence. This simulation is indexed 

with the letter 𝑘. 

2) At the cloud base we create a position vector, 

𝒙0⃗⃗⃗⃗ = {𝑥0, 𝑦0, 𝛼0} = {ℎ, 0, 0}  (9.3) 

 

which indicates the starting coordinates in the cloud (𝑥0, 𝑦0) and the angle 

of propagation (𝛼0).  Also we create a parameter 𝑟0 to account for the total 

length travelled by the ray: 

𝑟0,𝑘 = ℎ  (9.4) 

 

3) Given the cloud extinction coefficient, 𝜎, the scattering probability within 

an interval [0, 𝑑] is equal to:  

𝑃𝑥([0, 𝑑], 𝜎) =  1 − exp{−𝜎𝑑} (9.5) 

 

Based on this, we determine the distance travelled by the ray before the 

first scattering, 𝑑𝑠𝑐𝑎, as: 

𝑑𝑠𝑐𝑎 = −
log (1 − 𝑛𝑟,𝑑)

𝜎
 (9.6) 

 

where 𝑛𝑟,𝑑 is a random number with equal probability between 0 and 1. 

Also, we save the coordinates where this interaction happens: 
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𝑥1 = 𝑥0 + 𝑑𝑠𝑐𝑎 cos(𝛼0) 

𝑦1 = 𝑦0 + 𝑑𝑠𝑐𝑎sin(𝛼0) 
(9.7) 

 

And update the total travelled distance: 

𝑟1,𝑘 = 𝑟0,𝑘 + 𝑑𝑠𝑐𝑎 (9.8) 

 

4) If {𝑥1, 𝑦1, 𝛼0} is within the simulated cloud and the FOV of the receiving 

telescope, we estimate the probability that this first scattering results in a 

scattered ray reaching the instrument: 

𝑃1,𝑘(ℎ, 𝐷, 𝜎) =  
exp{−𝜎 · (𝑥1 − ℎ)}

4𝜋(𝑥1
2 + 𝑦1

2)
𝒫(𝜃, 𝐷) (9.9) 

 

where 𝒫(𝜃, 𝐷) is the phase function of a water droplet of diameter 𝐷, and 

𝜃 is the scattering angle that results in the ray heading towards the 

receiving telescope: 

𝜃 = atan (
𝑦1

𝑥1

) − 𝛼0 (9.10) 

 

If {𝑥1, 𝑦1, 𝛼0} is outside the FOV we consider 𝑃1,𝑘(ℎ, 𝐷, 𝜎) equal to zero. 

 

5) We generate a random number with equal probability between 0 and 1, 

𝑛𝑟,𝜃. This number is used to determine the scattering angle, 𝜃𝑠𝑐𝑎: 

𝑃𝜃([ 0, 𝜃𝑠𝑐𝑎]) = 𝑛𝑟,𝜃  (9.11) 

 

where 𝑃𝜃([ 0, 𝜃𝑠𝑐𝑎]) is the probability that the scattering happens between 

0 and 𝜃𝑠𝑐𝑎: 

𝑃𝜃([ 0, 𝜃𝑠𝑐𝑎]) =
1

4
∫ 𝒫(𝜃′, 𝐷)

𝜃𝑠𝑐𝑎

0

|sin (𝜃′)|𝑑𝜃′ (9.12) 

 

6) The position vector is updated with this scattering angle: 

𝒙1⃗⃗⃗⃗ = {𝑥1, 𝑦1 , 𝛼1} =  {𝑥1, 𝑦1 , 𝛼0 + 𝜃𝑠𝑐𝑎} (9.13) 

 

7) A new iteration is performed starting from point 3) changing the subscript 

of the parameters: 0 ← 1 and 1 ← 2. The process is repeated until the 



 152   

 

interaction happens outside the cloud (𝑥𝑗 < ℎ), the maximum number of 

scattering processes is reached (𝑗 > 𝑗𝑚𝑎𝑥), or the maximum travel length is 

surpassed (𝑟𝑗,𝑘 > 𝑟𝑚𝑎𝑥) 

8) When the total number of simulations is reached (𝑘 =  𝑘𝑚𝑎𝑥) the multiple 

scattering correction factor is estimated as the ratio between the integrated 

signal that would be measured if only single-scattering occurred and the 

total integrated signal 

𝜂(ℎ, 𝐷, 𝜎) =
∑ [𝑃1,𝑘(ℎ, 𝐷, 𝜎) · 𝑟1,𝑘

2 ]
𝑘𝑚𝑎𝑥
𝑘=1

∑ ∑ [𝑃𝑗,𝑘(ℎ, 𝐷, 𝜎) · 𝑟𝑗,𝑘
2 ]

𝑘𝑚𝑎𝑥
𝑘=1

𝑗𝑚𝑎𝑥
𝑗=1

 (9.14) 

 

In Fig. 9.2 we show the results obtained for different cloud bases, ℎ, and (𝐷, 𝜎) pair 

of values. We have considered values of ℎ every 0.5 km between 0.5 and 3.5 km, 

10
5 

simulations for each point, a maximum number of 6 scattering events, and a 

maximum travelling distance equal to (ℎ + 1) km. We can see that 𝜂 decreases as 

we deal with higher clouds and higher (𝐷, 𝜎) pair of values. Also, we can see that 

the differences between both curves remain approximately constant within the 

analyzed interval. In order to obtain the value of 𝜂 for ℎ values other than the 

analyzed, we have fitted the results to a 3
rd

 order polynomial: 

𝜂(ℎ, 𝐷, 𝜎) = 𝑎3(𝐷, 𝜎)ℎ3 + 𝑎2(𝐷, 𝜎)ℎ2 + 𝑎1(𝐷, 𝜎)ℎ + 𝑎0(𝐷, 𝜎) (9.15) 

 

The values of the fitting coefficients, 𝑎𝑥, are shown in Table 9.1.  

 

Fig. 9.2. Multiple scattering correction factor (𝜂) as a function of the cloud base 

height, the cloud extinction coefficient and the droplet diameter. The dots 

indicate the retrieved values and the dashed lines show the results of the third 

degree polynomial fit.  
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Table 9.1 Fitting coefficients of Eq. 9.15 for different droplet diameter and 

extinction coefficients. 

D (μm) σ (km-1) a3 (km-3) a2 (km-2) a1 (km-1) a0 

20 20 -4.20×10-3 3.85×10-2 -0.140 0.948 

8 15 -2.40×10-3 2.40×10-2 -0.111 0.990 

 

9.1.2 Automatic search of calibration cases 
Due to the large amount of data collected by the CL51, we developed an automatic 

method to find suitable calibration cases. The applied algorithm is the following: 

1) A monthly ceilometer file is loaded and the electronic background 

associated to each profile is corrected as described in section 7.1. 

2) Also, the two-way water vapor transmittance (𝑇𝑤
2) is corrected. For this 

aim, we first correct the water vapor profiles as described in subsection 

3.5.2 and estimate 𝑇𝑤
2 as indicated in section 7.3. 

3) For each profile we find the maximum value of the signal, 𝑃𝑟𝑚𝑎𝑥
2 , in the 

range interval between 0.5 and 3.5 km, where stratocumulus usually occur.  

4) We select those profiles with 𝑃𝑟𝑚𝑎𝑥
2  values over 1.5×10

5
 a.u. This 

threshold value is selected after visual inspection of typical stratocumulus 

cases. From these selected profiles we take only those surrounded by other 

profiles that meet the threshold condition. This way we avoid cases that 

might mix cloud and clear-sky measurements.   

5) For each profile the cloud peak, 𝑟𝑚𝑎𝑥 , is selected as the range where: 

𝑃𝑟2(𝑟𝑚𝑎𝑥) =  𝑃𝑟𝑚𝑎𝑥
2 . The cloud base range (𝑟𝑏𝑎𝑠𝑒) is estimated as the 

highest range below 𝑟𝑚𝑎𝑥 that fulfils 𝑃𝑟2(𝑟𝑏𝑎𝑠𝑒) <  𝑃𝑟𝑚𝑎𝑥
2 /100. Similarly, 

the cloud top range (𝑟𝑡𝑜𝑝) is selected as the lowest range above 𝑟𝑚𝑎𝑥 where  

𝑃𝑟2(𝑟𝑡𝑜𝑝) <  𝑃𝑟𝑚𝑎𝑥
2 /100. Finally, the geometrical thickness of the cloud 

is estimated as: 𝐻𝑐 = (𝑟𝑡𝑜𝑝 − 𝑟𝑏𝑎𝑠𝑒) cos(12o). 

6) Based on the typical size and distribution of stratocumulus, we discard 

clouds with 𝐻𝑐  greater than 500 m, ℎ𝑏𝑎𝑠𝑒  lower than 300 m, and ℎ𝑡𝑜𝑝 

higher than 3.5 km [Wood, 2012]. Also, we discard those cases with more 

than one signal maximum between ℎ𝑏𝑎𝑠𝑒  and ℎ𝑡𝑜𝑝, which could indicate 

atmospheric variability or the presence of broken clouds. Regarding the 
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temperature, all cases with 𝑇(𝑟𝑡𝑜𝑝) < 0℃ are discarded to avoid the 

presence of ice crystals. 

7) Lastly, in order to reduce the effect of signal attenuation below the cloud, 

we make an approximate estimation of the aerosol transmittance between 

surface and 𝑟𝑏𝑎𝑠𝑒 . For this aim we first use Eq. 9.2 to estimate the 

calibration constants, 𝐶1(𝜂), associated to the extreme values of 𝜂 

corresponding to 𝑟𝑚𝑎𝑥, calculated as indicated in subsection 9.1.1. Since 

𝑃𝑟2 is overlap corrected, 𝐶1(𝜂) can be used to estimate the total 

backscatter coefficient at surface level: 

𝛽(𝑟𝑠𝑢𝑟) =  𝑃𝑟2(𝑟𝑠𝑢𝑟)/𝐶1(𝜂) (9.16) 

 

Taking 𝛽(𝑟𝑠𝑢𝑟) as reference, we estimate the total transmittance, 𝑇1(𝜂), 

between surface and 𝑟𝑏𝑎𝑠𝑒  with the forward solution of the KFS method 

(recall subsection 2.4.1) assuming a lidar ratio equal to 40 sr. The selection 

of this value is based on the typical lidar ratios of aerosols in the near 

infrared, which range between 30 and 55 sr depending on the aerosol type 

[Omar, 2009]. The retrieved 𝑇1(𝜂) is then used to correct 𝐶1(𝜂): 

𝐶2(𝜂) =  𝐶1(𝜂)/𝑇1
2(𝜂) (9.17) 

 

This process is repeated using the new calibration constant until the 

solution converges:  

|𝐶𝑛(𝜂) − 𝐶𝑛−1(𝜂)| < 0.01 · 𝐶𝑛(𝜂) (9.18) 

 

or until the maximum number of iterations, which is set equal to 10, is 

reached.  

8) 𝐶𝑛(𝜂) is taken as a valid calibration constant if the estimated transmittance 

(𝑇𝑛−1
2 (𝜂)) lies between 0.9 and 1 for both values of 𝜂. This way we limit 

the error caused by the signal attenuation caused by aerosols before 

reaching the cloud. 

Using these criteria, a total of 13429 calibration constants were found between 4 

July 2013 and 1 October 2016. In Fig. 9.3 we show an example of valid calibration 

case corresponding to 5 June  2013, at 6:40 UTC, with a cloud peak at 0.5 km. The 

values of 𝜂 at this range are: 𝜂1 = 𝜂(20 μm , 20km−1) = 0.89, and 𝜂2 = 

𝜂(8μm , 15km−1) = 0.94. Both values of 𝐶𝑛(𝜂) were reached in the third iteration, 
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with transmittance corrections equal to 𝑇𝑛−1
2 (𝜂1) = 0.908 and 𝑇𝑛−1

2 (𝜂2) = 0.912, 

which meet the requirements to be accepted as a suitable calibration case. 

 

Fig. 9.3. Calibration case from 5 June 2013, at 6:40 UTC. The dashed red lines 

indicate the integration limits used for the determination of the calibration 

constants.   

The conditions required to find suitable cases are intended to limit the error of the 

calibration constants at the cost of reducing the number of cases. Nevertheless, the 

time variability of 𝐶𝑛(𝜂) is still noticeable as we show in Fig. 9.4. The results 

presented in this figure correspond to 11 December 2013, when a high density of 

calibration cases was found.  In Fig. 9.4, top panel, we display the values of 𝐶𝑛(𝜂) 

as a function of time and in Fig. 9.4, bottom panel, we show an histogram with the 

distribution of 𝐶𝑛(𝜂). The mean value of 𝐶𝑛(𝜂1) was found to be 8.1×10
7
 with a 

standard deviation of 4.8×10
6
. Regarding 𝐶𝑛(𝜂2), its mean value was found to be 

8.6×10
7
, with an standard deviation equal to 5.2×10

6
.  We can see that the standard 

deviation of the analyzed cases is similar to the differences due to the extreme 

values of 𝜂 considered. In order to reduce the time variability of the calibration 

constants we apply a moving average. 
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Fig. 9.4 Calibration constants retrieved during 11 December 2013. Top: results 

as function of time of the day. Bottom: histogram of the values. Red: results for 

= 20𝜇𝑚; 𝜎 = 20𝑘𝑚−1 . Blue: results for: 𝐷 = 8𝜇𝑚; 𝜎 = 15𝑘𝑚−1 

For this aim, we define a 1-hour resolution time-grid, centered on each hour, which 

covers all the analyzed period: from July 2013 to October, 2016. The calibration 

constant associated to each bin of the grid, �̂�, is calculated with a moving Gaussian 

window: 

�̂�(𝜂, 𝑡𝑔) =  
1

𝑊(𝑡𝑔, 𝑠𝑡)
∑{𝐶𝑛(𝜂, 𝑡𝑖) · 𝑤(𝑡𝑔, 𝑡𝑖 , 𝑠𝑡)}

𝑁

𝑖=1

 

𝑤(𝑡𝑔, 𝑡𝑖, 𝑠𝑡) = exp {− (𝑡𝑔 − 𝑡𝑖)
2

2𝑠𝑡
2⁄ } 

𝑊(𝑡𝑔, 𝑠𝑡) = ∑𝑤(𝑡𝑔, 𝑡𝑖, 𝑠𝑡)

𝑁

𝑖=1

 

 

(9.19) 

where 𝑡𝑔 is the central time of the time-grid bin of index 𝑔, 𝑡𝑖 are the times where 

the calibration constants have been estimated, 𝑁 is the total number of calibration 

constants determined, and 𝑠𝑡 is the smoothing parameter. The uncertainty of 

�̂�(𝜂, 𝑡𝑔) is estimated as: 
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𝛔 (�̂�(𝜂, 𝑡𝑔)) =  
1

𝑊(𝑡𝑔, 𝑠𝑡)
√∑{𝛔𝟐(𝐶𝑛(𝜂, 𝑡𝑖)) · 𝑤2(𝑡𝑔, 𝑡𝑖 , 𝑠𝑡)}

𝑁

𝑖=1

 (9.20) 

 

where the term 𝛔𝟐(𝐶𝑛(𝜂, 𝑡𝑖)) is calculated as the weighted standard deviation of 

𝐶𝑛(𝜂, 𝑡𝑖): 

𝛔𝟐(𝐶𝑛(𝜂, 𝑡𝑖)) = 

= 
𝑁

(𝑁 − 1)𝑊(𝑡𝑔, 𝑠𝑡)
∑{[𝐶𝑛(𝜂, 𝑡𝑖) − �̂�(𝜂, 𝑡𝑔)]

2
· 𝑤(𝑡𝑔, 𝑡𝑖, 𝑠𝑡)}

𝑁

𝑖=1

 
(9.21) 

 

The value of 𝑠𝑡 is selected considering two factors that might produce short-term 

changes in the calibration constant: variation in the laser output wavelength due to 

changes in the ambient temperature, and dirt and dust accumulated on the CL51 

window. Regarding the first factor, Markowich [2008] studied the effect of the peak 

emission wavelength in the effective water vapor transmittance, finding that these 

changes would only have to be considered in tropical atmospheres. With respect to 

the second factor, the accumulation of particles on the upper window depends 

mostly on the meteorological conditions, especially on precipitation. Although the 

tilted position of the CL51 and the window blower reduces this effect, the window 

is cleaned around once per week. The cleaning schedule is not fixed: the window is 

cleaned after dirty rain events, although no maintenance is performed during 

holidays. Other factors that might affect the value of the calibration constants, such 

as degradation of the laser source, are not considered because their periodicity or 

effect cannot be quantified. Based on this, we assume short-term changes in the 

calibration constant to have an approximate time-scale of one week, and thus we 

select 𝑠𝑡 to be equal to 7 days. The result for the entire CL51 database is shown in 

Fig. 9.5. We can see that the values of �̂� range from 5×10
7
 to 10×10

7
 a.u.·m·sr and 

with no apparent seasonal trend.   
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Fig. 9.5 CL51 calibration constants retrieved for all the dataset. The dots 

indicate single measurements, while the solid lines represent the the results 

when the Gaussian moving average with s equal to 7 days is applied. Red: 

results for = 20𝜇𝑚; 𝜎 = 20𝑘𝑚−1 . Blue: results for 𝐷 = 8𝜇𝑚; 𝜎 = 15𝑘𝑚−1 

9.2 Ceilometer inversion algorithm  

In this section we describe the algorithm used for the inversion of Ceilometer data. 

The main goal of the algorithm is to automatically retrieve hourly aerosol 

backscatter profiles and column lidar ratios at 910 nm. For this aim we use the same 

time-grid as for  �̂�(𝜂, 𝑡𝑔). 

9.2.1 Selection and processing of column AOD and water vapor 
The first step of the algorithm is the selection of the AOD and column water vapor 

(CWV) derived from the photometer measurements. For this aim we proceed as 

follows: 

1) We take the AOD measurements of the CE318 within the considered time-

grid bin. In particular, we take the data from the three closest wavelengths 

to 910nm (usually 675, 870 and 1020 nm).  

2) If no AOD measurements are available, the case is discarded. 

3) The AOD values at each wavelength are averaged. Then, following 

Ångström law, the logarithm of these averaged values is fitted against the 

logarithm of the wavelength using a second order polynomial. 

4) This fit will provide the AOD at 910 nm. 

5) In addition to the AOD, we also select the CWV measurements associated 

to the considered time-grid bin. The mean value is used to correct the 
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water vapor profile given by the HYSPLIT model, as indicated in 

subsection 3.5.2.  

6) If no CWV measurement is available, we use the results of the fit shown in 

Fig. 3.5 to correct the modelled water vapor profile.  

9.2.2 Selection and processing of CL51 data 
In those cases where the hourly column AOD at 910 nm could be determined, we 

select and process the CL51 data as follows: 

1) We select all the CL51 profiles within the time interval corresponding to 

the analyzed time-grid bin. 

2) An ancillary set of profiles is created by vertically smoothing the CL51 

RCSs with a 3-bin-wide moving average. This is done to avoid outliers 

caused by signal noise that might be misclassified as clouds.  

3) We look for the maximum signal value of these smoothed profiles in the 

first 8 km. If a smoothed profile is associated to maximum signal equal or 

over 1000 a.u., it is discarded due to possible cloud-contamination. The 

value of this threshold is based on a previous visual inspection of the 

typical signal values associated to aerosols, usually bellow 500 a.u. This 

ancillary set of smoothed profiles is no longer used. 

4) Once the profiles affected by the presence of intense clouds are removed, 

we look for fainter clouds that may also affect the signal. For this aim we 

use the remaining profiles to estimate the mean RSC, 𝑃𝑟2(𝑟, 𝑇), and the 

standard deviation at each range, 𝛔(𝑃𝑟2(𝑟, 𝑡)). Then, we discard those 

profiles where we find, at any range: 

𝑃𝑟2(𝑟, 𝑡𝑖) >  𝑃𝑟2(𝑟, 𝑇) + 4𝛔(𝑃𝑟2(𝑟, 𝑡)) (9.22) 

  

where 𝑖 is the index of the single CL51 profile within the considered time-

grid bin. This process is repeated again using only the remaining cases. If 

the number of cloud-free profiles is lower than half of the total number of 

profiles the inversion process is stopped. 

5) When the cloud-screening is complete, we use the remaining profiles to 

estimate the RCS noise standard deviation due to the backscattered signal, 

𝛔𝑛
2(𝑟), and due to the background signals, 𝛔𝑛,𝑏𝑔+𝑒𝑏

2 , as described in 

section 7.2.  

6) We correct the electronic background of the signal as in section 7.1.  
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7) The signal is then corrected by the two-way water vapor transmittance, 

𝑇𝑤
2 (𝑟) as indicated in section 7.3. 

8) We vertically smooth the average corrected RCS with the windowed filter 

method presented in subsection 8.2.1, using a constant of proportionality, 

𝐾, equal to 3 km
-1

. Hereafter the smoothed RCS will be noted as: 

𝑃𝑟𝑠𝑚𝑡
2 (𝑟). The same smoothing filter is applied to 𝛔𝑛(𝑟). Similarly, this 

smoothed parameter will be noted as: 𝛔𝑛,𝑠𝑚𝑡(𝑟). 

9.2.3 Retrieval of aerosol backscatter coefficients, 𝜷𝒂(𝒓), and 

column lidar ratio, 𝑺𝒄𝒐𝒍 
In order to retrieve 𝛽𝑎 we use the forward solution of the KFS method (Eqs. 2.11 

and 2.12). Since the CL51 signal is already overlap-corrected and calibrated, we 

can use the signal at the first bin to estimate the backscatter needed as a reference:  

𝛽(𝑟𝑠𝑢𝑟) =  𝑃𝑟𝑠𝑚𝑡
2 (𝑟𝑠𝑢𝑟)/�̂� (9.23) 

  

 

where �̂� is equal to (�̂�(𝜂1) + �̂�(𝜂2) )/2. This way Eq. 2.11 can be rewritten as: 

𝛽𝑎(𝑟) + 𝛽𝑚(𝑟) =  
𝑃𝑟𝑠𝑚𝑡

2 (𝑟)𝑋(𝑟, 𝑟𝑠𝑢𝑟)

�̂� − 2∫ 𝑆𝑎(𝑟
′)𝑃𝑟𝑠𝑚𝑡

2 (𝑟′)𝑋(𝑟′, 𝑟𝑠𝑢𝑟)𝑑𝑟′
𝑟

𝑟𝑠𝑢𝑟

 
(9.24) 

  

𝑋(𝑟, 𝑟𝑠𝑢𝑟) = exp {2∫ [𝑆𝑚 − 𝑆𝑎(𝑟
′)]

𝑟

𝑟𝑠𝑢𝑟

𝛽𝑚(𝑟′)𝑑𝑟′} 
(9.25) 

 

In our case, the inversion of the CL51 data is performed until a maximum range 

above which aerosols are not likely to be found. This maximum range, 𝑟𝑡𝑜𝑝, is set 

as the lowest altitude where: 

𝑃𝑟𝑠𝑚𝑡
2 (𝑟) − 𝛔𝑛,𝑏𝑔+𝑒𝑏 < 0   ∀  𝑟 ≥ 𝑟𝑡𝑜𝑝  (9.26) 

  

We set 𝑟𝑡𝑜𝑝 equal to 7.5 km if the condition in Eq. 9.26 is not met below that range. 

Since we do not know the aerosol lidar ratio profile, 𝑆𝑎, we need to make some 

previous assumptions. The main one is that the vertical profile is dominated by a 

single type of aerosol, and thus a constant lidar ratio, 𝑆𝑐𝑜𝑙 , can be considered. This 



 161   

 

assumption can lead to large uncertainties in the estimation of the aerosol 

extinction, but it is suitable for the retrieval of  𝛽𝑎 [Ansmann, 1992]. The second 

assumption is that the photometer and the ceilometer are measuring the same 

aerosol profile and thus: 

𝐴𝑂𝐷𝐶𝐿51(𝑆𝑐𝑜𝑙)  ≡ 𝑆𝑐𝑜𝑙 · ∫ 𝛽
𝑎
(𝑟′, 𝑆𝑐𝑜𝑙)𝑑𝑟′

𝑟𝑚𝑎𝑥

𝑟𝑠𝑢𝑟

  (9.27) 

 

𝐴𝑂𝐷𝐶𝐿51(𝑆𝑐𝑜𝑙) =  𝐴𝑂𝐷𝐶𝐸318 (9.28) 

 

These assumptions are widely used for the retrieval of 𝛽𝑎 when only elastic data are 

available [e.g. Landulfo, 2003; Córdoba-Jabonero, 2011].  

In order to find 𝑆𝑐𝑜𝑙 , different values are tested between 15 and 90 sr with step 

changes of 1 sr until we find a minimum in the absolute difference between 

𝐴𝑂𝐷𝐶𝐿51 and 𝐴𝑂𝐷𝐶𝐸318. If this absolute difference is lower than 0.015 -the typical 

uncertainty in the AOD due to calibration uncertainties of the CE318
*
- then the 

inversion is considered successful. If no minimum difference is found between 15 

and 90 sr, or if this minimum is greater than 0.015, the inversion has failed.  

9.2.4 Estimation of uncertainties 
The uncertainties of the retrievals, 𝛽𝑎(𝑟) and 𝑆𝑐𝑜𝑙 , are estimated using a Monte 

Carlo method. This method is chosen because it can handle the non-linear behavior 

of the forward KFS solution and also the uncertainties of the different input 

parameters. Despite there are analytic methods for the estimation of the error bars 

[e.g. Rocadenbosch, 2012], they have not been implemented yet, and thus remain as 

a future task. The four input parameters considered in the Monte Carlo approach 

are: the calibration constant, the CL51 signal, the 𝐴𝑂𝐷𝐶𝐸318, and the water vapor 

profile.  

a) Calibration constant 

In order to account for the uncertainties of �̂� we simulate values of the calibration 

constant, �̂�𝑠𝑖𝑚, as: 

                                                           

*
 https://aeronet.gsfc.nasa.gov/new_web/system_descriptions_calibration.html 

(retrieved November, 2016) 

https://aeronet.gsfc.nasa.gov/new_web/system_descriptions_calibration.html


 162   

 

 

�̂�𝑠𝑖𝑚(𝑗) = 𝑅�̂�(𝑗) · [𝐺�̂�(𝑗) · 𝛔 (�̂�(𝜂
1
)) + �̂�(𝜂

1
)] + 

+(1 − 𝑅�̂�(𝑗)) · [𝐺�̂�(𝑗) · 𝛔 (�̂�(𝜂
2
)) + �̂�(𝜂

2
)] 

(9.29) 

 

where 𝑗 is the index of the simulation, 𝛔 (�̂�(𝜂)) is the uncertainty of �̂�(𝜂) 

calculated with Eq. 9.20, and: 

𝐺�̂�(𝑗) = 𝑵(0,1) (9.30) 

 

𝑅�̂�(𝑗) = 𝒓𝒂𝒏𝒅(0,1) (9.31) 

 

𝐺�̂� is a random number generated from a normal distribution of mean 0 and 

variance 1, and 𝑅�̂� is a random number between 0 and 1, assuming equal 

probability for all values. This way we account for both the uncertainty due to the 

possible values of 𝜂 and the uncertainty due to the temporal variability of �̂�.  

b) CL51 signal 

The signal noise is treated as the sum of the uncorrelated noise (�̂�𝑛,(𝑟)) and the 

correlated noise (𝛔𝑛,𝑏𝑔+𝑒𝑏) and their effects are estimated separately. To account 

for uncorrelated noise, we create a simulated noise profile assuming a normal 

distribution: 

𝑑𝑛(𝑟, 𝑗) =   𝑵(0,1) · 𝛔𝑛,𝑠𝑚𝑡(𝑟) · 𝑟2 (9.32) 

 

With respect the correlated noise, we need to consider the spatial autocorrelation 

(AC) of the noise. For this purpose we generate random correlated variables using 

the method based on the Cholesky decomposition of the correlation matrix [e.g. 

Iman, 1982].  For this aim we first create a correlation matrix, 𝐑, that accounts for 

the noise spatial AC: 

𝐑 = (

1 𝜌 0 …
𝜌 1 𝜌 …
0 𝜌 1 …
⋮ ⋮ ⋮ ⋱

) (9.33) 
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The term 𝜌 is the AC of the ceilometer (non-range corrected) signal calculated in 

the background-noise-dominated ranges when a 1-bin delay is considered
*
. For 

greater bin delays the AC is negligible (see Fig. 9.6) and thus we take it equal to 

zero. Once 𝐑 has been determined, we factorize it using Cholesky decomposition 

[e.g. Watkins, 2002]: 

𝐑 = 𝐋𝐓𝐋 (9.34) 

 

Finally, we use 𝐋 to create a simulated noise profile: 

𝑑 𝑛,𝑏𝑔(𝑗) =  𝐋 𝑵(0, 𝑟 4)𝛔𝑛,𝑏𝑔+𝑒𝑏 (9.35) 

 

where 𝑵(0, 𝑟 4) is a column vector of randomly generated values assuming a 

normal distribution with zero mean and a variance at each bin equal to 𝑟4. This 

way, the simulated RCS is generated as the sum of the correlated and uncorrelated 

noise sources: 

𝑃𝑟𝑠𝑖𝑚
2 (𝑟, 𝑗) = 𝑃𝑟𝑠𝑚𝑡

2 (𝑟) + 𝑑𝑛(𝑟, 𝑗) + 𝑑𝑛,𝑏𝑔(𝑟, 𝑗)  (9.36) 

 

 

 

Fig. 9.6 Spatial autocorrelation of the 200 upper bins of the non-rage-corrected 

CL51 signal, estimated using 1 hour of measurements centered at 7 UTC on 1 

August, 2013. 

                                                           

*
 The maximum value of 𝜌 is set to 0.5. For higher values the algorithm used by 

Matlab to perform the Cholesky decomposition fails. 
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c) AOD 

Regarding the AOD, their measurements have a typical instrumental error between 

0.01 and 0.02 due to uncertainties in the calibration
*
. Taking the upper limit as a 

reference, the simulated AOD values are generated as: 

𝐴𝑂𝐷𝑠𝑖𝑚(𝑗) =  𝐴𝑂𝐷𝐶𝐸318 + 𝑵(0,1) · 0.02 (9.37) 

 

Compared to the instrumental uncertainty, the error due to the interpolation of the 

AOD at 910 nm can be considered negligible. For instance, using data from the 

year 2015 we found a root-mean-squared difference (RMSD) equal to 0.002 

between the actual AOD at 870 nm and the predicted value estimated from 

measurements at 675 nm and 1020 nm using the Ångström law. 

d) Water vapor profile 

Finally, we also take into account the uncertainty in the water vapor profile. As 

summarized by Estellés [2006], the photometer-derived values of CWV are 

associated to an uncertainty around 1.5 mm. In addition to this, AERONET claims 

that due to the variability of the calibration coefficients, the uncertainty of the CWV 

is approximately 10% [Estellés, 2006]. Based on this information, we simulate 

CWV values as: 

𝐶𝑊𝑉𝑠𝑖𝑚(𝑗) =  𝐶𝑊𝑉𝐶𝐸318 + 𝑵(0,1) · 𝑚𝑎𝑥 {
 𝐶𝑊𝑉𝐶𝐸318

10
 , 1.5 mm} (9.38) 

 

The simulated values are then used to correct the water vapor profiles as indicated 

in subsection 3.5.2. If no CWV is available, we estimate it using the results shown 

in Fig. 3.5 assuming the same uncertainties. 

e) Total uncertainty  

The simulated parameters with the same index, 𝑗, are used as an input to retrieve 

𝛽𝑎,𝑠𝑖𝑚(𝑟, 𝑗) and 𝑆𝑐𝑜𝑙,𝑠𝑖𝑚(𝑗),  using the same method as for 𝛽𝑎(𝑟) and 𝑆𝑐𝑜𝑙. The array 

of simulated values, 𝛽 𝑎𝑠𝑖𝑚
(𝑟) and 𝑆 𝑐𝑜𝑙,𝑠𝑖𝑚,  form a certain distribution that can be 

used to estimate the confidence intervals of 𝛽𝑎(𝑟) or 𝑆𝑐𝑜𝑙 . In our case, the 

uncertainty of each parameter is estimated as the standard deviation of the 

simulated values. 

                                                           

*
 https://aeronet.gsfc.nasa.gov/new_web/system_descriptions_calibration.html 
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9.3 Results  

A total of 5095 cases could be successfully processed between 1 June 2013, and 31 

August 2016. In this section we present the main results obtained as a function of 

the aerosol type (dust or non-dust), the seasonal and daily aerosol trends. In the last 

part of the section we analyze a study case particularly relevant because it 

corresponds to the strongest dust outbreak over Burjassot during the analyzed 

period. 

9.3.1 Dust cases  
First, we analyze the effect of dust on the lidar ratio and the aerosol backscatter 

profiles. In order to classify the dust-dominated cases, we use the column AOD at 

910nm, and the column Ångström exponent between 440 and 870 nm, 𝛾, similarly 

as Toledano [2007]. The principle of the classification is that higher values of the 

AOD and lower values of 𝛾 indicate cases that are more likely to be dominated by 

the presence of dust. In particular, we separate the cases in three types: non-dust 

cases, mixed or unclassified cases, and dust cases (Fig. 9.7). Non-dust cases are 

selected as the ones that meet the condition: 𝛾 > 5𝐴𝑂𝐷 + 0.2. These represent the 

most common type, with an frequency of 86%. Dust cases are those meeting: 

𝛾 < 5𝐴𝑂𝐷 − 0.6, and make up 4.7% of the total. Cases that do not meet any of 

these conditions are considered as mixed or unclassified cases. We create this 

intermediate class so that the two other classes correspond to cases with negligible 

dust contribution (non-dust) or cases where the dust clearly dominates over the rest 

of aerosols (dust).  

In Fig. 9.8, we show the mean and median profiles associated to dust (red) and non-

dust cases (blue). For non-dust cases the mean and median values of 𝛽𝑎 decrease 

with altitude above 300m. We can also see that for this kind of cases the median 

value of 𝛽𝑎 is equal to zero above 4 km, indicating that for higher altitudes the most 

common scenario is the lack of measurable aerosol layers. With respect to dust 

cases, the trends in the mean and median 𝛽𝑎 profiles are similar to the non-dust 

cases up to 900 m, suggesting the presence of local aerosols at the lower altitudes 

during dust events. Above this altitude the mean 𝛽𝑎 increases until 2 km where it 

remains approximately constant up to 4 km, decreasing for higher altitudes. The 

shape of the profiles indicates that dust layers are usually transported to Burjassot at 

altitudes between 2 and 4 km. Finally, we can see that for the lowest altitudes all 

profiles show the same behavior: 𝛽𝑎 decreases up to 100 m, and then its value 
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increases until it reaches a maximum around 300 m. This effect is likely caused by 

an underestimation in the overlap correction automatically applied by Vaisala. 

 

Fig. 9.7 Scatterplot of Ångström exponent between 440 and 870 nm vs AOD at 

910 nm for the whole database. Non-dust cases are presented in blue, mixed or 

unclassified cases in grey, and dust cases in red. The dashed lines indicate the 

boundary between types. 

 

Fig. 9.8. Left: Mean (solid) and median (dashed) aerosol backscatter profiles 

obtained for non-dust cases (blue) and dust cases (red). Right: Weighted 

distribution of column lidar ratio values for non-dust (blue) and dust cases 

(red).  
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Regarding the column lidar ratios, in Fig. 9.8 we show the weighted distributions of 

the values. The contribution of each case to the histogram is weighted by the 

inverse of the lidar ratio uncertainty. This way, cases associated to large 

uncertainties have lower impact on the distribution. We can see that there are 

noticeable differences depending on whether the case is classified as dust or non-

dust. The distribution of lidar ratio values for non-dust cases has positive skewness, 

with maximum frequency around 30 sr. The weighted mean value of lidar ratio for 

non-dust cases is 37 sr, with a weighted standard deviation of 11 sr. Regarding dust 

cases, we observe an almost symmetrical distribution with an absolute maximum 

around 45 sr. The weighted mean is equal to 46 sr and the weighted standard 

deviation to 11 sr.  These values are lower than the ones generally found for 

African dust at 355 and 532 nm, although they are in agreement with the results 

obtained by Gross [2013] at 532 nm (Table 1.4), and are within the boundaries set 

by Papayannis [2008] at 355 nm, 38-60 sr , for dust outbreaks over Europe.  

Despite these results are obtained at shorter wavelengths than 910 nm, according to 

the results obtained by Tesche [2011], the lidar ratio associated to dust has limited 

wavelength dependence in the 355-1064 nm range, and thus its values should be 

similar. The retrieved lidar ratios are generally lower than the ones used by the 

CALIOP scene classification algorithm [Omar, 2009] for dust (55 sr at 1064nm), 

but greater than the values associated to polluted dust (30 sr at 1064 nm).  

In order to evaluate the effect of the overlap correction on the results, we 

reprocessed the data using as reference backscatter the sum of 𝛽𝑚 and 𝛽𝑎 at 300 m, 

retrieved using the overlap-corrected signal, and assuming that 𝛽𝑎 is proportional to 

𝛽𝑚 below this range. The results are shown in Fig. 9.9. Apart from the changes 

below 300 m, differences in the 𝛽𝑎 profiles are not remarkable. Regarding the lidar 

ratio, we observe slightly lower values than in the previous case: the weighted mean 

lidar ratio for dust cases decreases from 46 to 44 sr, while for non-dust cases the 

mean value decreases from 37 to 36 sr. This increase in the lidar ratios is due to the 

increase in the backscatter below 300 m. 

Finally, as an indicator of the altitude reached by aerosols, we estimate for each 

case the altitude corresponding to the 67
th

 percentile of the aerosol backscatter 

profile (𝐻67%). The distribution of values of this parameter for dust and non-dust 

cases is shown in Fig. 9.10. For dust cases we find an approximately symmetrical 

distribution, with no cases below 0.5 km or above 6.5 km, and a maximum between 

3 and 4 km that stands out from the rest of the distribution. Regarding non-dust 
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cases, we find a non-symmetrical distribution with positive skewness, which 

increases rapidly with altitude until peaking between 1 and 1.5 km, decreasing 

gradually for higher altitudes, until no case is found above 6.5 km. The fact that 

most non-dust aerosols are concentrated at lower altitudes than dust aerosols is in 

agreement with the results displayed in Fig 9.8 and 9.9.  

 

Fig. 9.9. Same as Fig. 9.9, but assuming 𝛽𝑎proportional to 𝛽𝑚  below 300 m. 

 

Fig. 9.10. Distribution of 𝐻67% values for dust (right) and non-dust (left) cases. 

𝐻67% values are estimated using the overlap correction by Vaisala. 

9.3.2 Seasonal trends 
In order to study the seasonal distribution of aerosols over Burjassot, we analyze 

the results obtained during each meteorological season: summer (Jun – Aug, 2423 
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cases, 80% non-dust), autumn (Sep – Nov, 942 cases, 90% non-dust), winter (Dec – 

Fec, 496 cases, 89% non-dust) and spring (Mar – May, 1234 cases, 91% non-dust). 

The mean 𝛽𝑎 profiles for each season are presented in Fig. 9.11 for all cases (left) 

and only for non-dust cases (right). Summer is the season with higher 𝛽𝑎 at almost 

every altitude, even when dust and mixed cases are not taken into account. This is 

in agreement with the results obtained by Estellés [2006], who found that summer 

was the season with highest values of the column AOD. We can also see that the 

shape of the mean 𝛽𝑎 profile is different in summer. In particular, we can see that in 

this season the derivative of 𝛽𝑎 with respect altitude changes sharply around 1 km 

even when dust cases are discarded. Regarding the rest of the seasons we observe 

that spring and winter are the seasons related to the lower 𝛽𝑎 values. In the case of 

winter we can see that dust have an important effect in the mean 𝛽𝑎, especially for 

altitudes above 1 km: when dust and mixed cases are taken into account, the winter 

profile becomes smaller than the spring profile for altitudes above 2 km; however, 

when dust cases are discarded, winter has the smallest 𝛽𝑎 values above 700 m.  

 

Fig. 9.11 Seasonal mean aerosol backscatter profiles when we consider all cases 

(left) or only non-dust cases (right). Solid lines indicate the results obtained 

with the overlap correction by Vaisala. Dashed lines indicate the results 

obtained assuming 𝛽𝑎  proportional to 𝛽𝑚 below 300 m. 

The seasonal distribution of 𝐻67% values is shown in Fig. 9.12. We observe that all 

distributions are asymmetrical, with positive skewness. In summer aerosol layers 

usually reach higher altitudes, and the most frequent 𝐻67% values are found 

between 1.5 and 2.5 km, while almost no case is found with 𝐻67%< 0.5 km. This 
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contrasts with the results for winter, where most of the cases are associated to 𝐻67% 

< 1 km, and only few cases correspond to 𝐻67% > 2 km. Regarding autumn and 

spring, these are the most similar seasons in terms of 𝐻67%. We can see that for 

both seasons the maximum probability is found between 0.5 and 1.5 km, although 

in autumn the number of cases with 𝐻67%< 0.5 km is three times higher than in 

spring.  

 

Fig. 9.12. Distribution of 𝐻67% values for summer (top-left), autumn (top-right), 

winter (bottom-left), and spring (bottom-right). 

Regarding the column lidar ratio, its weighted distributions are shown in Fig. 9.13. 

In the left part we show the results obtained when we use the overlap correction 

applied by Vaisala, while in the right part we display the results obtained when we 

assume 𝛽𝑎 proportional to 𝛽𝑚 below 300 m. Despite the mean results obtained with 

the second method are lower for all seasons, the differences between both methods 

are not remarkable. We can see that summer is usually associated to the lowest lidar 

ratios, with a weighted mean value equal to 35/33 sr, depending on the method. On 

the contrary, the highest lidar ratios are found in winter, with a weighted mean 

value equal to 51/48 sr. Regarding autumn and spring, they are associated to 

intermediate values, with weighted mean lidar ratios equal to 42/40 and 48/46 sr 

respectively.  

If we compare Fig. 9.12 and Fig. 9.13 we observe the seasonal trend in the lidar 

ratio is closely related to the altitude reached by aerosols: seasons associated to 

lower 𝐻67% values have greater lidar ratios and vice versa. This can be caused by 
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three non-exclusive reasons. The first one is due to actual changes in the aerosol 

properties with altitude and season. The second reason is due to the systematic bias 

in the overlap correction, which leads to an underestimation of the signal at low 

altitudes, and thus to higher lidar ratios. Finally, these results could be caused by 

systematic errors in the correction of the electronic background and/or of the water 

vapor transmittance that might lead to an overestimation of the signal the highest 

altitudes.  

 

Fig. 9.13 Seasonal weighted distributions of column lidar ratio values at 910 nm. 

In order to analyze to what extent the seasonal variations in the lidar ratio are due to 

changes in the aerosol properties or due to biases in the signal, we analyzed the 

column lidar ratio derived from AERONET retrievals: 

𝑆𝐴𝑁𝐸𝑇 = 
4𝜋

𝜔0𝒫(𝜋)
 (9.39) 

 

where 𝜔0 is the single scattering albedo, and 𝒫(𝜋) is the phase function at an angle 

of 180
o
. The results at 870 nm are shown in Fig. 9.14. These results correspond to 

the same time interval as the CL51 dataset and have been obtained using daily 
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AERONET level-1.5 inversions (only 26 level-2.0 daily points were available). In 

this case we observe lower differences between seasons: the maximum difference 

in the mean values is found between summer (40 sr) and spring/winter (47 sr). 

Also, we can see that the mean values associated to summer and autumn (40 and 47 

sr, respectively) are around 5~7 sr higher than the values obtained with the 

ceilometer. On the other hand, the mean lidar ratio found for winter (45 sr) is 3~6 sr 

lower than the one shown in Fig. 9.13. These results suggest that, although there is 

a seasonal trend in the lidar ratio, the results obtained with the ceilometer might be 

affected by systematic errors in the signal. However, we have to take into account 

that the results in Fig. 9.14 are obtained with level-1.5 retrievals, and thus 

AERONET does not assure its quality. Therefore, a deeper investigation is still 

needed in this regard. 

 

Fig. 9.14 Seasonal distribution of column lidar ratio values at 870 nm as a 

retrieved from AERONET 1.5 level data. 

9.3.3 Daily trends 
We now deal with the daily trends of the aerosol vertical distribution. Since the 

inversion method proposed in this chapter requires from photometer measurements, 
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only daytime hours can be analyzed. Figure 9.15a shows the mean 𝛽𝑎 profiles 

obtained for different time intervals: 7-8 UTC (blue), 9-10 UTC (red), 11-12 UTC 

(yellow), and 13-14 UTC (purple). These mean values have been obtained taking 

into account all cases (dust, non-dust and mixed). In Fig. 9.15b we display the 

profiles on the left minus the mean 𝛽𝑎 estimated for all time intervals. For the sake 

of clarity, we only show the results retrieved using the overlap-correction by 

Vaisala. We observe that from 0 up to 450 m 𝛽𝑎 is higher for the first 

measurements of the day, from 7 to 8, and then it noticeably decreases with time 

until the minimum is reached for the 13-14 interval. Between 450 m and 670 m the 

maximum 𝛽𝑎 values correspond to the 9-10 interval, and from 670 m to 1 km the 

maximum values are reached during the 11-12 interval. Then, above 1 km the 

highest values of 𝛽𝑎 are found for the 15-16 interval.  

These results can be explained from the point of view of the typical PBL cycle (Fig. 

1.3) as follows: 1) At the beginning of the daytime (7-8 UTC), the convective layer 

is starting to develop, and therefore the aerosols generated from surface sources are 

trapped in the lower part of the atmosphere, which explains the high 𝛽𝑎 values 

between surface and 450 m. Also, at this time of the day we still have remains of 

the residual layer generated the day before that cause the relatively high values of 

𝛽𝑎 from 2.1 up to 4 km. 2)  Between 9 and 14 UTC the PBL convective layer keeps 

developing, and aerosols generated in the surface can spread to higher altitudes as 

time passes. This explains the fact that during these time intervals the aerosol load 

close to the surface decreases, while it increases for higher altitudes. 3) At the time 

interval between 15 and 16 UTC the convective layer of the PBL is fully developed 

and reaches its maximum altitude. This is why the maximum value of 𝛽𝑎 above 1 

km is reached at this time of the day. 
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Fig. 9.15 Left: Mean aerosol backscatter profiles, as a function of the time of the 

day. Right: profiles in the left minus mean aerosol backscatter profile when we 

consider all times. All hours are UTC. 

In addition to these results, we have also estimated the values of 𝛽𝑎 and 𝜎𝑎 

(calculated as 𝛽𝑎 · 𝑆𝑐𝑜𝑙) at surface level and at 300 m range (where the mean values 

of 𝛽𝑎 reach its maximum) as a function of the time of the day (Fig. 9.16). For both 

altitude levels  𝛽𝑎 and 𝜎𝑎 have maximum values at 7 UTC. Afterwards, 𝛽𝑎 and 𝜎𝑎 

decrease until 9 UTC, when they slightly increase their value until 10 UTC. Then, 

𝛽𝑎 and 𝜎𝑎 start again a decreasing trend that lasts until 14 UTC. After this time 𝛽𝑎 

starts increasing again while 𝜎𝑎 remains approximately constant. This daily 

behavior in 𝜎𝑎 is similar to the one found by Esteve [2010] in Burjassot using 

surface nephelometer measurements. In particular, Esteve [2010] found mean 

values of 𝜎𝑎(700 nm) at 7 UTC ranging from 5×10
-5

 m
-1

 (autumn and winter) to 

7×10
-5

 m
-1

 (summer and spring). The values of 𝜎𝑎(700 nm) followed a decreasing 

trend until they reached a minimum value at 14 UTC around 4×10
-5

 m
-1

 for autumn 

and winter and 4.5×10
-5

 m
-1

 for summer and spring. Finally, from 14 to 16 UTC 

Esteve [2010] found that during spring and summer 𝜎𝑎(700 nm) remained 

approximately constant, while during winter and autumn this parameter increased 

up to approximately 5×10
-5

 m
-1

. 
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Fig. 9.16 Mean aerosol backscatter (top) and extinction (bottom) coefficients at 

surface level (red) and at 300 m range –or 293 m high- (blue).  These results are 

retrieved using the overlap correction by Vaisala. All hours are UTC. 

Finally, present a statistical analysis of the altitude reached by aerosols at each hour 

of the day. For this aim in Fig. 9.17 we show the mean values of 𝐻67% obtained for 

each hour. We can see that at the highest value of 𝐻67% is generally found at the 

beginning of the daytime, decreasing until 10 UTC where it reaches its minimum. 

This behavior can be explained by the fact that, as the day passes the relative 

weight of aerosols emitted at surface level increases with respect the aerosols in the 

residual layer from the previous day. However, after 10 UTC the PBL starts 

developing and aerosols emitted at surface level can now reach higher altitudes, and 

therefore 𝐻67% increases steadily until 16 UTC. 

 

Fig. 9.17. Mean hourly values of 𝐻67%. All hours are UTC. 
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9.3.4 Case study 
In this subsection we present the 𝛽𝑎 profiles and 𝑆𝑐𝑜𝑙  values obtained for the 

strongest dust outbreak happening over Burjassot during the analyzed timespan. 

The dust outbreak starts on 21 February 2016, at 00 UTC, and lasts until the end of 

23 February 2016.  

a) 21 February 2016 

The results obtained for the first day are summarized in Fig. 9.18. The AOD is 

moderate to high, with all values above 0.3. Regarding the Ångström exponent (𝛾), 

its values are lower than 0.3 for all the considered period. The values obtained for 

both parameters are typically associated to dust cases over Burjassot. The evolution 

of the lidar ratio (and its uncertainty) is shown in the central panel. The values of 

the column lidar ratio (𝑆𝑐𝑜𝑙) decrease in a non-uniform way from 55 sr at 8 UTC to 

47 sr at 15 UTC. Finally, a quick look of the 𝛽𝑎 profiles is shown in the lower 

panel. We can see that at 8 UTC the dust layer spreads from 1 km up to 3.5 km, 

with a maximum value of 𝛽𝑎 equal to 7.1×10
-6

 m
-1

sr
-1

 at 1.9 km. As time passes, the 

aerosol layer approaches the surface, and at 15 UTC the maximum value of 𝛽𝑎 

(8.1×10
-6

 m
-1

sr
-1

) is found at 1.4 km.  

Figure 9.19 shows the air masses back-trajectories ending at 8, 12 and 15 UTC at 

1.5, 2, and 2.5 km altitudes, as predicted by the HYSPLIT model. We observe that 

at 8 and 12 UTC only air-masses ending at 2.5 km are predicted to have passed 

over the Saharan desert. Nevertheless, at these times the maximum value of 𝛽𝑎 is 

observed at 1.9 and 1.8 km respectively. Regarding the air masses reaching 

Burjassot at 15 UTC, the HYSPLIT model also predicts that the back-trajectories 

ending at 2 km passed over the Saharan desert. However, similarly as for the other 

two cases, the computed back-trajectory at 1.5 km, the closest one to the maximum 

value of 𝛽𝑎, does not pass over Northern Africa according to HYSPLIT. Further 

research is needed in in order to find the cause of this apparent disagreement. 
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Fig. 9.18 Dust outbreak over Burjassot during 21 February 2016. Top: Evolution 

of AOD at 910 nm (blue) and Ångström exponent between 440 and 970 nm 

(red). Middle: Evolution of column lidar ratio and its uncertainty. Bottom: 

Quick-look of the aerosol backscatter coefficients. In black-and-white lines we 

display the shape of each profile. 

 

Fig. 9.19 Air mass back-trajectories reaching Burjassot at 1.5 (red), 2 (blue) and 

2.5 km (green) at 8 (left panel), 12 (center) and 15 UTC (right) on 21 February 

2016. Back-trajectories retrieved from the HYSPLIT model webpage [Stein, 

2015; Rolph, 2017]. 



 178   

 

b) 22 February  2016 

The results obtained for 22 February are shown in Fig. 9.20. We observe that 𝛾 

remains below 0.2 at all times, with values lower than 0.05 between 8 and 11 UTC, 

indicating a strong dust outbreak. At 8 UTC we observe an AOD over 0.8, the 

highest value of the event measured during daytime. As the day passes, the AOD 

decreases until 13 UTC, when it reaches a minimum value equal to 0.28, and starts 

increasing again until 16 UTC (AOD = 0.52).  

Regarding 𝑆𝑐𝑜𝑙 , between 8 and 10 UTC its values range approximately between 40 

and 50 sr. These values are lower than the ones found for the previous day, which 

remained between 48 and 55 sr. From 11 to 17 UTC the values of 𝑆𝑐𝑜𝑙  increase up 

to 45 - 50 sr. In the quick-look we can observe that from 8 to 11 UTC the dust layer 

spreads through a wider altitude interval than during the previous day. At 8 UTC, 

the time with highest AOD, 𝛽𝑎  reaches its maximum value (12.3x10-6 m
-1

sr
-1

) at 

2.1 km. As time passes, the height of the top of the dust layer decreases, until 

reaching a minimum height at 13 UTC, which coincides with the minimum AOD.  

Finally, we have computed back-trajectories of the air masses reaching Burjassot at 

500, 1500 and 2500 m at 8, 12 and 16 UTC (Fig. 9.21). At 8 UTC we observe that 

HYSPLIT predicts similar back-trajectories for the air masses reaching Burjassot at 

the computed altitudes: the air masses cross the Saharan desert around 4 km above 

surface in a southwest-northeast trajectory during the day before. We can see that 

this pattern is noticeably different from the back-trajectories for 12 and 16 UTC: At 

these times, the air masses move almost exclusively over Northern Africa during 

the computed period, travelling at different altitudes, and reaching Burjassot after 

crossing the Iberian Peninsula from south/southwest to east. These differences in 

the back-trajectories could explain the evolution of the aerosol load during the first 

half of the analyzed period. 
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Fig. 9.20 Dust outbreak over Burjassot during 22 February 2016. Top: Evolution 

of AOD at 910 nm (blue) and Ångström exponent between 440 and 970 nm 

(red). Middle:  Evolution of column lidar ratio and its uncertainty. Bottom: 

Quick-look of the aerosol backscatter coefficients. In black-and-white lines we 

display the shape of each profile. 

c) 23 February  2016 

In Fig. 9.23 we show the results obtained for the last day of the event. The results 

are shown from 8 to 15 UTC because there are not more available inversions for 

this day due to the lack of photometer measurements. We can observe that between 

8 UTC and 15 UTC the AOD decreases from 0.38 to 0.11, while 𝛾 increases from 

0.1 up to 0.34, indicating that dust becomes less predominant in the atmosphere. 

With respect 𝑆𝑐𝑜𝑙, its values range between 55 and 40 sr. Although  𝑆𝑐𝑜𝑙  is higher at 

8 and 9 UTC, this parameter changes with time non-monotonically. We can also 

see the 𝑆𝑐𝑜𝑙  retrieved for lower AOD values are associated to larger uncertainties. 

Finally, in we can see that the highest 𝛽𝑎 values between 8 and 10 UTC are found 

at surface level. Also, we can see that the altitude of the top of the dust layer 

decreases until it reaches a minimum between 11 and 13 UTC. During the analyzed 

period HYSPLIT predicts air masses at 500 m coming from the Saharan desert. 

Contrarily, air masses at higher altitudes (1 and 2 km) are predicted to have 
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travelled through the Iberian Peninsula (8 and 11 UTC) or the Atlantic Ocean (15 

UTC) during the previous 94 hours (Fig. 9.23). 

 

Fig. 9.21 Air mass back-trajectories reaching Burjassot at 0.5 (red), 1.5 (blue) 

and 2.5 km (green) at 8 (left panel), 12 (center) and 16 UTC (right) on 22 

February 2016. Back-trajectories retrieved from the HYSPLIT model webpage 

[Stein, 2015; Rolph, 2017]. 

 

Fig. 9.22 Air mass back-trajectories reaching Burjassot at 0.5 (red), 1 (blue) and 

2 km (green) at 8 (left panel), 11 (center) and 15 UTC (right) on 23 February 

2016. Back-trajectories retrieved from the HYSPLIT model webpage [Stein, 

2015; Rolph, 2017]. 
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Fig. 9.23 Dust outbreak over Burjassot during 23 February  2016. Top: 

Evolution of AOD at 910 nm (blue) and Ångström exponent between 440 and 

970 nm (red). Middle:  Evolution of column lidar ratio and its uncertainty. 

Bottom: Quick-look of the aerosol backscatter coefficients. In black-and-white 

lines we display the shape of each profile. 
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10. Automated algorithm for data inversion 

and results 
First, we describe the algorithm used for the automatic inversion of the RMAN-

510 and CL51 nighttime data. Then, we present a statistical analysis of the 

intensive and extensive aerosol and cloud properties retrieved. Finally, we 

analyze a dust outbreak event as case study.  



 183   

 

10.1 Inversion algorithm 

We have developed an automatic algorithm for the inversion of the RMAN-510 and 

CL51 measurements. The algorithm has been written in Matlab programming 

language and consists of three stages. The first one is used for the data selection and 

manual cloud screening. The second part deals with RMAN-510 data pre-

processing, processing, and inversion, and is divided in four blocks: 2.1) data pre-

processing, 2.2) high-resolution processing, 2.3) high-resolution inversion and 2.4) 

low-resolution processing and inversion. Finally, the third part treats the CL51 

signal, and is divided in four blocks: 3.1) cloud screening and signal pre-

processing, 3.2) signal smoothing, 3.3) water vapor correction, 3.4) signal 

inversion. A description of each block is presented in the following subsections 

(10.1.1, 10.1.2, and 10.1.3 respectively). 

10.1.1 Data selection and manual cloud screening 

This is the first part of the algorithm, and the only one that requires the user’s 

manual input. When run in manual mode, the program asks for a date to be 

processed (format yyyy/mm/dd). Once the date is introduced, the program returns a 

numbered list with the available RMAN-510 measurements of that day. Among this 

list, we select the measurement we want to process (Fig. 10.1). The program can 

also be run in automatic mode. When this configuration is used, we introduce a 

starting and an ending date that are used by the program to search for all 

measurements in that interval. 

 

Fig. 10.1 Output of the Matlab command window when we introduce a date in 

format yyyy/mm/dd. The list shows the available measurements during that 
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day with the following information: starting date, duration, and data levels 

available (0 and 1).  

When a case is selected the program displays a ‘quick-look’ of the preliminary 

range-corrected elastic photon-counting (PC) profiles (Fig. 10.2). These quick-

looks can be analyzed with the visualization tools of Matlab to look for low and 

medium-altitude clouds, usually associated to sharp changes in the signal. Once the 

cloud-contaminated profiles have been detected, their associated indexes are 

manually introduced in the command window, so that the following blocks of the 

algorithm can discard them. After the detection of low and medium-altitude clouds, 

the program asks if the case is affected by the presence of high clouds that have not 

been removed. Regarding high clouds, we chose to keep them when they do not 

affect the aerosol profile, i.e., when there is a molecular region between the top of 

the highest aerosol layer and the bottom of high clouds. This way, in addition to 

aerosols, we can also analyze this kind of clouds with the measurements of the 

RMAN-510. 

 

Fig. 10.2 Top row: Quick-looks of the preliminary range-corrected elastic PC 

profiles for the measurement starting at 18 September 2015 at 03:05. The 

vertical axis indicates the altitude in meters, and the horizontal one the index of 

the profiles. Bottom row: zoom into areas where the perpendicular signal is 

associated to sharp changes. Profiles with indexes 8, 9, and 43 are likely to be 

affected by the presence of clouds and thus are removed. 
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10.1.2 RMAN-510 signal pre-processing, processing and inversion 
When we run the first part of the algorithm in manual mode, we can execute the 

second stage right after the cloud-screening is finished. Also, this second stage can 

be run in independently of the first stage. For this aim, the user needs to introduce 

the time interval that wants to be processed. Then, the program looks for all 

‘selected-data’ files within it. For each selected-data file, the program runs the 

following blocks: 

Block 2.1: Signal pre-processing 

The first block is the signal pre-processing. In order to operate, this block needs to 

be provided with pre-processing parameters from an excel .xlsx configuration file 

(Table 10.1). Once these parameters are loaded, the pre-processing block loads the 

meteorological data (see section 3.5) corresponding to the analyzed case: 

temperature, pressure, air and water vapor molecular density profiles, as well as the 

associated molecular backscatter and extinction coefficients at 355, 387 and 910 

nm. Secondly, the pre-processing block performs the signal correction. In this part 

the program averages the cloud-free profiles and corrects the dead time effect and 

background signal from the photon-counting modes (see subsection 4.3.2 and 

section 4.4, respectively), and removes the dark signals from the analog modes (see 

subsection 4.2.2). Third, the pre-processing block estimates the noise level of each 

mode and channel, as described in chapter 5. In the final (fourth) step, the program 

glues the PC and analog modes of each channel as described in section 4.5, and 

retrieves the range-corrected signal as well as its associated uncertainty. 

Table 10.1 Input parameters for the Block 2.1 of the inversion algorithm. 

Parameter Symbol Value Description 

Dead time 
correction 

∆𝜏 
4.7 ns (parall.) 
-0.5 ns (perp.) 

see subsection 4.3.2 

Maximum count 
rate 

𝑃𝑃𝐶,𝑚𝑎𝑥  10 MHz see section 4.5 

Minimim analog 
signal-to-noise 

ratio 
𝑆𝑁𝑅𝑎𝑛,𝑚𝑖𝑛 20 see section 4.5 

Reference count 
rate 

𝑃𝑃𝐶,0 5 MHz 
Needed for the definition 
of the 𝑘 parameter in Eq. 

4.11. See section 4.5 
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Block 2.2: High-resolution processing 

Similarly as the previous block, this second block needs to load the processing 

parameters from a .xlsx configuration file (Table 10.2). Then, in the first step, this 

block performs the high-resolution signal smoothing, as described in subsection 

8.2.1. Finally, the processing block determines the reference altitude and 

backscatter needed for the determination of the aerosol backscatter profile, as 

indicated in subsection 8.2.2.  

Table 10.2 Input parameters for the Block 2.2 of the inversion algorithm. 

Parameter Symbol Value Description 

Constant of proportionality 
for perpendicular signal 

smoothing 
𝐾⏊ 2 km−1 

see Eq. 8.12 in 
subsection 8.2.1 

Constant of proportionality 
for Raman signal smoothing 

𝐾𝑅  10 km−1 
see Eq. 8.12 in 

subsection 8.2.1 
Minimum aerosol linear 

depolarization ratio 
𝛿𝑎,𝑚𝑖𝑛  0.02 see subsection 8.2.2 

Depolarization calibration 
constant±uncertainty 

�̂�𝑐𝑎𝑙  
±𝛔(�̂�𝑐𝑎𝑙) 

0.0338 
±0.0005 

see subsection 6.2.1 

PBS Transmission 
diattenuation±uncertainty 

𝐷𝑡  
±𝛔(𝐷𝑡) 

0.999 
±0.001 

see subsection 6.2.2 
PBS Reflection 

diattenuation±uncertainty 
𝐷𝑟  

±𝛔(𝐷𝑟) 
-0.975 
±0.025 

PBS Misalignment angle α 
0o  

before 26 
May 2015   

see 
subsec

tion 
6.2.2 

1.6o 
after 24 

July 2015 

 

Block 2.3: High-resolution inversion 

The third block retrieves the high-resolution products: aerosol optical depth (AOD), 

backscatter (𝛽𝑎,𝐿𝑅), and linear depolarization (𝛿𝑎) profiles. The configuration 

parameters required for this block are the same as for block 2.2. In the first step, 

this block estimates the Ångström exponent needed for the Raman inversion (recall 

parameter 𝜂 in Eq. 2.13 and 2.15). In particular, the program looks for the first 

photometer-derived AOD values at 340 and 380 nm before and after the lidar 

measurement (𝑡0 and 𝑡𝑓, respectively). These measurements are used to derive the 

Ångström exponent at each time: 𝛾340−380(𝑡0) and 𝛾340−380(𝑡𝑓). Then, the program 
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estimates the Ångström exponent at the central time of the lidar measurement 

(𝛾340−380(𝑡)) by means of linear interpolation using the time as a reference. Finally, 

the Ångström exponent used for the Raman inversion (𝛾355−387) is assumed to be 

equal to 𝛾340−380(𝑡). The error associated to this parameter is estimated as: 

𝛔(𝛾355−387) = 

= min {|𝛾355−387 − 𝛾340−380(𝑡0)| , |𝛾355−387 − 𝛾340−380(𝑡𝑓)|} 
(10.1) 

 

In order to assure the representativeness of the photometer data at the time of the 

lidar measurement, we perform the interpolation of the Ångström exponent only if 

both 𝑡0 and 𝑡𝑓 are closer than 15 hours from 𝑡. Since Raman signal can only be used 

during nighttime and photometers data are only available during daytime, this 

threshold is set as the maximum length of the night in Burjassot during winter. In 

cases where there are no photometer measurements available within this threshold, 

or when 𝛾355−387 is higher than 2.5 or lower than -0.5, we assume that 𝛾355−387 =

0.9 and 𝛔(𝛾355−387) = 0.4. These values are based on the analysis of the 

distribution of 𝛾340−380 for the year 2015 in Burjassot (Fig. 10.3). Once the value of 

𝛾355−387 has been determined, this third block retrieves the high-resolution 

products and its uncertainties as indicated in subsection 8.2.3. 

 

Fig. 10.3 Histogram of values of 𝛾340−380 estimated from the photometer 

measurements during 2015 in Burjassot. 

Block 2.4: Low-resolution signal processing and inversion 

This fourth block requires the processing and configuration parameters from a 

configuration .xlsx file (Table 10.4). Then, it applies to the lidar data the low-

resolution smoothing and signal inversion methods described in section 8.3. This 

way the program retrieves a low-resolution aerosol backscatter (𝛽𝑎,𝐿𝑅), extinction 
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(𝜎𝑎,𝐿𝑅) and lidar ratio profiles (𝑆𝑎). For this aim, this fourth block uses the same 

reference signals, reference backscatter, and Ångström exponent as the ones used in 

the high-resolution inversions. 

Table 10.3 Input parameters for the Block 2.4 of the inversion algorithm. 

Parameter Symbol Value Description 

Minimum value of the smoothing 
parameter 

𝑠𝑚𝑖𝑛  12 
see subsection 

8.3.2 
 

Maximum value of the smoothing 
parameter 

𝑠𝑚𝑎𝑥  45  

Reference uncertainty of the lidar 
ratio 

∆�̂�𝑎 5 sr 

 

10.1.3 CL51 signal pre-processing, processing and inversion 
The third part of the algorithm consists of four blocks: 

Block 3.1: Cloud screening and signal pre-processing 

The block 3.1 of the algorithm loads the ceilometer measurements and ceilometer 

calibration constants corresponding to the measurement interval. It also loads the 

electronic-background correction profile (see section 7.1). Next, the cloud-

screening, electronic background correction and signal noise estimation are 

performed as described in section 9.2.  

Block 3.2: Change of resolution and signal smoothing 

This block changes the resolution and smooths the ceilometer signal. These 

operations can be written in matrix form as: 

𝑃𝑟𝑠𝑚𝑡
2 (ℎ, 910 𝑛𝑚) = 𝐒 𝐑 𝑃𝑟2(ℎ′, 910 𝑛𝑚) (10.2) 

 

where ℎ and  ℎ′ are the altitude vectors corresponding, respectively, to the RMAN-

510 and the CL51, estimated for each instrument as the range multiplied by the 

cosine of the tilt angle; 𝐒 is the smoothing matrix applied to the lidar elastic data; 

and 𝐑 is a 2850x1540
*
 matrix that changes the resolution of the ceilometer data (10 

                                                           

*
 The number of rows and columns of the matrix are, respectively, the length of the 

RMAN-510 and CL51 profiles. 
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m) so that it matches the resolution of the lidar data (7.5). The elements of the 

matrix 𝐑 are calculated as: 

𝑅𝑖,𝑗 = 
|ℎ𝑖 − ℎ′

𝑗|

∆ℎ′
   ,   |ℎ𝑖 − ℎ′

𝑗| ≤ ∆ℎ′ 

𝑅𝑖,𝑗 =  0   ,   |ℎ𝑖 − ℎ′
𝑗| > ∆ℎ′ 

 

(10.3) 

 

where ∆ℎ′ is the resolution of the CL51 (10 m) multiplied by the cosine of the tilt 

angle (12
o
). 

Block 3.3: Water vapor correction 

The third block estimates the two-way water vapor transmittance, 𝑇𝑤
2 , at the lidar 

resolution as in subsection 9.2.1 when we lack photometer measurements. Then, the 

smoothed and re-scaled ceilometer signal is corrected by 𝑇𝑤
2. 

Block 3.4: Signal inversion 

The fourth block applies the forward solution of the KFS method to the calibrated 

and corrected ceilometer signal to retrieve the aerosol backscatter profile at 910 nm, 

similarly as in subsection 9.2.2. In this case, however, measurements are performed 

during nighttime and therefore we cannot directly use photometer AOD 

measurements as a constraint for the retrieval. In order to overcome this limitation, 

we make an estimation of the AOD at 910 nm using the lidar retrievals at 355 nm 

and the photometer measurements: 

a) Similarly as in block 2.3, we estimate the Ångström exponent using the 

first photometer AOD measurements before and after the lidar 

measurement (𝛾340−870(𝑡0) and 𝛾340−870(𝑡𝑓)), interpolating at the time of 

the lidar measurement (𝛾340−870(𝑡)), and assuming 𝛾355−910 = 

𝛾340−870(𝑡). The error associated to 𝛾355−910 is estimated as: 

휀(𝛾355−910) = 

=  min {|𝛾355−910 − 𝛾340−870(𝑡0)|, |𝛾355−910 − 𝛾340−870(𝑡𝑓)|} 
(10.4) 

 

If one (or both) of the photometer measurements is further than 15 hours 

from the lidar measurement, or if 𝛾355−910 > 3 or 𝛾355−910 < −0.5, we 

assume γ355−910 = 1 and 𝛔(γ355−910) = 0.4, based on the distribution 

corresponding to the year 2015 shown in Fig. 10.4.  
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b) We estimate the AOD at 910 nm between the altitude corresponding to the 

lidar full overlap range (ℎ𝑜𝑣) and the reference altitude (ℎ𝑟𝑒𝑓) as: 

𝐴𝑂𝐷(ℎ𝑜𝑣, ℎ𝑟𝑒𝑓 , 910 𝑛𝑚) =  𝐴𝑂𝐷(ℎ𝑜𝑣, ℎ𝑟𝑒𝑓, 355 𝑛𝑚) · (
910

355
)
−𝛾355−910

 (10.5) 

 

where 𝐴𝑂𝐷(ℎ𝑜𝑣, ℎ𝑟𝑒𝑓 , 355 𝑛𝑚) is estimated as in Eq. 8.22.  

Once we have an estimated value of the AOD at 910, we apply the forward solution 

of the KFS method (as in subsection 9.2.2), testing different column lidar ratio 

values until the KFS-derived AOD between ℎ𝑜𝑣 and ℎ𝑟𝑒𝑓 matches the value obtained 

from Eq. 10.5. The uncertainties of the aerosol backscatter profile are estimated 

using the Monte Carlo method, similarly as in subsection 9.2.3. The main 

difference is the estimation of the uncertainty of the AOD, which in this case is 

calculated from Eq. 10.5 using error-propagation theory. 

 

Fig. 10.4 Histogram of values of γ340−870 estimated from the photometer measurements 

during 2015 in Burjassot. 

10.1.4 Algorithm output and data format 
When the second part of the algorithm finish the pre-processing, processing, and 

inversion of the RMAN-510 data the outcome is saved in a ‘processed-data’ file. In 

particular, the program saves in this file all the configuration parameters, the level-0 

data, the range-corrected signals and its noise variance, the smoothed signals and its 

associated uncertainty, and the high and low resolution retrievals with its 

uncertainties. Also, the program creates the .b and .e files in NetCDF as required by 

EARLINET.  
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In the .b files the program saves the altitude vector, the high-resolution retrievals 

(aerosol backscatter and depolarization profiles) and their uncertainties. In this file 

we also include the effective vertical resolution of the retrievals, estimated as the 

noise reduction ratio (NRR) due to the high-resolution smoothing of the elastic 

signals multiplied by the raw resolution of the RMAN-510. Finally, in these files 

we add a high-resolution extinction profile obtained from multiplying the low-

resolution lidar ratio by the high resolution aerosol backscatter (as in shown in 

section 8.3). The uncertainty of this parameter is estimated from the uncertainty of 

the low-resolution lidar ratio using error-propagation theory.  

In the .e files the program saves the altitude vector, the low-resolution retrievals 

(aerosol backscatter, extinction and lidar ratio profiles) and their uncertainties. 

Similarly as in the .b file, we include the spatial resolution of the retrievals, 

estimated as the noise reduction ratio (NRR) due to the low-resolution smoothing 

multiplied by the raw resolution of the RMAN-510.  

Finally, in cases where the inversion process of the CL51 is successful, the third 

part of the algorithm includes in the ‘processed-data’ file the aerosol backscatter at 

910 nm, its uncertainty, and the ceilometer un-processed and processed signal. 

Also, the program creates an EARLINET .b-like file with the aerosol retrievals at 

910 nm.  

10.2 Results 

The results are presented in the following way. First, we analyze the intensive 

properties of aerosols to separate dust and non-dust aerosols. Second, we carry out 

a similar analysis of the intensive properties of the high clouds, focusing on the 

linear depolarization ratio. Third, we present the mean vertical distribution of 

aerosols, analyzing the differences between dust and non-dust aerosols. Then, we 

carry out a similar study about the mean vertical distribution of high clouds. 

Finally, we discuss a study case.  

10.2.1 Summary of the cases 
The inversion algorithm was able to process a total of 654 nighttime measurements 

in Burjassot, 55% of them corresponding to cloud-free cases. The time distribution 

of the measurements is shown in Fig. 10.5. The number of cases in Burjassot during 

summer 2015 is lower than during the previous and following seasons because the 

RMAN-510 was carried to Granada between 22 May and 31 July 2015. Under 
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standard operation, the RMAN-510 is programmed to perform 30-minute 

measurements every three hours, centered at 00, 03, 06, 09, 12, 15, 18, and 21 

UTC. Nevertheless, the frequency of measurements is increased during special 

events such as dust outbreaks.  

 

Fig. 10.5 Time distribution of valid inversions. Blue: All cases; Red: cases 

without high-clouds.  

10.2.2 Aerosol intensive properties 

Aerosol linear depolarization ratio (𝜹𝒂) and backscatter-related 

Ångström exponent (𝜸𝜷) 

We have retrieved two intensive aerosol properties with high-resolution: the aerosol 

linear depolarization ratio at 355nm (𝛿𝑎) and the backscatter-related Ångström 

exponent between 355 and 910 nm (𝛾𝛽). This last parameter is estimated as: 

𝛾𝛽 = 
− log{𝛽𝑎(355 𝑛𝑚)/𝛽𝑎(910 𝑛𝑚)}

log{355/910}
 (10.6) 

 

and its uncertainty, 𝛔(𝛾𝛽), has been estimated using error-propagation theory. The 

statistical analysis of these two parameters has been made selecting only those bins 

that meet the following three conditions: 

𝛔(𝛿𝑎) < 0.1 and 𝛔(𝛾𝛽) < 0.5 and  𝑟 > 𝑟𝑜𝑣   (10.7) 

 

where 𝑟𝑜𝑣  is the lowest range above full-overlap. The histograms showing the 

distribution of the values of each parameter are displayed in Fig. 10.6. In particular, 

we show the histograms of 𝛿𝑎 (top), 𝛾𝛽 (right) and the bivariate histogram of both 

parameters (center). We can notice two modes in the distribution of both 
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parameters: a main mode containing most of the bins, with 𝛿𝑎 lower than 0.1 and 

𝛾𝛽 between 0.5 and 1.7; and a second mode with 𝛿𝑎 greater than 0.2 and 𝛾𝛽 

between -0.2 and 0.4. The characteristics of this second mode are in agreement with 

the expected values for dust (Table 1.3 in subsection 1.4.3).  

 

Fig. 10.6 Top: Histogram of the aerosol linear depolarization ratios (𝛿𝑎). Right: 

Histogram of the backscatter-related Ångström exponent between 355 and 910 

nm (𝛾𝛽). Center: bivariate histogram of 𝛿𝑎 and 𝛾𝛽 , the colors indicate the 

number of cases in each pixel of the histogram. 

In order to determine more precisely the 𝛿𝑎 and 𝛾𝛽values associated to each mode, 

we have fitted the distributions of each parameter to the sum of two Gaussian 

functions. Regarding 𝛾𝛽, we have assumed that both the non-dust and dust aerosols 

follow a Gaussian distribution (Fig. 10.7a). For dust aerosols we have obtained a 

mean value of 𝛾𝛽 equal to 0.05, and a standard deviation of 0.17. For the main 

mode (non-dust aerosols) we have found a mean 𝛾𝛽 equal to 0.91 with a standard 

deviation of 0.41. This high standard deviation, compared to the value obtained for 

dust, can be explained by the fact that within non-dust aerosols we include a vast 

variety of aerosol types such as maritime, polluted continental, smoke…, which 
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have different properties (recall subsection 1.4.3). From the distributions in Fig. 

10.7a we have derived the probability of finding dust or non-dust aerosols as a 

function of 𝛾𝛽 (Fig. 10.7b). We can see that dust is more likely to be found than 

non-dust for 𝛾𝛽 values lower than 0.21. 

 

Fig. 10.7 a) Histogram of the values of 𝛾𝛽 . Black dashed line: histogram fitted to 

the sum of two Gaussian functions. Blue: Gaussian function corresponding to 

non-dust aerosols. Red: Gaussian function corresponding to dust aerosols. b) 

Probability of finding dust (red) or non-dust (blue) aerosols as a function of 𝛾𝛽 . 

With regard 𝛿𝑎, we found that this parameter fits better to a lognormal distribution. 

In Fig. 10.8a we show the results when we fit the histogram of the logarithm of 𝛿𝑎 

to the sum of two Gaussian functions. The dust-related distribution has a maximum 

at 𝛿𝑎 = 0.221, with plus-minus one sigma confidence bounds at 0.196 and 0.250. 

The retrieved values are, on average, 15-20% lower than the values observed by 

Gross [2011b], 0.24 - 0.27, or Gross [2015a], 0.26±0.03, although the confidence 

intervals overlap. Using the distributions shown in Fig. 10.8a we estimated the 

probability of finding dust aerosols given a certain 𝛿𝑎 value (Fig. 10.8b). We can 

see that dust particles are more likely to be found for 𝛿𝑎 values between 0.184 and 

0.286. 
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Fig. 10.8 a) Histogram of the values of 𝑙𝑜𝑔 (𝛿𝑎). Black dashed line: histogram 

fitted to the sum of two Gaussian functions. Blue: Gaussian function 

corresponding to non-dust aerosols. Red: Gaussian function corresponding to 

dust aerosols. b) Probability of finding dust (red) or non-dust (blue) aerosols as 

a function of 𝛿𝑎. 

Lidar ratio 

We divided the aerosol profiles into dust and non-dust layers in order to perform an 

statistical analysis of the lidar ratio. First, we classified each bin as dust, non-dust 

or undetermined. A bin is classified as dust or non-dust when:  

dust ∶  𝑃(𝑑|𝛿𝑎) · 𝑃(𝑑|𝛾𝛽𝑎
) >  𝑃(𝑛𝑑|𝛿𝑎) · 𝑃(𝑛𝑑|𝛾𝛽𝑎

) 

non‐ dust ∶  𝑃(𝑑|𝛿𝑎) · 𝑃(𝑑|𝛾𝛽𝑎
) <  𝑃(𝑛𝑑|𝛿𝑎) · 𝑃(𝑛𝑑|𝛾𝛽𝑎

) 
(10.8) 

where 𝑃(𝑥|𝑦) is the probability that, given the parameter 𝑦 (𝛿𝑎 or 𝛾𝛽𝑎
), the 

analyzed bin belongs to the type 𝑥 (d: dust, or nd: non-dust). These probabilities are 

estimated from the distributions shown in Fig. 10.7 and Fig. 10.8 respectively. 

Finally, any bin is considered as undetermined when any of the following 

conditions are met: 
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undet. : 𝛔(𝛿𝑎) > 0.1 or 𝛔(𝛾𝛽𝑎
) > 0.5 or 𝑟 < 𝑟𝑜𝑣  (10.9) 

 

Based on this classification method, identify dust and non-dust layers. Given a 

certain profile, we consider that all correlative bins with the same classification 

belong to the same aerosol layer. Also, only layers spreading more than 20 bins 

(150 m) are considered valid. This condition is required to avoid misclassification 

of layers due to signal noise. In Fig. 10.9 we show a case with dust and non-dust 

layers, corresponding to a 30-minute measurement starting at 2:49 UTC on 21 

October 2014. In this case we can find one valid dust layer spreading from 1.20 km 

up to 3.53 km, and one valid non-dust layer reaching a top altitude of 1.08 km. 

Between both layers we observe an interval where dust and non-dust bins alternate. 

However, none of these layers meet the requested conditions (more than 20 

correlative bins of the same type) and therefore are not considered valid layers. A 

similar behavior appears above the dust layer, where the dust and non-dust bins 

alternate until an altitude where the uncertainties of the retrievals do not allow us to 

determine the type of aerosol.  

 

Fig. 10.9 Left) Aerosol backscatter profile at 355 nm from a 30-minute 

measurement starting on 2:49 UTC on 21 October 2014; Black: bins classified as 

non-dust; Red: bins classified as dust; Blue: undetermined bins; Horizontal 

dashed lines: boundary of the dust and non-dust layers. Right) Blue: Aerosol 

linear depolarization ratio; Red: Backscatter-related Ångström exponent 

between 355 and 910 nm. 

Once the dust and non-dust layers of a profile have been detected, we estimate the 

lidar ratio of each layer as: 
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𝑆𝑙𝑎𝑦 = 
𝐴𝑂𝐷(𝑟𝑜𝑣 , 𝑟𝑁 , 355) − 𝐴𝑂𝐷(𝑟𝑜𝑣 , 𝑟1, 355)

∆𝑟 ∑ 𝛽𝑎(
𝑁
𝑖=1 𝑟𝑖 , 355)

 (10.10) 

 

where 𝑟1 and 𝑟𝑁 are the lower and upper range of the layer, and ∆𝑟 is the raw 

resolution of the lidar (7.5 m). The uncertainty of 𝑆𝑙𝑎𝑦  is estimated from the 

uncertainties of the terms in Eq. 10.10 applying error-propagation theory. 

This method allowed us to retrieve the lidar ratio of 35 dust layers and 323 non-dust 

layers. The weighted distribution of 𝑆𝑙𝑎𝑦  values obtained for dust layers is shown in 

Fig. 10.10. We observe that most of the cases lie between 47.5 and 62.5 sr, with 

almost no layer existing out of this interval. In particular, we found a weighted 

mean equal to 55 sr with a weighted standard deviation equal to 4 sr. These values 

are similar to the ones obtained at 355 nm by Tesche [2011] and Gross [2015a] for 

African dust, which were, respectively, 54±7 and 53±5 sr. Also, this value is within 

the intervals given by Papayannis [2008] (38-60 sr), Ansmann [2003] (50-90sr), or 

Mattis [2002] (50-80 sr). 

 

Fig. 10.10 Weighted distribution of the lidar ratio of dust layers 

Regarding non-dust layers, the weighted distribution of 𝑆𝑙𝑎𝑦 values is shown in Fig. 

10.11. We can see that the width of the distribution for non-dust layers is higher 

than for dust aerosols, with a peak around 40 sr and most layers lying between 20 

and 60 sr. The weighted mean of 𝑆𝑙𝑎𝑦 is equal to 46 sr, with a weighted standard 

deviation equal to 11 sr. The observed mean value is lower than the ones generally 

associated to polluted continental aerosols (Table 1.6), and fresh smoke (Table 1.8) 

at 355 nm. This suggests the non-negligible presence of particles with lower lidar 

ratio values, like marine aerosols (Table 1.7), in the non-dust mode.  
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Fig. 10.11 Weighted distribution of the lidar ratio of non-dust layers 

10.2.3 Intensive properties of high-clouds 
In this subsection we present the preliminary results obtained for the intensive 

properties of high clouds. In particular, we present the results retrieved solely from 

the RMAN-510 data: the cloud linear depolarization ratio (𝛿𝑐), and the cloud lidar 

ratio (𝑆𝑐). The analysis of the backscatter-related Ångström exponent of clouds 

remains as a future task. In order to analyze the results presented in this section we 

have to take into account two issues related to the inversion algorithm. The first one 

is that the space-time variability of high clouds is not considered. This is because in 

the data selection part of the algorithm we only indicated whether cases were 

affected by the presence of high clouds or not, but the profiles containing high 

clouds were not specified. Therefore, the mean signal at a certain altitude will be 

the result of averaging cloud bins and cloud-free bins in different portions, 

depending on the space-time distribution of the clouds. This can lead to deviations 

between the actual and retrieved cloud properties [e.g. Ansmann, 1992]. The 

second factor to take into account is that multiple scattering has not been 

considered. This multiple scattering effect results in an increase of the measured 

backscatter, and its effect increases with the optical depth of the cloud [Eloranta, 

1998]. These limitations in the analysis of high clouds are due to the fact that the 

inversion algorithm has been primarily designed to study aerosols. The 

improvement of the algorithm for the analysis of high clouds will be addressed in 

the near future. 

Cloud linear depolarization ratio (𝜹𝒄) 

In Fig. 10.12 we show the histogram of the logarithm of the particle linear 

depolarization ratios obtained above 6 km for cases with presence of high clouds. 
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Similarly as in subsection 10.2.2, the histogram has been fitted to the sum of three 

Gaussian functions corresponding to the contribution of non-dust, dust, and high 

clouds. The mean 𝛿𝑎 associated to dust, 0.22, has been fixed, while the other 

parameters are allowed to change within certain ranges that are based on the visual 

inspection of the histogram. With this procedure we found a mean  𝛿𝑐 equal to 0.33 

with one-sigma confident limits at 0.29 and 0.39. 

 

Fig. 10.12 Histogram of the values of 𝑙𝑜𝑔 (𝛿𝑎). Black dashed line: histogram 

fitted to the sum of three Gaussian functions. Blue: Gaussian function 

corresponding to non-dust aerosols. Red: Gaussian function corresponding to 

dust aerosols. Magenta: Gaussian function corresponding to high clouds. 

Despite the limitations of the inversion algorithm, these results are in agreement 

with the ones obtained by Sassen [2001a] using lidar measurements at 694 nm 4
o
 

off-nadir in Utah, United States. In particular, Sassen [2010a] found that high 

clouds were associated to a mean volume linear depolarization ratio (𝛿′) 0.33±0.11. 

Although 𝛿𝑐 and 𝛿′ are different parameters, they yield the same results at first 

order of approximation. The reason is that at 694 nm we can disregard the 

contribution of molecules to 𝛿′, since at the altitudes in question there is a relatively 

low molecular density.  

Lidar ratio of clouds 

From the results shown in Fig. 10.12, we estimated the probability of finding a 

cloud above 6 km given a certain value of 𝛿𝑎, 𝑃(𝑐𝑙𝑜𝑢𝑑|𝛿𝑎) . Based on this 

probability, a certain bin is classified as cloud if:  𝑃(𝑐𝑙𝑜𝑢𝑑|𝛿𝑎)  >  0.5, which 

correspond to 𝛿𝑎 values between 0.25 and 0.49. Finally, bins associated to 𝛔(𝛿𝑎) > 

0.1 are classified as ‘undetermined’. Once the bins have been classified as aerosol 

or clouds, we estimate 𝑆𝑐 at 355 nm following the same procedure as we did for the 

dust layers in subsection 10.2.2. A total of 458 valid clouds were found in the 
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analyzed period. The weighted histogram of 𝑆𝑐 values is displayed in Fig. 10.13. 

This histogram shows a non-symmetrical distribution, with the highest frequency 

found around 15 sr. In particular, the weighted mean value of 𝑆𝑐 is equal to 14 sr, 

with a weighted standard deviation equal to 7 sr. The retrieved values are lower 

than the ones obtained by other authors like Sassen [2001b], 24.4 sr at 694 nm, 

Chen [2002], 29±12 sr at 532 nm, Giannakaki [2007], 36±20 sr at 355 nm, or Josset 

[2012], 33±5 sr with combination of space radar and lidar at 532 nm. This 

underestimation shows that the effect of multiple scattering and cloud variability in 

the lidar ratio is not negligible. Therefore, the values presented in this subsection 

have to be interpreted as effective values.  

 

Fig. 10.13 Weighted distribution of the effective lidar ratio of high clouds 

10.2.4 Vertical distribution of dust and non-dust layers 
In this subsection we study the differences between the mean profiles obtained 

when only dust or non-dust aerosols are taken into account. First, we study the 

differences between the mean backscatter profiles, which will indicate the typical 

vertical distribution of each type of aerosol. Then, we present the mean vertical 

profiles of the intensive properties (𝛿𝑎, 𝑆𝑎 and 𝛾𝛽) associated to each type of 

aerosol. Only cloud-free cases are used in this subsection. 

Mean dust and non-dust backscatter profiles 

In order to analyze the mean profiles associated to dust and non-dust aerosols, we 

use the classification criteria presented in Eq. 10.8. For a given type of aerosol 𝑥, 

dust (𝑑) or non-dust (𝑛𝑑), its associated mean backscatter profile, 𝛽𝑥, is estimated 

as: 
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𝛽𝑥(𝑟) =  
∑ [𝛽𝑎(𝑟, 𝑗)∆(𝑥, 𝑥′(𝑟, 𝑗))]𝑁

𝑗=1

𝑁
 (10.11) 

 

where 𝑗 is the profile index; 𝑁 is the total number of profiles; and the delta function 

(∆) is equal to one when the aerosol type of the considered bin, 𝑥′(𝑟, 𝑗), is the same 

as 𝑥 - and equal to zero otherwise.  

In Fig.10.14a we present the relative number of bins classified at each altitude as 

dust (red) and non-dust (blue), as well as those undetermined (magenta). The 

highest relative number of bins classified as dust is between 2 and 3 km, with a 

maximum value around 3 %. In addition, the number of cases classified as non-dust 

decreases with altitude, from a maximum of 70 % at 0.5 km down to 4 % above 

4km. Finally, undetermined cases are the most common classification above 1.5 

km. 

In Fig.10.14b we show 𝛽𝑑 and 𝛽𝑛𝑑 (red and blue line, respectively) at 355 nm (solid 

line) and 910 nm (dashed line). Also, we present the mean aerosol backscatter 

profiles when all cloud-free cases are considered, including undetermined bins 

(magenta). Due to higher amount of non-dust cases, 𝛽𝑛𝑑 is greater than 𝛽𝑑 at low 

altitudes. In particular, 𝛽𝑛𝑑 is greater than 𝛽𝑑 for all altitudes below 3 km at 355 

nm, and for all altitudes below 1.9 km at 910 nm. Also, 𝛽𝑛𝑑 follows an exponential-

like trend, with a maximum value at 0.5 km of 1.2×10
-6

 at 355 nm and 0.4×10
-6

 at 

910 nm, with values close to zero above 4 km. Regarding the mean profiles 

obtained when all cases are considered,  𝛽𝑎, we can see that it follows a similar 

shape as 𝛽𝑛𝑑 at 355 nm. However, greater differences between 𝛽𝑎 and 𝛽𝑛𝑑 are seen 

at 910 nm due to higher relative scattering effect of dust at this wavelength. Also, 

we observe that above 4 km 𝛽𝑎 is approximately constant with altitude, although 

this effect cannot be seen in 𝛽𝑛𝑑 or 𝛽𝑑. This because most bins at these altitudes are 

classified as ‘undetermined’ due to the high uncertainty of 𝛿𝑎 of 𝛾𝛽, and therefore 

they are not taken into account in the determination of 𝛽𝑛𝑑 and 𝛽𝑑. 
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Fig. 10.14 a) Relative number of bins classified as non-dust (blue), dust (red), 

and undetermined (magenta), when only cloud-free cases are considered. b) 

Mean aerosol backscatter obtained for non-dust (blue), dust (red) and all cases 

(magenta); at 355 nm (solid lines) and 910 nm (dashed lines). c) Same profiles 

as in b), normalized by its integrated value between 0.5 and 8 km. 

Finally, in Fig.10.14c we show the normalized profiles displayed in Fig.10.14b, i.e., 

divided by their respective integrated value between 0.5 and 8 km. In this last figure 

we can observe more clearly the shape of 𝛽𝑑. 𝛽𝑑 remains approximately constant 

between 0.5 and 2 km, indicating that most of the dust is transported to Burjassot at 

these altitudes. Then, for altitudes higher than 2 km, 𝛽𝑑 decreases, reaching a value 

close to zero at 6 km. This result contrasts with the result shown in Fig. 9.9 where 

we displayed the mean backscatter profile of dust cases retrieved with the 

combination of ceilometer and photometer. In that case we saw that the mean 

profile remained approximately constant between 2 and 4 km. This disagreement 

can be explained by two facts. The first one is that Fig. 9.8 shows the mean aerosol 

distribution during dust-dominated cases, but not exactly the mean distribution of 

dust. The second fact is that in the analysis presented in Fig. 10.14 40% of the bins 

classified as dust belong to a strong dust outbreak happening between 21 and 23 

February 2016, where the measurement frequency was higher and most of the dust 

remained below 3 km (see subsection 10.2.6). 

Mean dust and non-dust intensive properties profiles 

In this part we analyze the vertical distribution of the weighted mean values of 𝛿𝑎, 

𝑆𝑎, and 𝛾𝛽. For a certain parameter, 𝑦, its weighted mean value given an aerosol 

type 𝑥 is estimated as: 
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𝑦𝑥(𝑟) =  
∑ [𝑦(𝑟, 𝑗)∆(𝑥, 𝑥′(𝑟, 𝑗))/𝛔(𝑦(𝑟, 𝑗))]𝑁

𝑗=1

∑ [∆(𝑥, 𝑥′(𝑟, 𝑗))/𝛔(𝑦(𝑟, 𝑗))]𝑁
𝑗=1

 (10.12) 

 

where 𝛔(𝑦) is the uncertainty of 𝑦 and the other parameters are the same as in Eq. 

10.11. 

Fig. 10.15a displays the weighted mean 𝛿𝑎 profiles. The results are presented for 

dust aerosols (red), non-dust aerosol (blue), and when all cases are considered 

(magenta). Regarding dust, most of the mean 𝛿𝑎 values lie within 0.20 and 0.24.  At 

0.5 km 𝛿𝑎 reaches its highest value (0.24) and then it decreases down to 0.22 at 2 

km, oscillating around this value until 4 km. With respect non-dust aerosols, its 

values remain between 0.02 and 0.08. The lowest values are found at 0.5 km, 

linearly increasing with altitude up to 0.06 at 3 km. This increase in the linear 

depolarization ratio with height suggests that the highest the altitude, the greater the 

presence of dust particles in bins classified as non-dust. Finally, we can see similar 

results below 3 km when all cases are considered. Nevertheless, for altitudes above 

3 km, 𝛿𝑎 decreases with respect non-dust aerosols due to the effect of undetermined 

bins. 

Fig. 10.15b shows the weighted mean 𝑆𝑎 profiles. For dust aerosols the values 

range between 50 and 60 sr, with no clear vertical trend. Regarding non-dust 

aerosols, its mean value remains between 45 and 50 sr from 0.75 km up to 3 km. 

Similar but slightly higher values (0~5 sr)  are seen when all cases are considered.  

Finally, Fig. 10.15c displays the weighted mean vertical profiles of 𝛾𝛽. The values 

obtained for dust cases are almost constant with altitude, remaining between -0.1 

and 0.1 below 5 km. Regarding non-dust aerosols, 𝛾𝛽 decreases in a non-

homogeneous way from 1.1 at 0.5 km down to 0.5 at 4 km. A similar trend is seen 

when all cases are considered. This behavior is similar to the one found for 𝛿𝑎, 

suggesting a greater proportion of dust particles in bins classified as non-dust as we 

reach higher altitudes. 

The behavior seen in the vertical distribution of the mean values of 𝛿𝑎 and 𝛾𝛽 can 

be partly explained by the change in the distribution of these parameters with 

altitude. To illustrate this, in Fig. 10.16 we show the distributions of 𝛿𝑎 and 𝛾𝛽 for 

altitudes above and below 1.5 km. We can see that for both parameters the effect of 

dust in the distributions increases noticeably with height. This results in an increase 
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of dust particles classified as non-dust at higher altitudes, and also in an increase of 

non-dust particles classified as dust at lower altitudes. Based on these results, in 

future aerosol classification algorithms we should take into account not only the 

intensive properties of aerosols, but also the altitude of the layers, especially in the 

case of dust.  

 

Fig. 10.15 Weighted mean aerosol linear depolarization ratio (a), lidar ratio (b), 

and backscatter-related Ångström exponent (c), for non-dust (blue), dust (red) 

and all cases (magenta).  

 

Fig. 10.16 Distribution of values of the aerosol linear depolarization ratio (a) 

and the backscatter-related Ångström exponent (b), for altitudes below 1.5 km 

(blue bars), and above 1.5 km (red bars). 

 



 205   

 

10.2.5 Vertical distribution of high clouds 
We carry out a similar analysis as the one performed for dust and non-dust aerosols 

in order to analyze the vertical distribution of high-clouds and its effect on the 

vertical profiles. In this case we use the value of the particle linear depolarization 

ratio above 6 km to classify bins as high clouds or aerosols, in the same way as in 

subsection 10.2.3. Also, as in subsection 10.2.3, the values of the cloud-related 

parameters have to be interpreted as effective values, since the multiple-scattering 

correction has not been performed.  

Mean aerosol and high-cloud backscatter and extinction profiles 

The mean backscatter and extinction profiles due to aerosols and high clouds have 

been estimated using Eq. 10.11, considering all available cases (cloudy and cloud-

free). Fig. 10.17a shows the fraction of bins classified as high clouds as a function 

of the altitude. This proportion grows as we increase the altitude, reaching the 

highest value (around 10 %) between 10 and 12 km. Fig. 10.17b displays the mean 

cloud backscatter (𝛽𝑐) and aerosol backscatter (𝛽𝑎) profiles. We notice that the 

maximum values of 𝛽𝑐 are reached between 8.5 and 9.5 km. The disagreement 

between this altitude range and the one corresponding to the highest proportion of 

high clouds indicates that clouds between 8.5 and 9.5 km are associated on average 

to higher effective backscatter coefficients. Regarding aerosols, we can see the 

same exponential-like mean behavior as we saw in Fig. 10.14b. Finally, in 

Fig.10.17c we display the mean extinction profile for aerosols (𝜎𝑎) and high clouds 

(𝜎𝑐), estimated using the low-resolution retrievals. In this case the ratio between  𝜎𝑐 

and 𝜎𝑎 is lower than the ratio between 𝛽𝑎 and 𝛽𝑐 due to the lower effective lidar 

ratio of clouds compared to aerosols. Using the profiles in this figure we can 

estimate the mean optical depth due to each atmospheric component. For aerosols 

we found a mean optical depth equal to 0.099 between 0.5 and 14 km, while for 

clouds the optical depth was 0.031. This means that, taking into account all 

available profiles, 24 % of the total cloud/aerosol optical depth is due to high 

clouds in the considered altitude range.  
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Fig. 10.17 a) Relative number of bins classified as high clouds (blue). b) Mean 

effective backscatter obtained for high-clouds (blue) and aerosols (red) at 355 

nm. c) Mean effective extinction obtained for high-clouds (blue) and aerosols 

(red) at 355 nm 

Mean depolarization and lidar ratio profiles of high-cloud 

We use Eq. 10.12 to estimate the mean intensive properties of clouds ,𝛿𝑐 and 𝑆𝑐, 

similarly as we did for dust and non-dust aerosols in the presvious subsection. In 

Fig. 10.18a shows the mean 𝛿𝑐 for high clouds. We observe that high clouds are 

associated to a mean 𝛿𝑐 of 0.33 at 6 km increasing linearly with altitude up to 0.38 

at 13 km. This increase in 𝛿𝑐 with altitude is similar to the behavior observed by 

Sassen [2001a], and it is due to the thermal dependence of the shape and orientation 

of the ice crystals. With respect to the mean lidar ratio (Fig. 10.18b), the values 

obtained for high clouds are below 20 sr under 10 km, slightly increasing up to 

around 30 sr from 10 to 13 km. Nevertheless, these effective values have to be 

corrected by multiple-scattering. 



 207   

 

 

Fig. 10.18 Weighted mean particle linear depolarization ratio (a), and effective 

lidar ratio (b) of high clouds.  

10.2.6 Study case: dust outbreak on February 2016 
In this subsection we analyze the evolution of a dust layer during the night between 

22 and 23 February 2016. During this night we performed a total of 12 30-minute 

measurements centered at every hour, from 19 to 6 UTC. The automatic algorithm 

was able to invert all the data.  

The time evolution of the aerosol extensive properties (high-resolution 𝛽𝑎 at 355 

and 910 nm, and low-resolution 𝜎𝑎 at 355 nm) is shown in Fig. 10.19. We can 

observe the emergence of a strong dust layer around 21 UTC. This layer reaches its 

maximum intensity and size at 23 UTC, when it spreads up to 3.5 km. After this, 

the dust layer progressively vanishes until 4 UTC, when it reaches its minimum 

altitude and intensity. Also, at 4 UTC a thin dust layer appears around 2.5 km. This 

layer can be clearly seen in the 𝛽𝑎 (355 and 910nm) plots, but its boundaries are not 

well-defined in the 𝜎𝑎 plot due to the lower resolution of this parameter. 

In addition to the vertically-resolved parameters, we also display the evolution of 

the column AOD (Fig. 10.20). The AOD at 910 nm remains around 0.5 between 

16:30 UTC (time of the last photometer measurement on 22 Feb.) and 21 UTC. 

Then, due to the emergence of the dust layer the AOD increases up to 1.1 at 23 

UTC. After 23 UTC the dust layer gradually vanishes until a local minimum in the 

AOD is reached at 3 UTC. Then, the AOD at 910 nm remains between 0.4 and 0.6 

until 8 UTC on 23 February (first photometer measurement of the day).  
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Fig. 10.19. Quick-looks of the extensive aerosol properties retrieved during the 

night between 22 and 23 February 2016. a) Aerosol backscatter coefficients at 

355 nm; b) aerosol backscatter coefficients at 910 nm; c) aerosol extinction 

coefficients at 355 nm.  

The evolution of the dust layer can be explained by the analysis of the air-mass 

back-trajectories arriving at Burjassot (Fig. 10.21). At 18 UTC the air masses 

arriving at 500 and 1000 m follow a similar back-trajectory: they cross the western 

part of the Saharan desert at altitudes higher than 2.5 km, and start descending once 

they reach the Iberian Peninsula. However, the air mass arriving at 500 m has a 

different back-trajectory at 23 UTC: at this time the analyzed air-mass follows a 

lower trajectory (below 2 km) that crosses a different part of the Saharan desert, 

further from the Atlantic coast. The lower trajectory of this air-mass might be 

related to a higher amount of transported dust. This would explain the increase of 

the aerosol load in Burjassot at this time. Finally, according to HYSPLIT, the back-

trajectories of the air masses arriving at Burjassot at 4 UTC at 500 and 1000 m 

remain within the Iberian Peninsula in the four-day interval prior to the event. 
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Therefore, the lower dust layers measured at this time are probably due to the 

remaining dust over Burjassot. 

 

Fig. 10.20. Evolution of the AOD during the night between 22 and 23 February 

2016. Blue: AOD at 355 nm estimated between 0.5 and 8 km; solid red: AOD at 

910 nm estimated between 0.5 and 8 km; dashed red: AOD at 910 nm estimated 

between 0 and 8 km; red circles: AOD values at 910 nm derived from the closest 

photometer measurements before and after the analyzed event. 

 

Fig. 10.21 Air-mass back-trajectories reaching Burjassot at 500 (red), 1000 

(blue) and 2500 m (green), during 22 Feb at 18 UTC (left), 23 UTC (center) and 

22 Feb at 03 UTC (right). Obtained from HYSPLIT webpage 

(http://ready.arl.noaa.gov/HYSPLIT.php ) [Stein, 2015; Rolph, 2017] 

Regarding the intensive properties of dust, Fig. 10.22 displays the time evolution of 

the three retrieved parameters: 𝛿𝑎 , 𝛾𝛽 and 𝑆𝑎. For the sake of clarity we only 

display bins meeting all the following conditions: 
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𝛔(𝛿𝑎) < 0.1  and  𝛔(𝛾𝛽) < 0.5   and  𝛔(𝑆𝑎) < 10 𝑠𝑟 
(10.13) 

All measured parameters correspond to the typical values expected for dust. Also, 

we can see that the emergence of the new dust layer is not related to noticeable 

changes in the intensive aerosol properties, indicating that the properties of dust 

particles remain homogenous during the entire event. Regarding 𝛿𝑎, most values lie 

between 0.2 and 0.3, with lower values in regions with low aerosol load (for 

instance at 3, 4 and 6 UTC). With respect to 𝛾𝛽, most values range from -0.2 to 0.2, 

although higher values are seen in the regions with low aerosol load due to the 

uncertainty of the retrievals. Finally, the lidar ratios are mainly between 45 and 65 

sr. Fig. 10.23 shows the mean (black) and median (red) values of these parameters. 

Below 1 km, where dust is present throughout the analyzed period, the mean and 

median values of 𝛿𝑎 are equal to 0.22, in agreement with the results found in 

subsection 10.2.2. The mean and median values of 𝛿𝑎 decrease for higher altitudes 

due to the presence of profiles with low 𝛿𝑎 above 1 km. Regarding 𝛾𝛽, the mean 

and median values follow a decreasing trend with altitude: from 0.1 at 500 m, to 0 

at 2 km. The fact that this trend is also seen in all the individual profiles could be 

caused by two non-exclusive reasons. First, the presence of fine-mode aerosols in 

the lower altitudes due to local emissions. And second, distortion in the ceilometer 

signal due to a systematic error in the electronic background correction. Further 

analysis would be required to quantify these effects. Finally, the mean and median 

lidar ratios do not show a clear dependence with altitude. In the lowest 2 km of the 

profile the mean and median values of this parameter are between 52 and 58 sr, also 

in agreement with the results in subsection 10.2.2.  
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Fig. 10.22. Quick-looks of the intensive aerosol properties retrieved during the 

night between 22 and 23 February 2016. a) Aerosol linear depolarization ratio; 

b) backscatter-related Ångström exponent; c) lidar ratio.  

 

Fig. 10.23. Mean (black) and median (red) profiles of the aerosol linear 

depolarization ratio (a), backscatter-related Ångström exponent (b) and lidar 

ratio (c). Individual profiles are shown in light grey. 
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Conclusions 
This thesis is based on the measurements of the RMAN-510 lidar and the CL51 

ceilometer, two active remote-sensing instruments devised for the study of aerosols 

and clouds. The thesis has a technical and a scientific part. In the technical part we 

describe the pre-processing, processing, and inversion methods applied to the 

measurements of both instruments. Also, we evaluate the signal of the RMAN-510 

using standard quality assurance tests. The main conclusions of the technical part 

are: 

1) RMAN-510 signal preprocessing: Standard pre-processing methods have 

been applied to the RMAN-510 signals: zero-bin test and dark signals 

correction to the analog signals; and bin-shift test, dead time correction, 

and background signal correction to the photon-counting (PC) signals. The 

high correlation (R > 0.99) between the pre-processed analog and PC 

signals in all channels allowed us to glue them in a single profile. 

2) Noise level estimation: We presented a method for the estimation of the 

noise level of the analog signal, validated with the PC signal. The 

advantages of this method are that it can be used in situations with aerosol 

variability; it can be used in the absence of background light; and it does 

not need to smooth the signal. 

3) RMAN-510 signal evaluation: The Rayleigh-fit test showed that there are 

no systematic deviations in the RMAN-510 signals above 3 km for any of 

the channels. On the contrary, the telecover test showed a partial 

truncation of the signal detected by the quadrant of the telescope closer to 

the emission. This results in a loss of 5% (1%) of the signal at 500 m 

(1000 m).  

4) RMAN-510 polarization calibration: The polarization calibration has 

been carried out by placing a quarter-wave-plate after the lidar exit. We 

found a mean calibration factor equal to 0.0338±0.0005 from four 

measurements performed in different dates and locations. The low 

standard deviation (<2%) indicates that the calibration factor remains 

stable during the operation of the RMAN-510. We compared the measured 

and theoretical molecular depolarization properties. From this comparison 

we concluded that the depolarization parameters were close to the ideal 

values (0.998 < 𝐷𝑇 < 1; −0.95 > 𝐷𝑅 > −1) and that the polarized-

beam-splitter is misaligned by 1.6º for dates after August 2015. 
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5) CL51 signal preprocessing: The electronic background (dark signals plus 

afterpulse signal) of the CL51 was corrected using clear-night 

measurements as proposed by Kotthaus [2016]. The effect of the water-

vapor transmittance was corrected using a method based on the one 

presented by Wiegner [2015]. In our case, we developed a simple model to 

derive the effective water vapor cross section using the available 

meteorological parameters. The systematic deviation of the water vapor 

profiles (obtained from a combination of surface measurements and the 

GDAS database) was corrected using measurements from the CE318 

photometer. Finally, the noise level of the CL51 was estimated using a 

method similar to the one used for the analog signal of the RMAN-510, 

modified to take into account the noise autocorrelation.  

6) RMAN-510 signal inversion: We developed two different inversion 

methods depending on the vertical effective resolution of the retrievals. On 

one hand, for high resolution retrievals (aerosol backscatter -𝛽𝑎- and linear 

depolarization ratio -𝛿𝑎-), we increased the signal-to-noise ratio of the 

signal using a windowed Gaussian filter with a smoothing parameter 

proportional to the range. The addition of a window that accounted for the 

changes in the signal resulted in a decrease in the distortion of the 

smoothed signals in the aerosol region. In addition to this, we developed 

an automatic method that was able to find a suitable reference altitude 

using the depolarization measurements. This method was assessed 

comparing the signal at the valid reference altitudes against the expected 

molecular signal. On the other hand, for the low resolution retrievals 

(aerosol extinction -𝜎𝑎- and lidar ratio -𝑆𝑎-) we used Gaussian smoothing 

and derivative filters. The amount of smoothing applied at each altitude 

depended on the uncertainty of the retrieved lidar ratio. This way, we 

could get higher spatial resolution in regions with intense aerosol layers. 

We tested this inversion method using a synthetic case and found that the 

differences between the actual and the retrieved lidar ratio profiles were 

within the margin of error due to signal noise.  

7) CL51 signal inversion: The CL51 signal was calibrated using the 

stratocumulus clouds method [O’Connor, 2004]. The multiple-scattering 

correction factors needed for this method were estimated with the 

procedure proposed by Kunkel [1976]. The calibration constant values 

were used together with the CL51 signal and the photometer 

measurements to create a 1-hour resolution database of daytime aerosol 
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backscatter profiles and column lidar ratios at 910 nm. In order to retrieve 

these parameters we used the forward solution of the Klett-Fernald-Sasano 

method [Klett, 1981, 1985; Fernald, 1984; Sasano, 1984]. The 

uncertainties of these retrievals were estimated using a Monte Carlo 

method.  

8) Automatic algorithm for RMAN-510 inversion: We developed an 

automatic algorithm for the retrieval of 𝛽𝑎, 𝛿𝑎, 𝜎𝑎, and 𝑆𝑎 profiles at 355 

nm using RMAN-510 nighttime measurements. In addition to this, this 

automatic algorithm also retrieves the corresponding 𝛽𝑎 profiles at 910 nm 

using CL51 nighttime measurements in combination with interpolated 

CE318 measurements. The algorithm was able to process a total of 654 

30-minute measurements between 17 October 2014, and 31 March 2016.  

In the scientific part of the thesis we analyze the daytime database created from 

CL51 and CE318 measurements and the nighttime database derived from the 

combination of RMAN-510 and CL51 measurements. From these analyses we 

determine the properties and typical distributions of aerosols over Burjassot. 

The main conclusions of this scientific part are: 

1) Dust aerosols: Regarding its vertical distribution, dust layers are 

commonly found between 2 and 4 km, although they have been detected 

from surface level up to 6 km. With respect to the intensive properties of 

dust, cases dominated by dust were associated to a mean column lidar ratio 

equal to 46±11 sr at 910 nm. On the contrary, at 355 nm dust layers were 

associated to a mean lidar ratio equal to 54±4 sr, in agreement with 

previous works [e.g. Mattis, 2002; Ansmann, 2003; Papayannis, 2008; 

Tesche, 2011; or Gross, 2015]. This indicates a non-negligible effect of 

non-dust aerosols in dust dominated cases or/and a spectral dependence of 

the lidar ratio, contrary to Tesche [2011]. The values of 𝛿𝑎 associated to 

dust layers followed a lognormal distribution with mean value equal to 

0.22 with one-sigma confidence interval boundaries at 0.20 and 0.25. 

These values, although smaller than the ones found by Gross [2011b, 

2015a] lie within the margin of confidence. With respect to the 

backscatter-related Angström exponent between 355 and 910 nm, 𝛾𝛽, this 

parameter followed a Gaussian distribution with mean and standard 

deviation equal to 0.05±0.17, indicating little spectral dependence.  
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2) Non-Dust aerosols: Unlike dust, the mean concentration of non-dust 

aerosols decreases with altitude, suggesting that its distribution is highly 

related to local effects. Cases dominated by this type of aerosols were 

associated to a mean column lidar ratio equal to 37±12 sr at 910 nm. With 

respect to the results at 355 nm, non-dust layers had a mean lidar ratio 

equal to 46±11 sr. This mean value is lower than the typical ones found for 

polluted continental aerosols suggesting a non-negligible effect of marine 

aerosols over Burjassot. The values of 𝛿𝑎 associated to dust layers 

followed a lognormal distribution with mean value equal to 0.04 with one-

sigma confidence interval boundaries at 0.01 and 0.10. Regarding 𝛾𝛽, this 

parameter followed a Gaussian distribution with mean and standard 

deviation equal to 0.9±0.4. 

3) Seasonal and daily variability: The mean vertical distribution of aerosols 

was strongly related to the season of the year. Summer is the season of the 

year with the higher mean 𝛽𝑎values at all altitudes, while spring (below 2 

km) and winter (above 2 km) are the seasons with lower mean 𝛽𝑎values. 

In addition to this, above 1 km we also observed a sharp change in vertical 

gradient of  𝛽𝑎 during summer that is not seen in the rest of the seasons. 

Regarding the column lidar ratio, summer is the season with a lower mean 

value (35±8 sr) and winter the season with higher mean value (51±15 sr). 

The seasonal variability of this parameter is found to be greater than the 

variability of other column-integrated intensive properties. Finally, the 

daily evolution of the mean 𝛽𝑎 is in agreement with the typical cycle of the 

planetary boundary layer. Also, the mean values of 𝜎𝑎 at surface level 

follow a similar evolution as the one found at Burjassot with nephelometer 

measurements [Esteve, 2010]. 

4) High clouds (h > 6 km): The mean cloud linear depolarization ratio, 𝛿𝑐,  

was found to be equal to 0.33, with one-sigma confidence boundaries at 

0.29 and 0.39. We observed that the mean values of 𝛿𝑐 increased with 

altitude, from 0.32 at 6 km up to 0.38 at 13 km, in agreement with Sassen 

[2001a]. ]. Regarding the lidar ratio, we obtained an effective mean value 

of 14 sr., which is around 10 to 20 sr lower than the values obtained by 

other authors [e.g. Sassen [2001b], Chen [2002], Giannakaki [2007], or 

Josset [2012]. This disagreement is caused by the effect of multiple 

scattering, which has not been taken into account in the inversion 

algorithm.   
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Future tasks 
Regarding the RMAN-510, in the near future our aim is to characterize all the 

components of the system, especially the receiving optics. This way we will be able 

to complete the handbook of instrument required by EARLINET. In addition to 

this, our efforts are also focused in the improvement of the inversion algorithm. 

Three major points are still remaining in this regard: First, the processing and 

inversion of daytime data; second, the development an automatic method for the 

detection of clouds; and third, the development of a specific algorithm for high-

cloud analysis, in which the multiple-scattering effect is taken into account. 

With respect to the CL51, our priority is to assess the electronic background 

correction using a termination hood from Vaisala. In addition to this, a detailed 

analysis of the overlap correction is needed to reduce the uncertainty of the 

retrievals due to systematic bias in the signal. 

Also, in the near future the CE318 photometer will provide us with nighttime AOD 

measurements. This way we will be able to expand the database of aerosol 

backscatter profiles at 910 nm. Also, we will be able to reduce the uncertainty 

caused by the interpolation of the Ångström exponent during nighttime.  

Finally, a deeper analysis of the different aerosol types is still needed. The aerosol 

depolarization ratio and backscatter-related Ångström exponent allowed us to 

classify dust and non-dust aerosols. However, non-dust aerosols make up a 

heterogeneous group that, in principle, could contain several aerosol types: 

continental, smoke, marine… More information about the aerosol types could be 

obtained performing an analysis of the air masses back-trajectories, similarly as 

Estellés [2006], Esteve [2010], of Segura [2016]. Also, measurements obtained 

with the in-situ instruments (nephelometer, aethalometer, APS) could be added to 

include information about the aerosol properties at surface level in the analysis of 

specific events.  
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