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Abstract. The perception system and the decision system are important components of a 
complete autonomous driving vehicle. The perception system can help the decision system to 
obtain the necessary information of external environment and vehicle status. The traditional 
perception system mainly relies on the on-board radar. But in recent years, vision-based 
perception techniques have become a hot research topic. Meanwhile, thanks to the excellent 
performance of neural networks in processing image data, the processing algorithms for visual 
perception images have also made great progress. Visual perception techniques can not only 
acquire more information, but also is more cost effective and easier to install. This paper provides 
an overview of the more mature and promising visual perception techniques, including their 
principles and data processing algorithms, in terms of acquiring 2D image data and 3D depth 
information. For acquiring 2D image data, this paper introduces the principle of event camera 
and reviews the current progress on the event camera. Regarding the acquisition of 3D depth 
information, three techniques are introduced, namely binocular stereo-vision, time of flight 
(TOF), and structured light. Their performance when combined with neural networks for 
autonomous driving applications is also reviewed. Finally, this paper lists the current dilemmas 
faced by the above 2D and 3D imaging techniques and the possible solutions. 
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1.  Introduction 
Since the 1980s, autonomous driving cars have received increasing attention, and many automobile 
companies, universities, and research institutes have been vigorously promoting research on 
autonomous driving technology [1]. Thanks to the continuous advances in sensor technology and 
computer processor, many algorithms that were once limited by hardware capability are now emerging. 
Although many of them have not shown good performance at this stage, they have certainly provided 
new ideas for research in autonomous driving cars.  

A perception system and a decision system are necessary for an autonomous driving system. The 
perception system is responsible for information acquisition using vehicle sensors, including 
information about the external environment as well as the vehicle status information. Due to the recent 
excellent performance of deep convolutional neural networks (DCNN) in processing image data, there 
has been an increasing interest in using in-vehicle cameras instead of light detection and ranging 
(LiDAR) for 3D visual perception. Even autonomous driving systems with vision-only input are 
somewhat feasible. In addition, for car navigation, localization is extremely important. Using visual 
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perception not only allows more information to be gathered, but is also very cheap and lightweight [2]. 
The camera sensors currently used for visual perception include monocular RGB cameras, event 
cameras, binocular RGB cameras, TOF cameras, and structured light cameras. After the camera sensors 
have acquired 2D image data and depth information around the vehicle, the visual odometer performs 
data processing and estimates the motion of vehicle to enable localization. 

The decision system needs to process the information collected by the perception system and control 
the vehicle based on this information to accomplish the given driving task. Specifically, the decision 
system can be divided into four parts: the first part is responsible for global route planning, the second 
part is responsible for determining the vehicle's motion specification based on destination information 
and traffic rules, the third part is responsible for motion planning, and the fourth part is responsible for 
correcting errors based on feedback information to achieve closed-loop control of the vehicles [3]. 

Focusing on visual-based perception systems for autonomous driving cars, this paper provides an 
overview of several novel and promising approaches for visual perception and how they use neural 
networks to process image data. The rest of the paper will separately: analyze the differences between 
using traditional RGB cameras and using event cameras to acquire 2D image data; outline several mature 
methods for acquiring depth information and provide a horizontal comparison of these methods; and 
analyze the advantages and challenges of neural-network-based visual perception techniques applied to 
autonomous driving systems in the context of the previous sections of the paper. 

2.  Visual perception 
In an autonomous driving system, the visual perception system needs to acquire both environmental 
information and vehicle status information. Among them, the tasks for acquiring environmental 
information include static obstacle identification and distance measurement, dynamic obstacle 
identification and motion trend prediction, identification of traffic signals (traffic lights, traffic signs), 
vehicle positioning, etc. The commonly used sensors include RGB-D cameras, LiDAR, GPS, etc. 
Collecting vehicle status information includes detecting driving speed, acceleration, steering angle, etc. 
Commonly used sensors include odometers, inertial measurement units, etc. 

2.1.  Acquisition of 2D image data 
2D image data can assist perception systems in identifying important information, including obstacles, 
pedestrians, traffic signs, etc. The conventional method of obtaining 2D image data is through RGB 
cameras, which have a wide range of applications, mature data processing algorithms, and new potential 
with the help of DCNN. In spite of this, there are still many shortcomings in the field of autonomous 
driving.  

2.1.1.  RGB camera. RGB cameras capture the average grey value of each pixel point during the 
exposure time, but this method is limited by the exposure time and frame rate of the camera, resulting 
in low temporal resolution. This can make it challenging to obtain stable and clear images when the 
vehicle is moving at high speeds. The use of high-speed cameras could potentially solve this issue, but 
the resulting large amount of data would put a significant computing burden on the local computer. 
Additionally, RGB cameras have poor dynamic range, which results in poor quality 2D image data in 
low light and strong light environments. This can be fatal in certain driving scenarios, such as driving 
at night or facing the sun. Autonomous driving systems only require relevant information from specific 
pixel points, while information from other pixels adds an unnecessary computational burden to the local 
processor. 

2.1.2.  Event-based camera. The concept of event cameras was proposed as a solution to the many 
problems faced by RGB cameras and has recently become a popular research direction. Although event 
cameras were first developed in laboratories in the 1990s, the first commercially available time cameras 
were not introduced until 2008. An "event" in this context refers to a change in the luminance value of 
a single pixel that exceeds a certain threshold. Event cameras use a new information acquisition 
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paradigm, where they record the light intensity change of each pixel at each moment. When the change 
in pixel light intensity exceeds the threshold, the camera records and emits the event asynchronously 
through a quaternion array  𝑒𝑒𝑚𝑚 = (𝑥𝑥𝑚𝑚,𝑦𝑦𝑚𝑚, 𝑡𝑡𝑚𝑚,𝑝𝑝𝑚𝑚) , where x, y, t, and p respectively record the 
location (𝑥𝑥,𝑦𝑦), time t, and polarity p (+1 for luminance increase, -1 for luminance decrease) of the event. 
An example of the output of the event camera is shown in figure 1. The event camera is a bio-inspired 
technology, inspired by the biological visual pathways that are more sensitive to dynamic visual 
information. 

 
(a) (b) 

Figure 1. Examples of the output of the event camera. (a) is the original scene picture 
and (b) is the semi-dense depth map [4]. 

Event cameras have the following advantages: (1) High temporal resolution: Because it is extremely 
fast to just record the luminance change value, event cameras can achieve microsecond level resolution; 
(2) Low latency: Event cameras record and send out event information asynchronously and 
independently, as soon as the luminance change of each pixel point is detected. Unlike RGB cameras, 
event cameras do not have to wait for all pixel points to finish recording synchronously. This results in 
sub-millisecond latency in practical applications; (3) Low power consumption: Since event cameras 
only transmit the pixel point where the event occurs, rather than transmitting large amounts of redundant 
pixel points simultaneously, they typically consume only 10mW of power; (4) High dynamic range: 
Event cameras take a logarithmic view of luminance changes, so they can adapt to both strong and low 
light environments [5]. 

Although event cameras have many advantages mentioned above, their huge volume of event data 
and novel data formats cannot be processed by traditional CV algorithms. To cope with this challenge, 
a relatively novel approach is to process the event camera data by spiking neural networks (SNN). SNN 
combined with reinforcement learning (RL) is also a promising solution for robot obstacle avoidance: 
Luca et al performed simulation tests of UAV obstacle avoidance on UE4, converting RGB data to 
dynamic vision sensor (DVS) data as input through v2e toolbox [6]. They use SNN to process the data 
and then train DDQN(double deep q-learning network) to control one UAV for obstacle avoidance [7]. 
This scheme has higher accuracy and much lower energy consumption compared to using CNN to train 
RL. Using SNN to process event camera data can also be used to perform image recognition: Viale et 
al used the SNN model to finish the task of recognizing cars with the help of the Intel Loihi 
Neuromorphic Research Chip [8]. The model has an accuracy of 83% with only 0.72ms latency and 
310mW power consumption. 

Another drawback of event cameras is their vulnerability to noise. To ensure that the event camera 
does not miss any event, the threshold of the brightness change that triggers an event is often set low. 
This results in that even slight photon perturbations can be captured by the event camera, thus affecting 
the accuracy of the event information. Some scholars have tried to solve this problem and have made 
notable progress [9,10]. 

In summary, the use of event cameras and the corresponding methods for processing event-based 
data are becoming more sophisticated today. And the exploration of applying event cameras to the field 
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of autonomous driving is increasing: Gehrig et al provided datasets collected using event cameras in 
driving scenarios with various lighting conditions [11]. Viale et al used SNN to process event-based 
data and implemented vehicle recognition [8]. Zhu et al improved the event-to-frame conversion method 
and feature extraction network, aiming at improving the speed and accuracy of pedestrian recognition 
[12]. Numerous studies have demonstrated the feasibility and great potential of using event cameras 
instead of RGB cameras to acquire 2D images in autonomous driving. 

2.2.  Acquisition of depth information 
In addition to 2D images, the perception system of autonomous driving cars also needs to acquire depth 
information and construct 3D scenes. Currently, the more mature depth cameras that can acquire depth 
information are mainly binocular stereo-vision cameras, TOF cameras, and structured light cameras.  

2.2.1.  Binocular stereo-vision camera. To acquire depth information, the binocular stereo-vision 
camera system needs one RGB cameras on the left and another one on the right. By analyzing the frames 
and combining the known parameters of two cameras, the binocular stereo-vision camera completes 
stereo matching and obtains the disparity map. Then the depth map is calculated according to 
trigonometric parallax. Specifically, the whole process consists of the following four steps: (1) camera 
calibration: internal calibration of a single camera (focal length, distortion coefficient, etc.) and external 
calibration of the binocular camera (to obtain the conversion relationship of two camera coordinate 
systems); (2) stereo correction: according to the results of camera calibration, the two original images 
obtained from two cameras are corrected so that the two images are in the same plane and parallel to 
each other; (3) stereo matching: according to the corrected image, the position correspondence between 
each pixel point on one image and the corresponding pixel point on the other image is obtained, and the 
disparity map is obtained; (4) depth calculation: according to the disparity map, the depth map is 
calculated. The mechanism of the binocular stereo-vision is shown in figure 2. 

 
Figure 2. Mechanism of the binocular stereo-vision camera [13]. 

For a binocular stereo vision camera, the stereo matching algorithm can be the most important. A 
traditional stereo matching algorithm can be divided into global constraint-based methods and local 
constraint-based methods. The Traditional stereo matching algorithm has four steps: matching cost 
calculation, cost aggregation, disparity calculation, and disparity optimization.  This paper will focus on 
the stereo matching algorithms based on the end-to-end neural networks. 
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Using a direct end-to-end model is the characteristic of early end-to-end stereo matching algorithms. 
The model takes the raw images from two cameras as input, and output the disparity maps directly. 
These models ran faster because they did not require an exact feature matching module. However, these 
models require a large dataset. It is extremely expensive and cumbersome to acquire such a dataset and 
calibrate the dataset with accurate depth measurements. Recent end-to-end matching algorithms use 
different modules to implement different steps of traditional stereo matching algorithms. These models 
are end-to-end models while reducing the requirements for the dataset [14]. 

Numerous end-to-end deep learning models can be classified into 2D convolution-based networks 
and 3D convolution-based networks. A reliable method to evaluate the performance of these models is 
to compare their performance in the KITTI 2015 dataset [15], with the evaluation metrics D1-bg, D1-
fg, D1-all, and runtime given in the KITTI leaderboard. In this paper, distinctive models are selected, 
whose corresponding papers have been published [16]. The performance of each model is shown in 
Table 1.  

Table 1. Comparison of different models. 

Model Type D1-bg D1-fg D1-all Runtime 
HD3-Stereo 2D 1.70 3.63 2.02 0.14 

DispNet-CSS 2D 1.92 3.32 2.16 0.25 
DispNet-C 2D 4.32 4.41 4.34 0.06 

CSPN 3D 1.51 2.88 1.74 1.0 
GWC-Net 3D 1.74 3.93 2.11 0.32 

HSM 3D 1.80 3.85 2.14 0.14 
StereoNet 3D 4.30 7.45 4.83 0.02 

DispNet-C and StereoNet models run extremely fast and are suitable for applications requiring high 
real-time performance, but at the cost of their low D1-all scores; CSPN model is one of the most accurate 
models among all published models; HD3 and HSM models achieve a good balance of D1-all scores and 
running time, with good overall performance. 

Some of the challenges faced by binocular vision cameras include (1) difficulty in camera parameter 
calibration in outdoor settings [14]；(2) binocular stereo-vision cameras are essentially RGB cameras, 
which are very sensitive to ambient lighting and perform poorly in bright and low light environments; 
(3) large data processing operations and high latency, especially for stereo matching algorithms based 
on end-to-end deep learning; (4) poor spatial resolution and depth resolution; (5) poor recognition of 
objects lacking texture because of the difficulties of obtaining image features for matching; (6) The 
measurement accuracy is related to baseline length between two cameras. The accuracy is proportional 
to the baseline length and inversely proportional to the measurement distance. Yang et al proposed a 
hierarchical technique to generate on-demand disparity maps by setting an upper resolution limit on the 
intermediate results [17]. This method achieves a balance between high spatial resolution and high depth 
resolution with low latency when generating disparity maps for high-resolution image inputs 

2.2.2.  TOF camera. Time-of-flight (TOF) method acquires depth information by continuously sending 
light pulses from an infrared emitter to a target object. The light reflected from the target object is 
focused by an optical lens and imaged on the sensor. Then the distance of the target object is derived 
according to the round-trip time of the light. Compared with binocular stereo vision cameras that use 
passive light detection, TOF uses active light detection; compared with 3D laser sensors that scan point 
by point, TOF can get depth information of the whole image at the same time. The mechanism of TOF 
method is shown in figure 3. 
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Figure 3. TOF Schematic diagram [18]. 

Time-of-flight methods can be direct(dTOF) or indirect(iTOF). dTOF measures the round-trip time 
of the light pulses, which are directly emitted to the target. iTOF emits a continuous modulated wave to 
the target and calculates the phase difference between emitted and received light. Then the distance to 
the object is derived according to the phase difference. 

The measurement principle of dTOF is much simpler, but its physical hardware requirements are 
extremely high. On one hand, high temporal measurement accuracy is required because of the extremely 
short round-trip time of the light pulse. Although this makes it more difficult for using dTOF in close-
range measurements (because the short optical pulse round-trip time severely affects the measurement 
accuracy), dTOF performs well for long-range measurements because its accuracy does not degrade as 
the measurement distance increases. This feature reflects the advantages of dTOF applications in 
autonomous driving. On the other hand, dTOF requires high-frequency and high-intensity pulses to be 
generated at the transmitter, which requires the use of a single-electron avalanche diode (SPAD) as an 
optical pulse detector [19]. Although the high manufacturing difficulty of SPAD leads to fewer mature 
commercial dTOF cameras, the irradiance power of light pulses is much higher than that of ambient 
light, thus improving the immunity of dTOF to ambient light and enabling dTOF to be used outdoors. 
In the field of autonomous driving, Niskanen et al tried to use a 2D TOF profiler to generate 3D point 
cloud maps for vehicles and achieved high accuracy [20]. However, this method has a low frame rate 
and can only be used for vehicles traveling at low speeds. This method is also susceptible to weather 
conditions. 

The emitter of iTOF is usually an LED or light-emitting diode [19]. Compared with dTOF, iTOF is 
susceptible to the interference of infrared light in ambient light and thus is basically used in indoor 
scenes. A relatively mature commercial iTOF camera is the Kinect camera, and Michal et al tested the 
performance of Microsoft’s Azure Kinect camera released in 2019 and concluded that this kind of 
camera is almost impossible to use outdoors [21]. This shows that iTOF performs poorly outdoors. The 
main reasons for this are the high ambient light brightness that causes iTOF pixels to saturate and the 
noise in the ambient light that affects the performance of the iTOF camera. To solve this problem, the 
following methods can be adapted: increase the peak power of the emitter to reduce integration time; 
use a global shutter to prevent the effect of ambient light during array readout; divide the field of view 
into multiple integration regions and then integrate region by region to shorten the integration time [22]. 
Miller et al provided a method for tuning and calibrating the iTOF camera by adjusting the integration 
time, modulation frequency, and offset parameters for the Sentis 3D-M420 ToF camera [23]. 
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A problem faced by both dTOF and iTOF cameras is multipath mitigation: the light pulses or 
continuously modulated waves received by the photodetector come not only from the reflection of the 
target object (direct path), but also from the reflection of other objects (indirect path). For dTOF, the 
photodetector first receives the signal from the direct path, and the challenge is to distinguish the signal 
of the direct path from the signal of the indirect path that arrives after a short time interval; for iTOF, 
the modulated waves from the direct and indirect paths are superimposed, affecting the judgment of the 
true phase difference. Cyrus et al compiled several feasible solutions for the multipath mitigation 
problem [22]. 

Finally, Table 2 summarizes and compares the features of dTOF and iTOF. 
Table 2. Comparison of dTOF and iTOF. 

Metric dTOF iTOF 
Imaging Principle Measure time difference Judge phase difference 

Dynamic range Good poor 
Imaging Accuracy not decrease with increasing distance decrease with increasing distance 

Resolution Low High 
Anti-interference Strong Weak 

Imaging frame rate High Low 
Application Outdoor Indoor 

2.2.3.  Structured light camera. Structured light 3D imaging technology can be seen as an improved 
form of stereo vision method. The difference is that: binocular stereo vision cameras perform passive 
detection through two RGB cameras, which are strongly influenced by ambient light; while structured 
light cameras are active detection, using near-infrared lasers to project images with certain structural 
features onto the surface of the target object. Then the images are distorted by the stereoscopic shape of 
the object and returned. According to the parameters and positions of the laser and the camera, the 
computational unit converts the structural changes of the returned image into depth information. The 
mechanism of the structured light camera is shown in figure 4. 

 
Figure 4. Structured light camera schematic [24]. 
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The core of structured light cameras is encoding structured light. Depending on the nature of the 
projected structured light, structured light 3D imaging technology can be divided into point, line, and 
surface structured light method. In the point structured light method, the laser projects a point laser beam, 
which can be specifically divided into single-point and multi-point (projecting laser dot matrix). The 
point structured light method scans the target object point by point and obtains a high-density point 
cloud with the highest accuracy. But at the same time, the efficiency is very low and the real-time 
performance is also poor. Therefore, the point structured light method is not suitable for automatic 
driving situations. The line structured light consists of single line structure (projecting stripe light spot) 
and multi-line structure (projecting multiple stripe light spots). Line structured light method only 
requires one-dimensional scanning compared to the point structured light method, thus slightly 
improving efficiency but still does not meet the needs of autonomous driving. For multi-visual line 
structured light cameras, Ge et al proposed a global calibration method using an auxiliary camera, which 
improves the efficiency of line structured light cameras to some extent [25]. 

A more common method is using surface structured light, which projects the encoded image onto the 
surface of the target object and simultaneously captures the encoded image through the camera. Two 
encoding methods are spatial encoding and temporal encoding. Spatial encoding will only project one 
image onto the surface of the target object, and the local encoding of this image should be unique from 
the global encoding. The spatial encoding can be point, line, or cross-line [26]. Figure 5 shows some 
examples of the spatial encoding method. Although spatial encoding is less accurate and more difficult 
to decode, it is better in real-time and suitable for applications in dynamic measurements such as 
autonomous driving. Because the full depth information can be obtained by only one projection and the 
computational effort is small. Temporal coding is to project a series of simple coded images in time 
sequence. The coding is realized by the change of bright and dark pixels over time. Time encoding 
includes binary encoding, gray code, phase shift code, etc. Time encoding is characterized by high 
accuracy, simple decoding, and strong anti-interference ability. But it requires multiple projections for 
one encoding, so the real-time performance is poor and only suitable for static measurement. 

 
(a) (b) (c) 

Figure 5. These are the examples of the spatial encoding method. (a) is point spatial encoding [27]. 
(b) is line spatial encoding [28]. (c) is cross-line spatial encoding [29]. 

Since convolutional neural networks (CNNs) prove to be an excellent way of extracting features of 
images, many scholars have attempted to decode images from structured light cameras by using CNN. 
Sam et al and Feng et al both designed a CNN for analyzing single fringe pattern input and outputting 
3D height maps, achieving high accuracy [30,31]. Analyzing road conditions is needed for autonomous 
driving systems: Jia et al. [32] proposed a depth measurement convolutional neural network (DMCNN) 
based on structured light cameras. DMCNN first extracts the multiscale fusion features of images and 
then classifies and regresses them by parallel branches. After that, the network uses the four-step phase 
shift algorithm to successfully construct a high-precision ground height map. As the autonomous driving 
system needs to face complex road conditions, the perception system needs to be robust and highly 
resistant to interference. Wang et al designed an end-to-end deep neural network based on U-net for 
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extracting image features of shape-coded structured light [33]. Their network has high robustness, high 
detection accuracy, and high coding density for structured light images. 

2.2.4.  Horizontal comparison. Table 3 compares the three 3D imaging methods according to several 
metrics. 

Table 3. Comparison of 3D imaging methods. 

Metric Binocular stereo-vision TOF Structured light 
Imaging Method Passive Active Active 

Imaging Accuracy Millimeter at close range Up to centimeter 0.01-1mm at close range 
Resolution Very high Very low Medium 

Imaging frame rate High and low High(100+fps) Low(30fps) 
Measurement range Very close Far Close 

Response time Medium Fast Slow 
Power consumption Low High Medium 

Software Complexity Complex Simple Medium 
Dark light recognition Weak Strong Strong 

3.  Conclusion 
In the field of autonomous driving, visual-based perception systems have become a hot research topic 
in recent years. Thanks to the great progress in image processing technology represented by CNNs, 
visual-based perception systems now successfully serve as an alternative to the traditional LiDAR-based 
perception systems. This paper provides an overview of the current promising and mature visual-based 
perception technologies from the perspectives of acquiring 2D image data and acquiring depth 
information. This paper also analyzes how these technologies use neural networks to improve their 
performance, and reviews the recent performance of visual-based perception technologies for 
autonomous driving applications. 

In acquiring 2D images, event cameras show many advantages that RGB cameras do not have. 
Although the algorithms for processing event camera data streams are not mature, a growing number of 
studies in this field have provided many feasible solutions for this problem. Meanwhile, algorithms for 
acquiring depth information using event cameras have also made progress in recent years. 

In terms of acquiring depth information, commercial TOF cameras represented by Kinect2 and 
commercial structured light cameras represented by RealSense have shown excellent performance. 
Meanwhile, the improvement in stereo matching algorithms with the help of neural networks also results 
in better performance of binocular stereo vision cameras. All three of these depth camera technologies 
have great potential in the future to assist autonomous driving systems to build 3D scene maps more 
accurately and efficiently 
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