
Journal of Physics: Conference Series

PAPER • OPEN ACCESS

Temperature-based Collision Detection in Extreme
Low Light Condition with Bio-inspired LGMD
Neural Network
To cite this article: Yicheng Zhang et al 2022 J. Phys.: Conf. Ser. 2224 012004

 

View the article online for updates and enhancements.

You may also like
Lead-free MCP to improve coincidence
time resolution and reduce MCP direct
interactions
R Ota, K Nakajima, I Ogawa et al.

-

Last glacial maximum hydro-climate and
cyclone characteristics in the Levant: a
regional modelling perspective
Patrick Ludwig and Assaf Hochman

-

A Detection Model of the Moving Direction
in Vertical for UAV to Search Ground
Infrared Targets
Yang Yang, Zhijun Li, Yunqiang Wu et al.

-

This content was downloaded from IP address 212.219.220.101 on 29/04/2022 at 11:55

https://doi.org/10.1088/1742-6596/2224/1/012004
/article/10.1088/1361-6560/abea2c
/article/10.1088/1361-6560/abea2c
/article/10.1088/1361-6560/abea2c
/article/10.1088/1748-9326/ac46ea
/article/10.1088/1748-9326/ac46ea
/article/10.1088/1748-9326/ac46ea
/article/10.1088/1742-6596/2173/1/012026
/article/10.1088/1742-6596/2173/1/012026
/article/10.1088/1742-6596/2173/1/012026
https://googleads.g.doubleclick.net/pcs/click?xai=AKAOjsv91mw8CRVJLPdLmDQbSvG-E_HwYIANaljBRzY1y4gYDKF4l25nS2aHj6R-rZ5B1nt5cqFGyrlC7i7FKdP2wq2y3e72Xfp3lUtY0iol7Xv3bDeMjejV46krERg-QdPGDmNbt3FWi0F8euZoEeHdb8Kd9cmgiT1HVFuztHwOKpn4s5Wq1ug5hSn7IaxeGowMEX1LAhv1e2CiHvD5vGdcwbZlZPw5mhiuf2PwGlUckEtukScRgh4fvlIq00AgVlu81EXYn1pbz2jnVdDDFWdWzcEAiPD0D8oTAqc&sig=Cg0ArKJSzDLC268I91Iy&fbs_aeid=[gw_fbsaeid]&adurl=https://community.electrochem.org/eWeb/DynamicPage.aspx%3Fwebcode%3DEventInfo%26Reg_evt_key%3D798362dc-7e0c-42ba-aaf6-31c3418f151e%26RegPath%3DEventRegFees%26FreeEvent%3D0%26Event%3D241st%2520ECS%2520Meeting:%2520Vancouver,%2520BC,%2520Canada%26FundraisingEvent%3D0%26evt_guest_limit%3D9999


Content from this work may be used under the terms of the Creative Commons Attribution 3.0 licence. Any further distribution
of this work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.

Published under licence by IOP Publishing Ltd

ISAIC-2021
Journal of Physics: Conference Series 2224 (2022) 012004

IOP Publishing
doi:10.1088/1742-6596/2224/1/012004

1

Temperature-based Collision Detection in Extreme Low Light 

Condition with Bio-inspired LGMD Neural Network 

Yicheng Zhang1,2,3, Cheng Hu5, Mei Liu1,3, Hao Luan2,6, Fang Lei2,3,4,5 Heriberto 

Cuayahuitl2 and Shigang Yue2,3,5,* 

1 School of Automation, Guangdong University of Petrochemical Technology 

(GDUPT), Maoming, 525000, China 

2 School of Computer Science, University of Lincoln (UoL), Lincoln, LN6 7TS, UK 

3 GDUPT-UoL Joint Research Lab, University of Lincoln, Lincoln, LN6 7TS, UK 

4 School of Electronic and Information, Guangdong University of Petrochemical 

Technology (GDUPT), Maoming, 525000, China 

5 Machine Life and Artificial Intelligence Research Center, Guangzhou University, 

Guangzhou, 510006, China 

6 School of Computer Science, Tianjin University of Technology, Tianjin, 300382, 

China 

Email: zhangyicheng@gdupt.edu.cn; c_hu@gzhu.edu.cn; liumei@gdupt.edu.cn; 

hao.luan@hotmai.com; leifang@gdupt.edu.cn; HCuayahuitl@lincoln.ac.uk; 

yueshigang@hotmail.com 

Abstract. It is an enormous challenge for intelligent vehicles to avoid collision accidents at night 

because of the extremely poor light conditions. Thermal cameras can capture temperature map 

at night, even with no light sources and are ideal for collision detection in darkness. However, 

how to extract collision cues efficiently and effectively from the captured temperature map with 

limited computing resources is still a key issue to be solved. Recently, a bio-inspired neural 

network LGMD has been proposed for collision detection successfully, but for daytime and 

visible light. Whether it can be used for temperature-based collision detection or not remains 

unknown. In this study, we proposed an improved LGMD-based visual neural network for 

temperature-based collision detection at extreme light conditions. We show in this study that the 

insect inspired visual neural network can pick up the expanding temperature differences of 

approaching objects as long as the temperature difference against its background can be captured 

by a thermal sensor. Our results demonstrated that the proposed LGMD neural network can 

detect collisions swiftly based on the thermal modality in darkness; therefore, it can be a critical 

collision detection algorithm for autonomous vehicles driving at night to avoid fatal collisions 

with humans, animals, or other vehicles. 

1. Introduction 

Road accidents caused over one million fatalities every year worldwide according to WHO statistics in 

recent years. Automatic collision detection is the critical issue to be solved in the coming decade for 

both autonomous vehicles [1] or any other intelligent mobile machines [2].  
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Figure 1. The structure of LGMD1 model we 

proposed in this paper. In this 7-layer model, 

CLAHE is used to enhance the contrast of 

input data and tone mapping is adopted to 

optimise output signals. 

 

How to extract collision cues efficiently and effectively from the dynamic scenes with limited 

computing resources has been a key challenge, however, algorithms inspired by insects such as locusts 

have demonstrated their impressive real-time capabilities in extracting critical looming cues that are 

doomed to imminent collision [3-19]. For example, based on previous research results on the locust 

visual nervous system [7-9], Rind and Bramwell propose a four-layer LGMD1 model in [10], then 

enhanced with a new layer by Yue and Rind [11], further improved with new functionalities [12-14] 

aimed to be realized in hardware for applications such as UAV [15], autonomous robots [2 16-17], and 

vehicles [18,19]. 

However, most of the previous work on LGMD collision detection neural networks and applications 

were relied on optical sensors working within the spectrum of visible light only. Their performance 

drops sharply in lowlights, or even, impossible to work for collision detection in total darkness at night. 

The statistics show that 78% of pedestrian fatalities in the U.S. occurred in dark or dim environments 

[20]. In addition, recent studies from American auto-mobile association (AAA) indicate that the hazards 

detection rate in the night-time is poor, even though most of these systems have different compositions 

of radar, LIDAR, ultrasonic sonar, and optical cameras, respectively [21]. It is the time to focus on 

collision detection at night-time or in extremely dim light conditions to make sure all future intelligent 

mobile machines are able to work not only at daytime but also at night facing adverse visibility.  

Different from optical cameras, long-wave infrared (LWIR) cameras can capture the temperature 

map of a dynamic environment even with no visible light, which makes it an ideal sensor for collision 

detection at night. Although the LGMD neural networks worked well for typical visual sensors with 

visible lights, it is not clear if any collision cues can be extracted from the captured temperature maps 

with a LGMD neural network. Since all objects in the universe emit some level of infrared radiation, 

thermal images could contain the key information for an LGMD to separate objects from background if 

there are temperature differences. In this study, we explore the possibility of extracting potential 

collision cues based on temperature difference instead of illumination changes with an LGMD neural 

network. We first proposed an improved LGMD-based visual neural network for temperature-based 

collision detection at extreme light condition. We then showed with experiments that the insects inspired 

visual neural network can pick up the expanding temperature differences of approaching objects as long 

as the temperature difference against its background can be captured by a thermal sensor. Our results 

demonstrated that the proposed LGMD neural network can detect collisions swiftly based on the thermal 

modality only in darkness.   

The main contributions of this paper can be summarized as follows: 
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(1)  For the first time, we propose and verify the feasibility of a temperature map based LGMD1 

model for night-time collision detection with experiments. 

(2)  We improved the LGMD1 model to enhance its ability in coping with temperature-based maps 

for collision detection. 

2. Collision Detection Computational Model 

The detection computational model we use in this paper is a 7-layer LGMD-based model which is 

developed from the 5-layer LGMD1 model introduced in [11]. Figure 1 gives the structure of our new 

LGMD1 neural network. We inserted a pre-processing layer in the P-layer to enhance the contrast of the 

input data. In addition, to better output a clear collision warning signal, we adopt a tone mapping 

mechanism to mediate the output of the original model. 

2.1. P-layer 

Just like the photoreceptors in most animals’ retina, the first layer perceives the changes in light. After 

converting thermal data into grayscale pictures, we first perform the contrast-limited adaptive histogram 

equalization (CLAHE)[22] to pre-process the original data, and then the P-layer outputs the frame 

difference and a historical accumulation as below.  

𝑃𝑡(𝑥, 𝑦) = 𝐶𝐿𝐴𝐻𝐸(𝐿𝑡(𝑥, 𝑦)) − 𝐶𝐿𝐴𝐻𝐸(𝐿𝑡−1(𝑥, 𝑦)) +∑𝑝𝑖

𝑛𝑝

𝑖=1

𝑃𝑡−𝑠(𝑥, 𝑦)𝑑𝑖 (1) 

where Pt(x, y) is the output of the P-layer corresponding to pixel (x, y) at time t, Lt(x, y) and Lt−1(x, y) 

are the grayscale value  at pixel (x, y) at time t and t-1 respectively.  𝑛𝑝 defines the time steps that the 

persistence last, the persistence coefficient pi can be calculated by the following formula: 

𝑝𝑖 = (1 + 𝑒
𝜇𝑖)

−1
(2) 

where i indicates the ith frame previous from current frame, and μ ∈ (−∞，+∞) is a constant, the 

larger µ is, the faster pi  will drop down. 

2.2. EI-layer 

EI-layer mimic the L1-3 neurons in the locust ocular system which outputs both excitatory and 

reciprocal inhibitory signal. Excitatory cells (E cells) directly transmit the signals from the P-layer. The 

lateral inhibition cells (I cells) pass inhibition signals coming from the previous frame to their retinotopic 

counterpart’s neighbouring cells in the S-layer. The inhibition function of a cell in this layer is given by 

𝐼𝑡(𝑥, 𝑦) =∑∑𝑃𝑡−1(𝑥 + 𝑖, 𝑦 + 𝑗)𝜔𝐼(𝑖, 𝑗)

𝑗𝑖

(3) 

Where It(x, y) is the lateral inhibition at pixel (x, y) corresponds to current time t. ωI (i, j) is  the  

coefficient  of  inhibition,  when  i∊ [-1, 0, 1] ,  j∊ [-1, 0, 1],  if i = j, j = 0, inhibition spreading from the 

centre cell to adjacent cells in the S-layer. The gains of each neighbouring cell will be denoted by (4). 

[
0.125 0.25 0.125
0.25 0 0.25
0.125 0.25 0.125

] (4) 

2.3. S-layer 

The sum of the output of E cells and I cells is calculated by   (5): 

𝑆𝑡(𝑥, 𝑦) = 𝑃𝑡(𝑥, 𝑦) − 𝐼𝑡(𝑥, 𝑦)𝑊𝐼 (5) 

where WI is a constant representing the weight of inhibition. 
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2.4. G-layer 

G-layer will pass those cells surrounded by strong excitations through and filter the isolated excitations 

simultaneously. The excitation corresponded to cell (x, y) becomes: 

𝐺𝑡(𝑥, 𝑦) = 𝐶𝑒𝑡(𝑥, 𝑦)𝑆𝑡(𝑥, 𝑦)𝜔
−1 (6) 

where Cet is the passing coefficient matrix, and ω is a scale factor, they can be computed by formulation 

(7) and (8) respectively: 

Ce𝑡 = [

1/9 1/9 1/9
1/9 1/9 1/9
1/9 1/9 1/9

]⊗ 𝑆𝑡(𝑥, 𝑦) (7) 

𝜔 =Δ𝑐 + 𝑚𝑎𝑥(|𝐶𝑒𝑡(𝑥, 𝑦)|)𝐶𝑊
−1 (8) 

where ⊗ denotes the convolution operation, Cw is a constant, ∆c is a small real number which make 

sure the denominator in (8) won’t be zero. From the S-layer to the G-layer, a threshold is used to filter 

decayed excitations, 

𝐺�̃� = {
𝐺𝑡(𝑥, 𝑦),       𝑖𝑓   𝐺𝑡(𝑥, 𝑦)𝐶𝑑𝑒 ≥ 𝑇𝑑𝑒
0,                  𝑖𝑓   𝐺𝑡(𝑥, 𝑦)𝐶𝑑𝑒 ≤ 𝑇𝑑𝑒

(9) 

where Cde is the decay factor and Cde∊ (0, 1), Tde is the decay threshold. After the uniform filter via (8) 

and decay processing via (9) in G-layer, the output enhances the edges as well as remove outliers. 

2.5. LGMD Cell 

The LGMD cell sum the absolute value of the G-layer’s output spatially by the following equation: 

𝐾𝑡 =∑∑|𝐺�̃�(𝑥, 𝑦)|

𝑦𝑥

(10) 

The membrane potential of the LGMD cell Kt is then transformed to a sigmoid function as 

𝑘𝑡 = (1 + 𝑒
−𝐾𝑡𝑛𝑐𝑒𝑙𝑙

−1
)
−1

(11) 

where ncell is the total number of the cells in G-layer. 

 

Figure 2. Tone mapping results between kt and Ot in different k2 values. 
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2.6. Output Mediate 

Obviously, in Eq. (11), Kt ≥ 0, so the value of the sigmoid membrane kt ranges from 0.5 to 1. When the 

input frame rate is high, this method has the advantage of high-speed response; however, when the frame 

rate is relatively low, we need a higher dynamic response range to better identify noise signals and 

effective activation signals. [23] introduces a Log-identity based tone mapping method to improve low 

light images details, we adopt a similar transformation, but the phase and the effect are exactly the 

opposite. The transformation is given as below: 

𝑂𝑡 =

{
 

 
2

𝜋
sin−1 (𝑇2 +

𝑇2𝑚𝑎𝑥 − 𝑇2
𝑇1𝑚𝑎𝑥 − 𝑇1

(𝑘𝑡 − 𝑇1)) ,       𝑖𝑓 𝑘𝑡 > 𝑇1

𝑘2𝑇2
𝑇1 − 𝑇1𝑚𝑖𝑛

(𝑘𝑡 − 𝑇1𝑚𝑖𝑛),                        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(12) 

where T1max=T2max=1 are the maximum value of two tones respectively, T1min=0.5 is the minimum 
value of tone 1. T1 and T2 are the dividing points, in our experiments T1=0.75 and T2=0.5. k2 ∊ [0, ∞) 
is a slope factor, in this transformation, only when k2 = 0.66 the curve of Ot  will be continuous, 
otherwise there is a gap at the threshold position, in our experiment k2=0.33. Figure 2 illustrated 
the transformation results between the kt and the Ot in different k2 values. 

2.7. Spiking Mechanism  

The spiking mechanism sends out a collision warning signal by comparing the membrane potential kf  

with the threshold Ts. 

𝑆𝑡
𝑠𝑝𝑖𝑘𝑒

= {
1,       𝑖𝑓   𝑂𝑡 ≥ 𝑇𝑠
0,         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(13) 

where 1 means a spike firing, 0 represents no spike. After counting spikes for a fixed period, a collision 

warning signal is generated. 

𝐶𝑓𝑖𝑛𝑎𝑙 = {
𝑇𝑅𝑈𝐸,          𝑖𝑓 ∑ 𝑆𝑡

𝑠𝑝𝑖𝑘𝑒
𝑡

𝑡−𝑛𝑡𝑠

≥ 𝑛𝑠𝑝

𝐹𝐴𝐿𝑆𝐸,                               𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(14) 

where nts is the time steps and nsp is the number of spikes during period from t-nts to t. The  value  of  

Boolean  Cfinal  indicates  whether  there  is  a  collision or not, when it is TRUE a collision is detected. 

However, it is easy to deduce that continuous spikes will be produced when a sudden whole field 

movement like turning or bumping happens. To eliminate this type of interference, the FFI cell is adopted. 

2.8. FFI 

The FFI cell is a feed-forward inhibition used to exclude the situation where the brightness of the image 

changes abruptly during a sudden whole filed movement. The FFI is gathered from the P-layer cells 

with one frame delay. 

𝐹𝑡 =∑α𝑡−𝑗
𝐹

𝑛𝑎

𝑗

𝐹𝑡−𝑗 +∑∑|𝑃𝑡−1(𝑥, 𝑦)|𝑛𝑐𝑒𝑙𝑙
−1

𝑛𝑐

𝑦=1

𝑛𝑟

𝑥=1

(15) 

where na is the persistence time steps, nr and nc are the number of pixels in the horizontal and vertical 

directions respectively. 𝛼𝑡−𝑗
𝐹  is the persistence factor for FFI and 𝛼𝑡−𝑗

𝐹 ∈ (0,1)  . 

𝑇𝐹𝐹𝐼 = 𝑇𝐹𝑂 + α𝐹𝐹𝐼𝑇𝐹𝐹𝐼𝑡−1 (16) 

where 𝛼𝐹𝐹𝐼 is a coefficient, TFO gives the initial value and TFFIt-1 is the previous value of the TFFI. 

Based on the content introduced in the above subsections, an LGMD computational model with 

feature enhancement is established. 
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Figure 3. Illustration of (a). the 

LWIR camera, (b). the optical 

camera and (c). the light metre that 

we use in our experiments. 

 

3. Experiments and Discussion 
We carried out a series experiments to verify the effectiveness of the temperature-based collision 

detection in extremely low light environment. Firstly, we test the effect of the CLAHE in collision 

detection via a group of thermal video clips. And then, we make a comparison between the optical-base 

and the temperature-based collision detection in extremely low light(lumens are less than 2lx) and in 

total dark(lumens are approximately 0lx). 

3.1. System Setting and Parameters 

As displayed in figure 3, We use a FLIR-645R long-wave infrared (LWIR) camera to capture thermal 

data and a Go-Pro Hero 9 optical camera for visible light data collection. The spatial resolution of the 

thermal videos is 640 × 480 and the frame rate is 16 fps. The setting of the optical camera is1920×1080@ 

60 fps. In addition, a MOVO photo DMA100 motorized push car is used to carry and move cameras. 

The ambient illuminance is measured with a Peak PM6612 light metre which has ±3% accuracy and a 

measuring range from 0 to 200,000 lx. Most of the experimental data in this paper are collected in the 

environment of 0 lx ambient illuminance. The employed detection algorithm is coded in MATLAB 

2020b APP designer and was running with parameters listed in table 1. 

 

Table 1. The parameters of the LGMD1 model in our experiments. 

name value name value name value 

μ 0.25 Cde 0.5 𝛼𝑡−𝑗
𝐹  0 

𝑛𝑝 1 Tde 15 𝛼𝐹𝐹𝐼 2 

WI 0.3 Ts 0.45 TFO 70 

∆c 0.01 nsp 2 na 3 

Cw 4 nts 4   

 

 

 

 

(a). The image without CLAHE  (b). The image with CLAHE 
 

Figure 4. The comparison of static images with and without pre-processing. 

(a).LWIR camera (b).optical camera 

(c). light 

metre 
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Figure 5.  The LGMD1 neural network output of the same thermal video clip with and without pre-

processing. The red asterisks in top of graph represents the LGMD cell spikes, the ‘X’ value in the 

upper right corner label is the number of the frame which first fire a collision warning signal. 

3.2. Pre-processing Effectiveness Tests 

To verify the effectiveness of thermal data pre-processing, we tested the output effects of static and 

dynamic data as input respectively. 

As can be seen in figure 4, the CLAHE method can effectively improve the contrast of a thermal 

image. Figure 5 presents the results of LGMD1 model output with and without CLAHE, obviously, the 

LGMD cell gives out spikes several frames earlier when CLAHE is adopted in the P-layer for the same 

test video. Our more similar experimental results show that the pre-processing is especially helpful when 

the temperature difference between obstacle objects and the environment is small. There is a definite 

possibility that a higher contrast of the input data leads to a better detection result in the LGMD neural 

network. 

 

  
   (a). Detection result of proposed method.                    (b). Detection result of optical-based method 

Figure 6. The comparison of temperature-based and optical-based collision detection results in 

extremely low light. The ambient illuminance is 1.7 lx. 
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Figure 7. The comparison of temperature-based and optical-based collision detection results in 

extremely dark, when the ambient illuminance is 0 lx. 

3.3. Collision Detection in Extremely Low Light 

We test temperature-based and optical-based collision detection methods in low light and total darkness 

respectively. Figure 6 demonstrates the results comparison of these two methods when the ambient 

illuminance is 1.7 lx. It is easy to learn that in figure 6a the obstacle is detected at the 88th frame of the 

clip which is temperature-based. While figure 6b shows there is no effective collision signal output in 

the whole process which is based on optical.  

Figure 7 provides one of the comparison results between the two collision detection methods as 

mentioned above in a total darkness. Obviously, as presented in  figure 7a, the LGMD neural network 

is sensitive to the relative movement between the camera and the collision object when the input is 

thermal data. On the contrary, the optical-based method doesn’t work at all when the illuminance drops 

to 0, just as figure 7b displayed, for optical cameras are basically unable to obtain valid input data in 

this occasion.  

 

   

Figure 8. The detection results of different obstacles. (a). A hot cup with the size of 12 cm wide and 

7 cm high original located 180 cm from the camera, the middle picture in the first line is when it is 

detected. (b). A person with the size of 60 cm in width, 150 cm in height sitting at a distance of 300 

cm from the camera originally. 
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In other experiments, we tested single collision obstacle in different shapes, sizes, and multiple 

collision obstacles in total darkness. As revealed by figure 8 and figure 9, regardless of the shape of size 

and number of collision obstacles, our temperature-based method can effectively detect collisions as 

long as there is a temperature difference between the collision obstacle and the environment. 

4. Conclusion and Future work 
In the above sections, we proposed an improved LGMD-based visual neural network for temperature-

based collision detection in extreme light conditions. In experiments, we showed that the LGMD visual 

neural network can pick up the expanding temperature differences of approaching objects since the 

temperature difference against their background can be captured by a thermal sensor. Our results 

demonstrated that the proposed LGMD neural network can detect collisions swiftly based on thermal 

modality only in darkness. This suggests that it can be a critical collision detection algorithm for 

autonomous vehicles driving at night to avoid fatal collisions with humans, animals, or other vehicles. 

In the future, we will further explore the characteristics of temperature maps represented by pseudo-

colour graph for collision detection in other adverse visibility conditions. 
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