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The Utilization of a Depth Sensor in Visible light 

Communications 

Abstract—Depth-sensing cameras are opening new 

applications in scientific and commercial fields. It 

leverages the use of infrared projected images, which can 

measure the depth of the scene and hence offer a three-

dimensional view of the captured scene. In this paper, we 

investigate the performance of visible light 

communication with a camera-based receiver attached to 

a robotic arm and show that it offers a high position 

accuracy. The results also show that, the luminous 

intensity of the illuminance surface has insignificant 

impact on the z measurements within the applicable 

distance range of the RGB-z depth camera, and hence this 

may be incorporated in any VLC system designed to 

provide a depth estimation as well as data 

communication. 
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I. INTRODUCTION  

Depth sensing devices have several advantages, which can 

be used in visible light communications (VLC), which is a 

subset of optical wireless communication (OWC) [1]. VLC 

uses the light-emitting diode (LED)-based lighting 

infrastructure for simultaneous illumination, data 

communications, and positioning  [2], [3], [4]. In optical 

wireless communications, the typical optical receivers (Rxs) 

used are photodiodes (PDs) and image sensors (ISs), i.e., 

cameras. PDs can be used for a wide range of data rates (low 

to high) and are relatively cheap compared with IS-based 

Rxs. Whereas ISs with orthogonally aligned PD-array with 

large detection areas offer multiple Rx capabilities for 

detecting multiple light sources at low data rates, which are 

suitable mainly for the Internet of things.  The standard digital 

PD-array (cameras) provide images with a two-dimensional 

(2D) pixel grid, where each pixel unit denotes a square or a 

dot area, which collectively form a captured frame [5]. In ISs, 

each pixel captures the light with an associated value based 

on its capturing format (usually ranging from 0-255) and has 

different red, blue, and green (RGB) colors.  

The combination of VLC with the IS-based Rx is best 

known as optical camera communication (OCC), which has 

been used in several application areas including vehicle-to-

vehicle communications, vehicle-to-infrastructure 

communication (i.e., traffic and street lights), device-to-

device communications, etc. [4], [6]. In OCC systems, the 

link distance between the transmitter (Tx) and the Rx can be 

estimated using depth cameras. The recent developments in 

technology have made depth cameras cost-effective, which 

can be used in both commercial and industrial sectors [7].  

Depth sensing devices can also be used for indoor 

positioning systems (IPSs). Light-based IPSs have gained 

significant importance over the past few years, which 

enhances the use of depth sensors for various applications 

like tracking and localizing, robotics, buildings, warehouses 

etc.[8]. Acquiring the depth data is still a challenging task 

even using machine learning given that the obtained data is 

not perfect because of the construction of a three-dimensional 

(3D) image from a 2D image [7], [9], [10]. However, there 

are different techniques to acquire depth information, which 

varies based on the level of accuracy and its cost [9].  

In OCC, locating the region of interest (RoI) in the captured 

image is one of the critical factors. 

In [11], the depth resolution in the near range using a 

computer-controlled positioning platform to move or rotate 

the depth camera with high accuracy was investigated. The 

depth was estimated by combining stereo and time of flight 

(TOF) cameras to obtain more accurate camera parameters. 

The scope of charge-coupled device (CCD)-based camera 

pairs was wrapped by the depth image taken by TOF to obtain 

the initial depth image. The experiment findings revealed that 

improved spatial resolution, higher-quality dense depth 

image and proper depth at edge positions were achieved 

compared with merely employing the TOF camera. In [12], a 

new technique for multi-view video generation with a 3D 

mesh and the view synthesis was proposed, which involved 

image capturing, depth wrapping and hole filling, boundary 

compensation, image synthesis and 3D mesh generation. The 

utilized RGB+Z pictures comprised of a single depth image, 

one or two RGB images and a PMD cube 3.0.  

The authors in [13] demonstrated how a mobile robot can 

recognize obstacles and avoid them in an indoor environment 

using a stereo camera. In their algorithm, they used sum of 

absolute differences, in which the camera compares both 

images from left and right ISs and produced a disparity output 

as a depth image. The range of each identified object in the 

disparity map was estimated using a curve fitting tool, 

whereas Matlab® software was used for all other 

programming aspects and for the robot mobility. 

In this paper, we investigate the impact of the input bias 

current of the LED mounted on a robotic arm on the depth 

estimation using an Intel® RealSense™ Depth Camera 

D435i.  Using the depth images generated in Matlab® the 

depth of the LED is calculated by averaging pixels from one 

particular region.  

The remainder of the paper is organized as follows: in the 

next two sections, the depth estimation methods and the 

experimental setup are presented. The numerical results and 

discussion are presented in Section IV. Finally, section V 

draws the conclusion. 
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II. SYSTEM MODEL

a) Depth estimation using stereoscopic triangulation

Depth cameras incorporates several advanced sensing 

hardware to collect light information in order to generate a 

depth map. Different techniques have been investigated to 

acquire depth information. For instance, in Structured light 

and coded light, the system captures the 3D area using a 

specific pattern of light that is projected onto a scene, wherein 

the pattern will change in accordance with the movement of 

the object within the captured image field of view. A disparity 

matrix will be deduced to estimate the depth based on the 

difference between the actual and expected images [14]. It 

provides a lower frame rate due to the sequential projection 

of coded or phase-shifted patterns utilized for extracting a 

single depth frame [15].  A similar technique is deployed in 

[16], in which, the authors investigated the use of an SR300 

depth camera based on a coded-light technology where 

triangulation between projected patterns and images captured 

by a dedicated sensor used to produce the depth map.  

In TOF and LiDAR techniques, z is estimated by 

measuring the time between the emitted and reflected infrared 

light signal [17]. However, the method offers a limited spatial 

resolution due to the significant processing time required 

[15]. Intel® RealSense™ LiDAR Camera L515 is one of the 

commercial examples of this technique [17]. In the stereo 

depth technique, the disparity between two different imagers 

captured from different prespective are utilized to estimate z. 

The mechanism is very much like that of the human eyes, in 

which, each eye has its own view of vision and as the distance 

between eyes is fixed. Thus, generating a 3-dimensional view 

based on the similarities and differences between them [18]. 

This phenomenon is known as parallax and results in a 

relative displacement of respective image points from 

different viewpoints. These cameras can be used for both 

outdoor and indoor applications.  

Figure 1 illustrates the stereoscopic triangulation 

technique, in which the sensors are coplanar. The system 

setup shows an object point that is projected onto both camera 

sensors, as represented by the orange dots in the diagram. The 

captured images from two different perspective with a 

relative distance between both camera axes is denoted as B 

for the baseline. The depth of the object 𝑧 can be calculated 

using a basic mathematical triangulation, in which, the minor 

triangle with base of the acute scalene triangle is denoted as 

, with the height 𝑏, whereas the major triangle has the base 

 and the height 𝑧. 

For the estimation of the displacement, the horizontal 

disparity ∆𝑥 = 𝑥𝑅 −  𝑥𝐿 , where 𝑥𝑅 and 𝑥𝐿 denote horizontal

distances from each projected image point to the optical 

image centre 𝑂𝑅 and 𝑂𝐿 , respectively. The equality of ratios

is given by: 

𝑧

𝐵
=  

𝑏 

∆𝑥 
. (1) 

By rearrange (1), the depth information is given as: 

𝑧 =  
𝑏 × 𝐵 

∆𝑥 
 . (2) 

Therefore, it is feasible to retrieve information about z. 

Likewise, if x is constant, then it is evident that by decreasing 

B,  z reduces. Note, (i) for a case where the depth range long 

then B needs to be large; and (ii) (1) and (2) are only used 

when 𝑂𝑅 and 𝑂𝐿  are aligned in parallel.

b) VLC system Implementation

LED lights are mainly described based on both the 

luminous intesity, which represents the energy flux per solid 

angle, and the transmit optical power 𝑃𝑡. The luminous

intensity associated with illuminated surfaces and normalized 

to the visibility. It is also used to express the brightness of an 

LED. However, the total energy radiated from an LED is 

represented by 𝑃𝑡. The horizontal luminouse at a point

𝑝 (𝑥, 𝑦, 𝑧) is given by [19]: 

𝐸ℎ𝑟 = 𝐼𝑏(0) cos𝑚(∅ ) /𝑑2 . cos(𝛾), (3) 

where 𝐼𝑏(0) is the centre luminouse intensity, the irradiance

and incidence angles are denoted as ∅ and 𝛾, respectively. 

Note that, the LED chip has a Lamertian pattern with an order 

m and is given by the semi-angle at half illuminance of an 

LED 𝜑  as 𝑚 =  
ln 2

ln(cos 𝜑)
. The distance between an LED and 

the detector surface is d, which given as: 

𝑑2 =  𝑧2 +  ℎ2, (4) 

where 𝑧 and h are the horizontal distance and the vertical 

height between the LED and the detector surface, 

respectively. 

The received optical power received from the direct light is 

given as:   

𝑃𝑟 =  𝐻(0). 𝑃𝑡  , (5) 

where 𝐻(0) is the channel DC gain within the Rx field of 

view and is given by: 

𝐻(0) =
(𝑚 + 1) 𝐴𝑟

2 𝜋 𝑑2 
cos𝑚(∅) 𝑇𝑠(𝛾) g(𝛾) cos(𝛾) , (6) 

where  𝐴𝑟 is the area of the photodetector, g(𝛾) and 𝑇𝑠(𝛾) are

the optical gain both the filter and the concentrator, 

respectively.  

From equations (4-6), it is noted that the 𝑑 and 𝐼𝑏(0) may

impact the VLC system performance. Thus, in the following 

sections, we aim to investigate the relationship between 𝑧 

Fig. 1. The triangulation scheme with parallel cameras 

where a point p is projected through the optical centres 

𝑂𝑅 , 𝑂𝐿  which yields two image points (orange) in each

camera. The relative displacement of these points returns 

the horizontal disparity ∆𝑥 = 𝑥𝑅 −  𝑥𝐿 . The baseline B,

object distance z and image distance b affect the measured 

disparity. 

Left 

camera

Right 

camera
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measurements using the depth module and the applied VLC 

current. 

III.EXPERIMENTAL SETUP 

In this work, we investigate the impact of LED drive 

current on the accuracy of depth measurements for a range of 

distances. Fig. 2 shows an indoor experimental testbed, which 

is used to investigate the useability of the depth camera in 

VLC systems under various illumination conditions.  

The set-up involves a robotic arm fitted with and optical Tx 

(i.e., an LED) with a current driver (Newport Model 560B), 

and an Intel D435i depth camera used as an optical Rx. The 

depth camera has left and right imager, IR projector and red, 

green, and blue (RGB) module [20]. The IR projector is used 

to transmit infrared rays onto the scene prior to capturing the 

frames from both imagers. The depth map (i.e., the measured 

𝑧 at each pixel of the captured frame) is the then generated 

using the collected frames and the stereoscopic triangulation, 

see section II (a). Note that, (i) the Tx’s position is changed 

by moving the computer controlled robotic arm with an 

accuracy of 0.1 mm [21];  (ii) the system is tested under a 

dark environment (i.e., Lux = 0); and (iii) the distance 

boundaries set are based on z from 280 mm to 2 m. The rest 

of key system parameters are detailed in Table II.  

Next, the system is designed to initially detect the LED 

illumination footprint i.e., the region of interest (ROI). 

Considering that, the radiation patterns of typical a Tx LED 

follow Lambertian profile [22], a circular Hough transform 

(CHT) method is used to detect the LED illumination 

footprint. The extraction process is done via a voting process 

as described in Algorithm I. The circle description is done by 

applying a full sweep of 𝜃 for 360o to locate the Tx’s 

fingerprint with a radius 𝑝 and the centre coordinates of (x, y). 

The CHT method is implemented offline using Matlab® and 

by including three main steps of accumulator array 

computation, centre estimation, and radius estimation. 

Consequently, the z value is determined by averaging the 

captured ROI to produce the measurements. 

IV.RESULTS AND DISCUSSION 

The experiment is set up as proposed in section III. An 
example of the captured frames at Ib of 50mA and z of 1 m 
from both the RGB camera and it is associated depth map is 
depicted in Fig. 3 (a) and (b), respectively.  

The impact of applied bias current (10 mA < Ib < 50 mA) 
is investigated for different z, and the corresponded depth and 
RGB frames are captured. The Tx fingerprint (i.e., ROI) is 
extracted using CHT as described in section III. The extracted 
ROI is highlight in red colour as depicted in Fig. 4. Likewise, 
the averaged z is measured within the Tx ROI for different Ib. 
Figure 5 shows the difference between the real and the 
estimated z for a range of Ib.  

 

Fig. 2. A snapshot of the experimental setup of the 

proposed system and the depth camera used. 

Table II. System parameters  

Description Value 

Tx 
LED type 

Luxeon Rebel LED (SR-

01-WC310) 

Tx bias current Ib 10-50 mA 

Depth Rx  

Rx depth module Intel® RealSense™ D435i 

Stereo baseline 50  mm [11] 

Horizontal field of view 91.2° 

Stereo module resolution 848 × 480 pixels 

RGB camera resolution  1280 × 720 pixels 

z-accuracy (or absolute 

error) 

 ≤ 2 % (up to 2 m and 80% 

FOV) [21] 

 Minimum- z depth 
Between 105 mm to 280 

mm [21] 

Robotic 

arm 

Model Franka emika robotic arm 

Power use 80 W 

Weight 18 Kg 

Precision 0.1 mm 

Maximum distance:  

.Sides 

.Top 

.Below ground level 

 

≃ 850 mm  

1190 mm  

360 mm 

Channel Length 0 to 1.5 m 

Algorithm I CHT for pupil boundary detection using 
2-D accumulator array 

 Input: The raw .dng file of captured frame F𝑈 × 𝑉 , 
minimum circle radius (𝑟min) and maximum circle 
radius (𝑟max)  

 Output: Circle radius (𝑟c)  and centre coordinates 
(𝑥c, 𝑦c)         // comments: 

1 for (pupil_radius = 𝑟min; 𝑟 ≤ 𝑟max; 𝑟 = 𝑟 + 1) do  

2  A=zeros(rows,cols) ;  // 2-D accumulator of the 
iris image size  

3  for each “Edge-point (a,b)” in edge map of 
F𝑈 × 𝑉 do 

4    for θ =1 ; θ ≤ 360°; θ = θ + 1 do 

5   𝑥 = round (𝑎 + 𝑟 ∗  cos θ) 

6   𝑦 = round (𝑏 + 𝑟 ∗  sin θ) 

7       if (x,y) is in image bounds do 

8   A(x,y) = A(x,y)+1 ;  // Accumulator-voting step 

9                end if 

10       end for 

11    end for  

12  Find maximum value in A:  

13  M=A(x’,y’) ;            //M is maximum value in A  

14  Max_Array(pupil_radius) = M ;  

15  X_Array(pupil_radius) = x’ ;  

16  Y_Array(pupil_radius) = y’ ;  

17   end for  

18  M’= Max_Array(index)    //Find maximum value  

19  𝑟c = index; 𝑥c = X_Array(index); 
 𝑦c = Y_Array(index) ;                   

  // End of CHT algorithm 

   



It demonstrates that increasing the distance may increase 
the induced error of the estimated z. For instance, a mean 
induced error of 512 mm is obtained at a distance of 1200mm 
as compared with 144 mm that is measured at 600 mm.  The 
results also show that, the luminous intensity of the 
illuminance surface has insignificant impact on the z 
measurements within the applicable distance range of the 
RGB-z depth camera, and hence this may be incorporated in 
any VLC system designed to provide a depth estimation as 
well as data communication. 

V.CONCLUSIONS

Depth cameras have opened new opportunities in optical-

based positioning and communications. Combining the depth 

information does provide a potential advantage in real-time 

VLC systems. In this work, we investigated the impact of the 

surface illuminance by changing the drive current of the Tx 

on the accuracy of depth measurements. The results showed 

that, the luminous intensity of the illuminance surface has an 

insignificant impact on the depth measurements within the 

applicable distance range of the RGB-z depth camera. Hence, 

the proposed scheme may be incorporated in VLC systems to 

provide the depth estimation as well as data communication 

as part of Internet of everything. 
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