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A B S T R A C T

Vegetation indices computed from spectral signatures are vastly used for monitoring the terrestrial biosphere.
Indices are convenient proxies for canopy structure, and leaf pigment content, and consequently to estimate the
photosynthetic activity of vegetation. Owing to its simplicity, the celebrated Normalized Difference Vegetation
Index (NDVI) has been used as a proxy for greenness and canopy structure. Unfortunately, NDVI can only
capture linear relationships of the near infrared (NIR) - red difference with the parameter of interest. To
account for higher-order relations between the spectral channels, kernel NDVI (kNDVI) was proposed in
(Camps-Valls et al., 2021). In this work, we give useful prescriptions for its proper use and show its good
performance in a wider set of applications. We discuss the good characteristics of the index like boundedness,
low error propagation. Furthermore, we give empirical evidence of performance in estimating in-situ vegetation
parameters (leaf area index (LAI), gross primary productivity (GPP), leaf, and canopy chlorophyll content,
green and total LAI and fraction of absorbed photosynthetically active radiation (fAPAR)) as well as the
estimation of latent heat at flux tower level. We confirm the generally good performance of the index
(correlation coefficient of kNDVI and canopy chlorophyll content is 0.919 and 0.933 for maize over two sites,
as well as the correlation coefficient between kNDVI and carotenoid, is 0.816, 0.520 and 0.579 for three forest
sites) and highlight its convenience in monitoring terrestrial ecosystems. To foster wider adoption of the new
family of the index, we provide source code in 6 programming languages as well as efficient implementations
in the Google Earth Engine (GEE) platform at https://github.com/IPL-UV/kNDVI.
1. Introduction

Monitoring vegetation conditions and functioning with remote sens-
ing is key to a wide range of disciplines, from precision agriculture
to global carbon cycle research. Earth observation through satellite re-
mote sensing allows monitoring of terrestrial vegetation status, phenol-
ogy, and health globally, by deriving spatially explicit and temporally
resolved products. Quantifying vegetation cover, the biochemistry and
structure through remote sensing means is paramount to understand
pressing global climate change as well as to work towards enhancing
biodiversity and improving agriculture productivity. With the develop-
ment of remote sensing, sensors onboard airborne and satellites provide
a convenient way to reveal the vegetation status. Researchers have
developed a vast number of vegetation indices (VIs) based on the
mathematical operation of the spectral reflectance in different bands,
which can maximize the sensitivity to particular biophysical phenom-
ena (e.g., greenness or photosynthetic activity). Vegetation indices are
spectral transformations of two or more bands designed to enhance
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the contribution of vegetation properties and allow reliable spatial
and temporal inter-comparisons of terrestrial photosynthetic activity
and canopy structural variations. They allow us to monitor seasonal,
inter-annual, and long-term variations of vegetation structural, pheno-
logical, and biophysical parameters. Therefore, spectral indices can be
considered as meaningful extracted features that help to estimate the
biophysical variables. Many narrow-band vegetation indices have been
proposed (Xue and Su, 2017), mainly from empirical approaches (Kauth
and Thomas, 1976; Daughtry et al., 2000; Haboudane et al., 2004) and
with parameterization obtained by statistical modeling. The vast ma-
jority of remote sensing publications and applications still rely on two-
band difference ratios, and in particular, on the normalized difference
vegetation index (NDVI) (Rouse Jr. et al., 1974; Tucker, 1979), most
probably because of ease of use and existing long-time records. The
NDVI exploits the fact that green healthy vegetation shows contrasting
behavior in how it reflects red and near-infrared (NIR) radiation.
The more chlorophyll there is in a canopy (and thus the higher the
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photosynthetic potential), the more the canopy absorbs red radiation,
whereas the presence of more biomass will scatter (and thus reflect)
more NIR radiation, useless for photosynthesis. This simple mechanism
explains the definition of NDVI, which essentially calculates the differ-
ence between red and NIR reflectances. NDVI has been very effective in
assessing chlorophyll and other pigments content (Myneni et al., 1995;
Haboudane et al., 2004), and acting as an excellent proxy of vegetation
density parameters, like the leaf area index (LAI) and the fractional
vegetation cover (FVC) (Le Maire et al., 2008; Berni et al., 2009).

However, NDVI may not relate linearly with biophysical parame-
ters of interest, like green biomass. Well-known issues of NDVI with
nonlinear relations (Huete et al., 1997; Paruelo and Lauenroth, 1998;
Zhu et al., 2020) and saturation effects for higher vegetation cover
area and during the peak of the season (Sellers, 1985; Gao et al.,
2000; Thenkabail et al., 2000) have been reported. Several attempts
to correct such limitations have been recently proposed that consider
empirical transformations of the index, such as using exponentiations
like NDVI2 (Wang et al., 2017) or more general (yet arbitrary) ones
like in Wu (2014). Motivated from a more physiological standpoint
and using radiative transfer models (Sellers, 1985), some authors have
proposed to multiply NDVI with NIR to calculate a new index called
NIRv (Badgley et al., 2017). Unfortunately, despite its good perfor-
mance, NIRv is not a dimensionless quantity (or actual index), and it
is uncertain how it can cope with nonlinearities and saturation effects.

In Camps-Valls et al. (2021), we introduced a methodology to make
vegetation indices nonlinear (Rojo-Álvarez et al., 2018; Camps-Valls
and Bruzzone, 2009). The kernel NDVI (kNDVI) recovers all higher-
order differences between the NIR and red reflectance bands, and
when an appropriate kernel function is used, the index comes in a
rather simple and practical expression. The index demonstrated to be
a better proxy to estimate GPP at flux tower level, SIF from GOME-2,
and LAI from MODIS. Other authors have successfully used kNDVI to
estimate GPP at high spatial resolution using Sentinel-2 (Pabon-Moreno
et al., 2022), in the characterization of light-use efficiency models (Pei
et al., 2022), to better explain CO2 fertilization effects on vegetation
photosynthesis (Wang et al., 2021), and to identify drivers of decline
in temperate deciduous forests (Hase et al., 2022), among many other
applications. However, other authors have struggled with the use of the
index and obtained poor results for the relationship between kNDVI and
vegetation traits, for instance, GPP (Wang et al., 2022).

In this paper, we argue that these contrasting behavior can be ex-
plained by the fact that kNDVI has one or more parameters (depending
on the used kernel) to be adjusted or estimated from the observations,
which requires some attention. In Section 2, we review the theory and
properties of kNDVI and clarify the correct use of the index in a set of
prescriptions and practical properties (bounded index, low uncertainty
propagation). Section 3 shows results in estimating in-situ vegetation
parameters (LAI, GPP, leaf, and canopy chlorophyll content, green and
total LAI, green and total fAPAR) as well as the estimation of latent heat
at flux tower level. Some concluding remarks are given in Section 4.

2. Nonlinear kernel vegetation indices

This section reviews the nonlinear NDVI introduced by Camps-
Valls et al. (2021), paying particular attention to their theoretical
properties and providing some relevant prescriptions for the proper
use and application to clarify some misconceptions and misuse in the
recent literature (Gensheimer et al., 2021; Wang et al., 2022). Even in
recent reviews on vegetation indices, the oversimplification of kNDVI
continues (Zeng et al., 2022).

2.1. Nonlinear vegetation indices with kernels

The use of kernel methods to make NDVI nonlinear in Camps-Valls
et al. (2021) was not incidental, as they do precisely what otherwise
is done empirically: learn a nonlinear function to be applied to the
409
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involved bands to retrieve the maximum information possible. Kernel
methods map the involved data instances (here, the involved spectral
bands) using a nonlinear feature map to a higher-dimensional (possibly
infinite) Hilbert feature space where the operation (the NDVI) index is
defined. Intuitively, one can see kernel methods as a principled way
to linearize any problem, which is what some vegetation indices are
designed to do empirically.

2.2. Kernel NDVI

Deriving nonlinear (kernel) indices requires the definition of a
feature mapping 𝜙(⋅) to a Hilbert space  endorsed with the kernel
eproducing property (Camps-Valls and Bruzzone, 2009; Rojo-Álvarez
t al., 2018; Schölkopf and Smola, 2002). Let us exemplify the use of
ernel methods to derive difference ratio indices involving only two
ands, such as in the popular NDVI. We focus here on the kernel NDVI,
ut other kernel indices could be derived (Camps-Valls et al., 2021).
he normalized difference vegetation index is defined as NDVI = 𝑛−𝑟

𝑛+𝑟 ,
here 𝑛 and 𝑟 are the reflectances in the NIR and the red bands,

espectively. For deriving the kNDVI, we define two scalars 𝑛 and 𝑟 in
he real domain, and a feature map 𝜙 ↦ 𝜙(𝑛) ∈  with an associated
eproducing kernel 𝑘(𝑛, ⋅) = ⟨𝜙(𝑛), ⋅⟩ , and likewise for 𝑟. Now let us
efine two feature maps that work on the joint 𝑧 ∶= (𝑛, 𝑟) feature vector
(𝑧) ∶= 𝜙(𝑛)−𝜙(𝑟), 𝜑(𝑧) ∶= 𝜙(𝑛)+𝜙(𝑟) ∈ , with an associated difference
nd summation kernels (Camps-Valls et al., 2006):

(𝑧, 𝑧) = ⟨𝜓(𝑧), 𝜓(𝑧)⟩ = 𝑘(𝑛, 𝑛) + 𝑘(𝑟, 𝑟) − 𝑘(𝑛, 𝑟) − 𝑘(𝑟, 𝑛) (1)

𝓁(𝑧, 𝑧) = ⟨𝜑(𝑧), 𝜑(𝑧)⟩ = 𝑘(𝑛, 𝑛) + 𝑘(𝑟, 𝑟) + 𝑘(𝑛, 𝑟) + 𝑘(𝑟, 𝑛) (2)

he reproducing property allows us to estimate distances, similarities
nd angles between such mapped reflectances, and allows us to define
he NDVI in Hilbert space via kernel functions:

NDVI = 𝑚(𝑧, 𝑧)
𝓁(𝑧, 𝑧)

=
𝑘(𝑛, 𝑛) + 𝑘(𝑟, 𝑟) − 𝑘(𝑛, 𝑟) − 𝑘(𝑟, 𝑛)
𝑘(𝑛, 𝑛) + 𝑘(𝑟, 𝑟) + 𝑘(𝑛, 𝑟) + 𝑘(𝑟, 𝑛)

(3)

Yet, the pertinent question is to ask about what is the actual form
of kernel functions 𝑘. Different kernel functions can be used, which
essentially implement an implicit feature map (Rojo-Álvarez et al.,
2018). For example, a linear kernel function 𝑘(𝑎, 𝑏) = 𝑎 𝑏 implements
he identity map 𝜙(𝑎) = 𝑎, while a 𝑝-order polynomial kernel function
𝑘(𝑎, 𝑏) = (1+𝑎 𝑏)𝑝 maps the data points to a 𝑝 dimensional space with all

monomials, 𝜙(𝑎) = [1, 𝑎, 𝑎2,… , 𝑎𝑝]. The popular radial basis function
(RBF) kernel, 𝑘(𝑎, 𝑏) = exp(− 1

2𝜎2 (𝑎−𝑏)
2), defines an implicit feature map

o an infinite-dimensional space, with an appealing property as follows.
The Gaussian kernel exploits all higher-order relations between the

onsidered reflectances. Let us assume the kernel 𝑘(𝑎, 𝑏) = ⟨𝜙(𝑎), 𝜙(𝑏)⟩ =
xp(−𝛾(𝑎− 𝑏)2), where 𝛾 = 1∕(2𝜎2) ∈ R+. Then, the explicit feature map
is infinite dimensional:

(𝑎) = exp(−𝛾𝑎2)
[

1,
√

2𝛾
1!
𝑎,

√

(2𝛾)2

2!
𝑎2,

√

(2𝛾)3

3!
𝑎3,…

]⊤
(4)

The kernel 𝑘(𝑛, 𝑟) = ⟨𝜙(𝑛), 𝜙(𝑟)⟩ is therefore a dot product be-
ween infinite-dimensional expansions of 𝑛 and 𝑟. The RBF kernel
unction summarizes all higher-order differences between the NIR and
ed reflectance bands as:

(𝑛, 𝑟) =
∞
∑

𝑡=0
(−1)𝑡𝛾 𝑡(𝑛 − 𝑟)2𝑡∕𝑡! (5)

nd note that 𝜎 has an important role in the definition of the kernel
easure and thus the kNDVI.

The RBF is perhaps the most widely used kernel function in the lit-
rature because of this property and the practical advantage of having
ust one parameter to tune, the kernel lengthscale 𝜎 (or 𝛾) (Rojo-Álvarez
t al., 2018). This was the kernel used in Camps-Valls et al. (2021) to
erive a simplified form of kNDVI. Note that when using NIR, the RBF

ernel function is implicitly mapping all monomials of the differences



ISPRS Journal of Photogrammetry and Remote Sensing 195 (2023) 408–417Q. Wang et al.

w
a
k
N

2

2

t
p
Á
u
i

t
i
r
s
o
o
r
m
i

k

e
a
d
H
i
r
a
b
𝜎
t
f
e
2

a
d
i
i
e
d
f

I
o
d
l
a

2

s
e
o
c

2

r
m
e
f
r
s

2

t
i
E
I
t
d
k
o

2

k
t
m
T
s

o
(
p
l
v

3

s
t
d
(
c
m

𝜙(𝑛, 𝑟) ∝ {𝑛 − 𝑟, (𝑛 − 𝑟)2, (𝑛 − 𝑟)3,…}, and then kNDVI summarizes such
higher orders into a scalar.

Now, we are ready to define the NDVI in Hilbert spaces by adopting
the RBF kernel function, 𝑘(n, r) = exp(− 1

2𝜎2 (n-r)2), where the 𝜎 parame-
ter controls the notion of distance between the NIR and red bands, 𝑛 and
𝑟. Note that the self-similarity 𝑘(𝑎, 𝑎) = 𝑘(𝑏, 𝑏) = 1 for the RBF kernel,
and that by definition kernel functions are symmetric 𝑘(𝑎, 𝑏) = 𝑘(𝑏, 𝑎),
which allows us to simplify the kNDVI in (3):

kNDVI = tanh
((

𝑛 − 𝑟
2𝜎

)2)

, (6)

here 𝜎 is a parameter that must be specified in each particular
pplication. When a linear kernel is used one can demonstrate that the
NDVI gives the same result as its linear counterpart, the celebrated
DVI, while providing theoretical guarantees of performance.

.3. Properties and prescriptions

.3.1. How to estimate an optimal 𝜎
The crucial question remains: even if we use the RBF kernel func-

ion, what is the optimal value for the 𝜎 parameter? Setting the kernel
arameters is critical and has an essential impact on the solution (Rojo-
lvarez et al., 2018). Furthermore, this is even more challenging in
nsupervised scenarios like the one we face here with the definition of
ndices.

A standard heuristic considers setting the lengthscale parameter 𝜎
o the average value of the involved objects (NIR and red reflectances
n our case), that is 𝜎 = 0.5(𝑛+ 𝑟). However, this can lead to suboptimal
esults in skewed or undersampled data distributions: Note that 𝜎
hould reflect the notion of similarity between NIR and red reflectances
f the whole application domain. Thus one should consider the spatial
r temporal neighborhood. The ‘mean heuristic’ may be also cast as a
ough estimation of the pixel’s albedo (see discussion in supplementary
aterials of Camps-Valls et al., 2021). This heuristic also leads to an

nteresting (over)simplification of kNDVI:

NDVI = tanh(NDVI2) (7)

Two nonlinearities are used here; NDVI is squared similarly to Wang
t al. (2017), and the result is squashed with a sigmoid function (to
dapt to very high and sparsely vegetated regions intuitively). The
ouble effect has shown a reduction in bias (Camps-Valls et al., 2021).
owever, using such a heuristic is an oversimplification of the kNDVI

ndex. It is worth mentioning again that the formal way to use kNDVI
equires first selecting the kernel function, which can be the RBF or
ny other one more suited to reflect similarities between NIR and red
ands. In addition, the associated hyperparameter has to be adjusted,
for the RBF, but others for the wealth of kernel functions present in

he literature. Probably because it is convenient, easy, and parameter-
ree, some authors blindly adopted this simplified kNDVI, which could
xplain some suboptimal results (Gensheimer et al., 2021; Zeng et al.,
022).

Let us indulge ourselves with some clarifications by assuming the
doption of the RBF kernel function. In this case, the parameter 𝜎
irectly affects the non-linearity and typically strongly impacts the
ndex performance. Choosing a different 𝜎 per biome or climatic region
s certainly a good option, but results do not necessarily improve our
xperience. On the other hand, estimating the 𝜎 parameter from the
ata involved makes a difference. Several options exist to estimate 𝜎
rom data:

1. Estimate 𝜎 independently for each pixel as a proxy to pixel’s
albedo, 𝜎 = 0.5(NIR+red), which oversimplifies the equation
of kNDVI, kNDVI = tanh(NDVI2), and typically leads to poor
performance. Related heuristics have been recently introduced
in Pabon-Moreno et al. (2022).

2. Estimate 𝜎 from the region or biome by the average distance
−1 ∑𝑁
410

between all 𝑁 pixels therein, 𝜎 = 𝑁 𝑖 |NIR𝑖 − red𝑖|; or l
3. when working with (nonstationary) time series, one can estimate
𝜎 from the temporal distances, 𝜎 = 𝑇 −1 ∑𝑇

𝑡=1 |NIR𝑡 − red𝑡|.

t is worth noting that using a 𝜎 value per pixel (even if using a spatial
r temporal mean heuristic) makes kNDVI adapt to completely different
ynamic ranges. Such an approach is convenient for addressing chal-
enging (extreme) cases of very densely and sparsely vegetated regions,
s shown in Camps-Valls et al. (2021) to estimate GPP, LAI, and SIF.

.3.2. How to deal with radiances and reflectances
Working with radiances or reflectances changes the scale of the

ignal and thus of the range of reasonable 𝜎 values, so we recommend
ither (a) scaling the data to reflectance values before fixing the 𝜎 value
r (b) estimating the 𝜎 value from radiance data by the average distance
riterion (see discussion above).

.3.3. Dealing with sensor noise, clouds, and water bodies
Vegetation indices should not be applied blindly over non-vegetated

egions, such as cloudy pixels or water bodies. This issue is even
ore severe in kNDVI which depends explicitly on a parameter to be

stimated from observations. Therefore, one should remove those cases
rom the calculation of the mean heuristic through time or space, or
eplace the mean with the median, which worked well in our case
tudies.

.3.4. The applicability of kNDVI
Note that the value of the kNDVI is bounded to [0, 1] by construc-

ion. It is recommended to apply kNDVI for vegetated pixels only, so it
s advisable to mask water/snow pixels. Actually, in the Google Earth
ngine (GEE) (Gorelick et al., 2017) demos in https://github.com/
PL-UV/kNDVI, we illustrate the correct use of kNDVI for spatial or
emporal (phenological) studies: in all cases, we work with reflectance
ata and mask out clouds and water bodies when estimating a proper
ernel length scale. Code in the other 7 programming languages can be
btained in the same repository.

.3.5. kNDVI sensitivity and uncertainty with changing 𝜎
The index’s sensitivity is governed by the selected 𝜎 (Camps-Valls

et al., 2021): The higher the 𝜎 value, the lower the derivative of the
NDVI with respect to the NIR and red bands, and hence more sensitive
o densely vegetated regions. On the contrary, the lower the 𝜎 value, the
ore sensitive will be the kernel index to sparsely vegetated regions.
his critical property can help select the parameter to increase the
ensitivity in specific biomes or applications.

Nevertheless, also the derivatives allow us to study the propagation
f uncertainty in the reflectance channels. Results in Camps-Valls et al.
2021) demonstrated theoretically and empirically that the kNDVI
ropagates a lower amount of error than the rest of the indices,
ike NDVI or NIR𝑣. We will confirm this ability in a broad range of
egetation traits.

. Experimental results

We illustrate the performance of the kNDVI in several remote
ensing problems and compare it to indices in the literature using
he same bands (NDVI and NIRv) involving: (1) crop monitoring of
ifferent biophysical parameters (GPP, Chl, LAI, PAR, and fAPAR),
2) estimation of leaf traits (including chlorophyll-a and chlorophyll-b,
arotenoids, leaf mass per area, nitrogen -and carbon-concentration by
ass) over forests, and (3) the estimation of latent heat at flux tower
evel.

https://github.com/IPL-UV/kNDVI
https://github.com/IPL-UV/kNDVI
https://github.com/IPL-UV/kNDVI
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3.1. Accurate proxy for vegetation parameters over cropland

3.1.1. Study area and in-situ measurements
In this study, we investigated two AmeriFlux sites at the University

of Nebraska-Lincoln Agricultural Research and Development Center
where continuous monitoring was applied during the growing season
between 2001 and 2008. Both sites are equipped with irrigation sys-
tems. Maize is planted at site 1 continuously while crop rotation is
implemented on site 2 with maize planted in odd years and soybean
grown in even years. Detailed information regarding the observatory
can be found in Peng et al. (2011).

For the two sites, several vegetation parameters were recorded:
including GPP, incident potential photosynthetically active irradiance
(PARpot), incoming Photosynthetically Active Radiation (PARin), leaf
Chlorophyll (leaf Chl), canopy Chlorophyll (canopy Chl), green leaf
area index (green LAI), total leaf area index (total LAI), the fraction
of radiation absorbed by photosynthetically active ‘‘green’’ vegetation
(green fAPAR), the fraction of radiation absorbed by photosynthetically
total active vegetation (total fAPAR) as well as soil moisture at 10 and
25 cm. Meanwhile, eddy covariance sensors were established to capture
the hourly CO2 fluxes. PAR is measured with point quantum sensors
(LI-190, LI-COR Inc, Lincoln, NE). LAI is measured via LI-3100 by
averaging six samples from the sites and Chl is obtained by multiplying
the LAI and the leaf Chl retrieved from the reflectance observation
from Ocean Optics radiometer (details can be found in Gitelson et al.,
2003). Meanwhile, hyperspectral radiometers are utilized to measure
the canopy reflectance with a spectrum spanning 400 to 1000 nm with
a 1.5 nm interval. The number of measurements recorded in 2001 and
from 2006 to 2008 are limited and do not cover the crop growth period.
Thus, only measurements during 2002 and 2005 were used for later
analysis in this study.

3.1.2. Seasonal variability of vegetation parameters
Fig. 1 shows the time series of observation of GPP and canopy Chl

of the maize growth period (June 10th to September 20th) at site 1
between 2002 and 2005. The crop growth cycle can be easily identified
with the GPP being very low (around 5 gCm−2d−1) at the beginning of
he crop growth period. GPP starts to increase from June onwards and
eaches its maximum on July 15th,2022, July 17th, 2023, July 19th,
024, and July 12th, 2025 with the corresponding values are 27.45,
4.67, 30.41, and 24.95 gCm−2d−1. Then, the GPP declines until the
iddle or end of September. A similar trend is being found for canopy
hl. However, the peak value of canopy Chl was found in late July
r early August, two weeks after GPP reached its peak value, showing
he dependence of the GPP on the sun’s illumination, which is strong
n the middle of July for the northern hemisphere. The chlorophyll
aried with the crop growth stage, which reaches the maximum at
he beginning of fluorescence emergence, heading from Lancashire
t al. (1991). Time series of other biophysical parameters (GPP/PARpot,
PP/PARin, green LAI, total LAI, green fAPAR, and total fAPAR can be

ound in Fig. S1. It can be seen that green LAI, total LAI, green fAPAR,
nd total fAPAR follow the same seasonal change of GPP. However,
otal LAI and total fAPAR show small variations compared with green
AI and green fAPAR during the later stage of maize growth. These
ifferences could be attributed to decreased photosynthetic compo-
ents during the reproductive stage and drastic drops in senescence,
hich causes the decrease of green LAI and fAPAR. However, the PAR
bsorption from non-photosynthetic components is relatively stable
uring the reproductive and senescence stages. Hereby, we plotted the
atio of carbon uptake to absorbed photosynthetically active radiation
PP/PARpot and GPP/PARin, which is also represented by light use
fficiency (LUE) shown in Fig. S1(a) and (b). It shows a similar seasonal
hange as chlorophyll, which increases from the beginning of the crop
rowth till late July or early August, then declines till the end of crop
rowth. Similar seasonal changes for site 2 can be found in Figs. S2
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nd S3 for the maize and soybean growth period, respectively. w
Table 1
Correlation coefficient (absolute value) between various VIs and biophysical parameters
for cropland (𝑝-value is being indicated in the bracket).

Site Crop type Parameter NDVI NIRv kNDVI

1 Maize

GPP 0.711 (0) 0.790 (0) 0.798 (0)
GPP/PARpot 0.783 (0) 0.813 (0) 0.830 (0)
GPP/PARin 0.804 (0) 0.877 (0) 0.884 (0)
Leaf Chl 0.254 (0.016) 0.466 (0) 0.526 (0)
Canopy Chl 0.820 (0) 0.916 (0) 0.919 (0)
green LAI 0.925 (0) 0.941 (0) 0.948 (0)
total LAI 0.933 (0) 0.855 (0) 0.885 (0)
green fAPAR 0.948 (0) 0.940 (0) 0.954 (0)
total fAPAR 0.919 (0) 0.766 (0) 0.844 (0)

median 0.820 0.855 0.884

2

Maize

GPP 0.791 (0) 0.869 (0) 0.872 (0)
GPP/PARpot 0.844 (0) 0.893 (0) 0.894 (0)
GPP/PARin 0.849 (0) 0.894 (0) 0.911 (0)
Leaf Chl 0.223 (0.178) 0.366 (0.024) 0.406 (0.012)
Canopy Chl 0.861 (0) 0.932 (0) 0.933 (0)
green LAI 0.938 (0) 0.958 (0) 0.963 (0)
total LAI 0.933 (0) 0.918 (0) 0.921 (0)
green fAPAR 0.943 (0) 0.924 (0) 0.955 (0)
total fAPAR 0.906 (0) 0.831 (0) 0.872 (0)

median 0.861 0.894 0.911

Soybean

GPP 0.730 (0) 0.747 (0) 0.734 (0)
GPP/PARpot 0.809 (0) 0.820 (0) 0.807 (0)
GPP/PARin 0.817 (0) 0.856 (0) 0.850 (0)
Leaf Chl 0.342 (0.018) 0.422 (0.003) 0.449 (0.002)
Canopy Chl 0.750 (0) 0.833 (0) 0.841 (0)
green LAI 0.891 (0) 0.926 (0) 0.918 (0)
total LAI 0.893 (0) 0.922 (0) 0.917 (0)
green fAPAR 0.949 (0) 0.914 (0) 0.920 (0)
total fAPAR 0.976 (0) 0.932 (0) 0.954 (0)

median 0.817 0.856 0.850

3.1.3. Applicability of kNDVI
We investigated if the recently proposed kNDVI is viable to estimate

crop parameters by using in-situ measurements. For this, the widely
used RBF kernel mentioned before is being used with the 𝜎 range of
(0.01,10) in the logarithm scale. Then we calculated the correlation
between the 1000 corresponding kNDVI and searched the optimal 𝜎
based on the maximum linear correlation between the corresponding
kNDVI and the specific vegetation parameter. We carried out the
analysis individually for these two sites as well as the crop type.
Then, optimal correlation coefficients which show a maximum linear
correlation between various vegetation parameters and NDVI, NIRv,
and kNDVI are shown in Table 1.

Table 1 shows that kNDVI yields the largest correlation with the
most of vegetation parameters (GPP, GPP/PARpot, GPP/PARin, Leaf Chl,
Canopy Chl, green LAI, green fAPAR) compared with NDVI and NIRv
for site 1 (90 points). This implies that compared with NDVI and NIRv,
kNDVI is more suitable to be used for estimating the photosynthetic
activity (GPP, green LAI, green fAPAR), LUE (GPP/PARpot, GPP/PARin
s well as the Leaf Chlorophyll for maize with irrigation. However,
DVI shows a larger correlation with total LAI and total fAPAR than
NDVI. This difference is mostly because, on September 17, the re-
lectance of bands larger than 736 nm drops dramatically with a 0.1
ecrease compared with the previous observation on September 13th.
onsequently, kNDVI decreases drastically. This causes a high skewed
NDVI (skewness is −2.09) time series in the end, while the skewness of
DVI and original total fAPAR are −1.82 and −1.65, respectively. This

ndicates that if the original vegetation trait is highly skewed, kNDVI
ay not be able to show better performance compared with NDVI.

imilar findings hold for site 2 over the maize growth period with 38
ata points. To further justify this argument, a more complete dataset
overing a whole crop growth period is required, which is not the case
n our experiment.

For soybean in site 2 (47 data points), NIRv is mainly correlated

ith GPP and LAI, while kNDVI shows the highest correlation with
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Fig. 1. Time series of GPP, canopy chl, and derived vegetation indices (NDVI, NIRv, kNDVI) for site 1.
chlorophyll and NDVI shows the best correlation with fAPAR. The
possible reason for NIRv showing the best correlation with GPP is that
the range of GPP variation for soybean is relatively small, which might
be suitable for NIRv since NIRv shows a small dynamic change over the
soybean growth. It should be noticed that kNDVI and NIRv perform
similarly as proxies to GPP (differences in correlation around 0.01).
It also should be noticed that for fAPAR, NDVI is the best proxy. The
possible reason is that NIRv does not perform well is that the fAPAR
from middle August to early September keeps stable at a value around
0.95, however, the NIRv decreases from 0.49 to 0.43 (see Fig. S3(h)
and (i)), which is very high for its range during the whole crop cycle
(0.05 − 0.58). Furthermore, regarding the temporal pattern of different
indices, both NIRv and kNDVI reached peak value on August 5th, 2004
while NDVI reaches the peak value on August 20th, which is close to
the time when fAPAR reaches the maximum (August 30th), as indicated
in (i) of Fig. S3.

To illustrate further the correlation indicated in Table 1, the scatter
plot between various VIs and GPP as well as canopy Chl are shown in
Fig. 2. NDVI exhibits a clear saturation effect, indicated by large values
in the range of 0.75–1, where a high non-linearity should be considered.
Especially in Fig. 2(a), a cluster can be identified with NDVI and GPP
in the range of 0.75–0.85 and 3–10 gCm−2d−1. Meanwhile, a quasi-
linear relationship can be found with the NDVI in the range of 0.3–0.75.
By contrast, both kNDVI and NIRv are less affected by the saturation
problem, and advantageously kNDVI values are least deviated from
their regression line compared with NIRv and NDVI.

3.1.4. The effect of kernel lengthscale parameter
Let us illustrate the RBF kernel lengthscale sensitivity using GPP

and canopy chlorophyll. To do so, we plotted the correlation between
kNDVI and these two variables with varying 𝜎 values in the interval of
(0.01, 100) for the maize crop type at site 1. Fig. 3 indicates that with 𝜎
increases from 0.01 onward, the correlation between GPP and kNDVI
improves substantially and starts to outperform the NDVI. When sigma
is very low, the (𝑛− 𝑟)∕(2𝜎) is extremely large (see the right side of the
black line shown in Fig. 4), and leads to a saturated kNDVI value of 1.
On the contrary, as 𝜎 increases, the saturation is less severe. Meanwhile,
with a suitable 𝜎, kNDVI can expand large values, minimize saturation
effects, and shrink low values with the property of tanh and square.
Under these circumstances, the kNDVI can better capture GPP temporal
variability, and we achieve a significant correlation improvement. This
412
Fig. 2. Scatter plot for GPP (a) and canopy chl (b) against VIs (NDVI, NIRv, kNDVI)
for maize over site 1.

can be seen in Fig. 3 with 𝜎 values within the range of (0.01,0.20). In
this example, when 𝜎 equals 0.20, the functionality of tanh benefits
the kNDVI, resulting in a high correlation of 0.80. With a further
increase of 𝜎, the (𝑛 − 𝑟)∕(2𝜎) inside the tanh operator for kNDVI
decreases, consequently reducing the dynamic range of the kNDVI.
When 𝜎 is smaller than 0.2 (on the left side of blue line in Fig. 4, the
shrinkage functionality of tanh is simplified to a linear function, and
the correlation between kNDVI and GPP stays constant. Finally, for 𝜎
values higher than 1.66, the correlation between kNDVI and GPP is
stable at 0.76, and no further correlation improvement is noticeable.

It also can be noticed that the stable value of the correlation
between kNDVI and GPP is slightly lower than the correlation between
NIRv and GPP. This is because when the sigma increases, the range
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Fig. 3. Correlation of kNDVI and biophysical parameters with various sigma: GPP (a) and canopy chl (b) versus 𝜎 for maize over site 1.
Fig. 4. The tanh function over the range (0, 6). (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

of kNDVI shrinks according to Eq. (6), this results in a small range of
kNDVI, which eventually makes the correlation between kNDVI and
GPP smaller than the correlation between NIRv and GPP. For instance,
when the sigma is equal to 0.5 (so −0.3 in log scale), the kNDVI will
be between 0.0070 and 0.2993 while the NIRv ranges from 0.0290
to 0.4852. Secondly, there is a truncation error during the correlation
analysis where we keep the correlation with 4 decimals (0.0001), this
may cause the error of 0.00025. Even stable value of the correlation
between kNDVI and GPP is lower than NIRV and GPP, this does not
mean the correlation coefficient between kNDVI and vegetation traits
will always stay at a level inferior to the correlation between NIRV
and vegetation traits. To further support our argument, the correlation
between various canopy chlorophyll and VIs or site 2 over the soybean
growth period is shown in Fig. S4. Here, when we set the sigma as
0.5, the kNDVI ranges from 0.0108 to 0.4075, while the corresponding
NIRV is between 0.0429 and 0.5850. Even though kNDVI has a smaller
range compared with NIRV, the correlation between the corresponding
KNDVI and canopy chlorophyll is still higher than the correlation be-
tween NIRV and canopy chlorophyll. This indicates that it is possible to
find a range of sigma values to have a better correlation between kNDVI
and most vegetation traits compared with the correlation between NIRV
and corresponding vegetation traits. However, the detailed range of the
sigma values is dependent on the property of vegetation traits as well
as the distribution of observation.
413
3.2. Leaf traits over forests

3.2.1. Study area and in-situ measurements
In this study, Harvard Forest (HF, 42.538N, 72.171W), located in

the northeastern United States, is selected. This study site contains three
tree species: red oak, red maple, and yellow birch. Annual precipitation
and mean temperate are 1200 mm and 7.5 ◦C, respectively. In this area,
leaf traits are being measured by using two leaves from red oak and red
maples together with one leaf from yellow birch. Spectral properties are
being measured via a spectro-radiometer ranging from 300 to 2500 nm
where the spectral resolution is 3 nm for spectral till 700 nm and
7 nm in the remaining bands. The measured leaf traits parameters
are chlorophyll concentration (including chlorophyll-a and chlorophyll-
b, μ g/cm2), carotenoids (μ g/cm2), leaf mass per area (LMA, g/m2),
nitrogen concentration by mass (Nmass, %), and carbon concentration
by mass (Cmass, %). Detailed information about the experiment setting
can be found in Yang et al. (2016).

3.2.2. Seasonal variability of leaf traits
Fig. 5 illustrates the time series of observation for carotenoids (car)

and Cmass for red oak over 2002. It can be seen that the 𝑐𝑎𝑟 increases
from May 10th (3.36) on-wards and reached the peak value of 8.88
(μ g cm−2) on August 7th, then starts to decrease till September 3rd. A
Similar trend can be found for chlorophyll-a, chlorophyll-b, and total
chlorophyll concentration for red oak in Fig. S5. In contrast, Nmass
shows a reverse trend compared with other biophysical parameters.
Similar to red oak, the red maple and yellow birch time series are
also included in Fig. S6 and S7. It can be seen that yellow birch
follows the same trend as red oak, which is indicated in Fig. S7.
Nevertheless, a slight change can be indicated for red maple in Fig. S6,
where chlorophyll-a, chlorophyll-b, total chlorophyll concentration,
and carotenoids increase from May 1st onward and reach the peak
value on June 26th, then starts to decrease. This contrasting behavior
indicates that the phonology cycle of red maple is different from red
oak and yellow birch.

3.2.3. Applicability of kNDVI to estimate leaf traits
The identical configuration as in the previous experiment is used

here. This experiment is carried out for three tree species individually,
which results in 12 points for red oak and yellow birch as well as
13 points for red maple. The corresponding correlation coefficients
between various leaf traits and different VIs for the three tree species
are listed in Table 2. Similar to the previous section, scatter plots
describing the relationship between biophysical parameters and VIs are
also included (two examples are indicated in Fig. 6).

Table 2 indicates that for red oak and red maple, the kNDVI shows
the most significant correlation for all the biophysical parameters fol-
lowed by NIRv and NDVI, except NIRv, which shows a slightly higher
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Fig. 5. Time series of carotenoids and Cmass traits for red oak.
Table 2
Correlation coefficient (absolute value) between various VIs and leaf traits for tree
species (𝑝-value is being indicated in the bracket).

Tree species Parameter NDVI NIRv kNDVI

Red oak

Chl a 0.789 (0.002) 0.834 (0.001) 0.844 (0.001)
Chl b 0.765 (0.004) 0.805 (0.002) 0.811 (0.001)
Tot Chl 0.784 (0.003) 0.828 (0.001) 0.837 (0.001)
Car 0.773 (0.003) 0.809 (0.001) 0.816 (0.001)
LMA 0.548 (0.065) 0.661 (0.019) 0.719 (0.008)
TotC 0.580 (0.048) 0.619 (0.032) 0.643 (0.024)
TotN 0.815 (0.001) 0.861 (0) 0.870 (0.001)

median 0.773 0.809 0.816

Red maple

Chl a 0.669 (0.012) 0.750 (0.003) 0.749 (0.003)
Chl b 0.652 (0.016) 0.744 (0.004) 0.747 (0.003)
Tot Chl 0.671 (0.012) 0.756 (0.003) 0.756 (0.003)
Car 0.417 (0.157) 0.505 (0.078) 0.520 (0.069)
LMA 0.770 (0.002) 0.686 (0.010) 0.637 (0.019)
TotC 0.262 (0.387) 0.282 (0.350) 0.327 (0.276)
TotN 0.782 (0.002) 0.796 (0.001) 0.834 (0)

median 0.669 0.744 0.747

Yellow birch

Chl a 0.745 (0.003) 0.790 (0.001) 0.766 (0.002)
Chl b 0.699 (0.008) 0.754 (0.003) 0.733 (0.004)
Tot Chl 0.736 (0.004) 0.783 (0.002) 0.760 (0.003)
Car 0.451 (0.122) 0.567 (0.043) 0.579 (0.038)
LMA 0.294 (0.329) 0.655 (0.015) 0.723 (0.005)
TotC 0.280 (0.353) 0.424 (0.148) 0.444 (0.129)
TotN 0.701 (0.008) 0.874 (0) 0.894 (0)

median 0.699 0.754 0.733

correlation with red maple compared with kNDVI. However, the dif-
ference (0.750 for NIRv and 0.749 for kNDVI) is negligible. For yel-
low birch, kNDVI shows the best correlation with carbon, nitrogen
concentration, and carotenoids. Nonetheless, for biophysical param-
eters related to chlorophyll (Chlorophyll-a, Chlorophyll-b, and total
Chlorophyll), NIRv shows the best correlation, followed by kNDVI and
NDVI. NDVI does not show a high correlation with chlorophyll because
its temporal variation is different from Chlorophyll as indicated in
Fig. S7. The NDVI reaches peak value in late June, while Chlorophyll-
a, Chlorophyll-b, and total Chlorophyll reach the maximum in early
August. This result further confirms that the NDVI is not suitable for
estimating the phenology cycle for the forest, which is in line with
the findings of Zhang et al. (2022). It is also being observed in Fig. 6,
which indicates NDVI has two clusters of values where the high values
of NDVI around 0.8 are scattered while a quasi-linear relationship can
414
Table 3
Derivatives of vegetation indices for the calculation of the error propagation.

𝜕𝑓
𝜕𝑛

𝜕𝑓
𝜕𝑟

NDVI 2𝑟
(𝑛 + 𝑟)2

−2𝑛
(𝑛 + 𝑟)2

NIRv 𝑛2 + 2𝑛𝑟 − 𝑟2

(𝑛 + 𝑟)2
−2𝑛2

(𝑛 + 𝑟)2

kNDVI (𝑛 − 𝑟)
2𝜎2

sech2
(

(𝑛 − 𝑟)2

4𝜎2

)

−
(𝑛 − 𝑟)
2𝜎2

sech2
(

(𝑛 − 𝑟)2

4𝜎2

)

be identified for the low values between 0.4 and 0.6. The correlation
between kNDVI and Chlorophyll for yellow birch is slightly lower than
the correlation between NIRv and Chlorophyll, as it is shown in Table 2.
This is because the dynamic change of kNDVI (0.117–0.233) is slightly
smaller than the change of NIRv (0.246–0.372) over the forest growth
period, which can be seen in Fig. S7. This is different from the red
oak case (Fig. S5), where the dynamic change of kNDVI (0.103–0.374)
is much larger than the change of NIRv (0.140–0.363). This implies
that for yellow birch, kNDVI may not perform better than NIRv in
terms of the correlation with Chlorophyll a. The detailed reason for this
should be further investigated, which might attribute to its biophysical
or biochemical properties.

3.2.4. Error propagation for kNDVI with 𝜎
Let us investigate the influence of 𝜎 on error propagation by using

the observed leaf reflectance for the three tree species. We compare the
propagated error by the NDVI, NIRv, and kNDVI indices. Let us denote
with 𝑓 (𝑛, 𝑟) an arbitrary index acting on the NIR 𝑛 and red 𝑟 bands.
Now, assuming independence between 𝑛 and 𝑟, we can calculate the
propagated error with the variance formula:

𝑠𝑓 =

√

(

𝜕𝑓
𝜕𝑛

)2
𝑠2𝑛 +

(

𝜕𝑓
𝜕𝑟

)2
𝑠2𝑟 (8)

where 𝑠𝑓 represents the standard deviation of the function index 𝑓 , and
𝑠𝑛 (𝑠𝑟) represents the standard deviation of 𝑛 (𝑟). It is easy to compute
the derivatives for each index according to Table 3.

In this experiment, we fixed the error 𝑠𝑛 = 𝑠𝑟 = 0.004 and calculated
the indices and their propagated errors, see Fig. 7. We study the impact
of different values of the 𝜎 parameter (0.15, 0.22, and 0.3) on both the
index and the propagated uncertainty.

It can be seen that the 𝜎 nicely controls the sensitivity (step size) to
vegetation density: the higher the 𝜎, the lower the sensitivity (big steps
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Fig. 6. Scatter plot for car (a) and totC (b) against VIs (NDVI, NIRv, kNDVI) for red oak.
Fig. 7. Propagated error variances 𝑠2𝑓 as a function of the NIR and red bands for the different vegetation indices. The input error was fixed to 𝑠𝑛 = 𝑠𝑟 = 0.004. The concrete in situ
measurements for the three tree species (red oak, red maple, and yellow birch) are depicted for illustration purposes, and the corresponding correlation 𝜌 between the indices and
measured Chl-a is shown.
are observed, shown in the last column of the lower panel in Fig. 7 with
a broader greenness compared with the first and second column of the
lower panel) which translates into lower kNDVI values.

Another interesting observation is that 𝜎 clearly impacts the cor-
relation 𝜌 of kNDVI with the vegetation trait at hand (here, we only
show 𝜌 with the Chl-a parameter). Practitioners should pay attention
and tune 𝜎 for the specific applications. We hope these plots shed some
415
light and intuition on how to tune 𝜎: one should care about the land
cover of interest and their spectral characteristics, how much sensitivity
one aims to disentangle different levels (granularity) of species, and if
one aims to avoid saturation, mixed-pixel or bias problems. One can
also see that better correlations can be obtained with kNDVI compared
to NDVI and NIRv, yet only with higher values of 𝜎. Interestingly, the
propagated uncertainty (note the log-scale in the right column of plots
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in Fig. 7) by the kNDVI can be adjusted with properly tuning 𝜎, which
is a very interesting possibility to deal with different cover types (we
here show that for forests, a low 𝜎 = 0.15 works best). In general, the
region of lower propagated error (blueish, right) counteracts the high
value of the index (yellowish, left), so a clear trade-off is observed.

3.3. Estimation of latent heat at flux tower level

3.3.1. Dataset
FLUXNET 2015 dataset (Pastorello et al., 2020), which is a database

that combines the data collected from multiple regional flux networks
distributed over the globe and is being used in this study. It encom-
passes variables representing fluxes, meteorological, environmental,
and soil status at half-hourly or hourly resolutions and provides the
biggest compilation of in-situ observations to measure the exchanges
of carbon dioxide, water vapor, and energy between the biosphere and
atmosphere (Tramontana et al., 2016). For our analysis, a subset of 148
naturally vegetated areas is being selected according to the criteria of
(1) no more than 50% of missing remotely sensed data due to cloud or
snow contamination; (2) the temporal span of measurement should be
more than four months to cover the whole phonological cycle.

3.3.2. Applicability of kNDVI to estimate the latent heat flux
We evaluated the applicability to use kNDVI as a latent heat

flux (LE) proxy using flux tower LE from eddy correlation from the
FLUXNET 2015 dataset and compared its performance with NDVI,
and NIRv. The correlation between LE and various VIs for different
biomes are shown in Fig. 8. It can be observed that the kNDVI provides
correlations with LE similar to (or better than the) other vegetation
indices over all considered biomes and across all the flux tower sites.
The per biome type assessment reveals that NDVI, NIRv and kNDVI
show moderate to high correlation with LE and can be used as a
proxy for LE for most of the biomes except evergreen broadleaf forest
(EBF). For EBF, none of the considered VI performs as expected since
a stronger saturation effect occurs in such an ecosystem Among the
biomes, vegetation indices show the highest correlation with LE for
mixed forests, with median correlations of 0.83,0.87 and 0.90 for NDVI,
NIRv, and kNDVI, respectively. Overall, kNDVI generally outperforms
the rest of the VIs to predict LE estimates over most of the considered
biomes types. Only in the vegetation type savannas (SAV), the kNDVI
performs slightly worse than NIRv. The kNDVI confirms its adaptive
nature for each biome type but also globally shows an apparent gain
(Fig. 9).

4. Conclusions

We discussed the performance of the kNDVI (Camps-Valls et al.,
2021), which generalizes the celebrated NDVI and other indices like
NIRv. Generalization means that one has statistical guarantees of per-
formance and that, in particular, one in principle may find a particular
lengthscale (𝜎) of the RBF kernel function that retrieves the exact solu-
tion of NDVI (and NIRv). Therefore equal or better performance than
these methods is expected. We clarified some aspects and properties of
the kernel indices in general and kNDVI in particular by giving some
applicable, practical prescriptions for proper usage. For example, we
discussed the properties of generalization, boundedness, robustness to
noise, and low error propagation. We also gave additional evidence
of performance on a broader set of applications: estimating in-situ
vegetation parameters (LAI, GPP, leaf, and canopy chlorophyll content,
green and total LAI, and fAPAR) and latent heat at flux tower level. We
confirmed the generally good performance of the index and highlighted
its convenience in monitoring terrestrial ecosystems. To foster wider
adoption of the new family of the index, we provide source code, data,
and demos. The use of kernel methods to generalize NDVI could be
extended to other indices, which will be the subject of further research.
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Fig. 8. Boxplots of correlations for all considered flux tower sites between LE and
NDVI, NIRv, and kNDVI per biome type.

Fig. 9. Histogram of the correlation coefficient between the VIs and the parameters
for the LE correlation computed over 169 FLUXNET sites.
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