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Abstract 
Detection of pedestrian is a major problem in the computer vision, with several 
applications that have the potential to positively impact life quality. However, there are 
lots of potential problems exciting mainly the in the terms of the performance and the 
speed of it. Self-driving cars can cause accidents if they fail to detect pedestrians in time. 
This requires the use of models with both accurate judgment ability and fast recognition 
speed. Unfortunately, the original YOLOv3 is not effective in the image with small 
pedestrian targets, and cannot accurately detect the number of pedestrians in the image. 
We improve it so that the new model can be more accurate and faster in such cases. On 
the basis of the original model of YOLOv3, we use GIoU as the new loss function, and 
modified the yolo1 layer using the most abstract image, and obtained yolo_2Layers, so 
that the image used in the final target detection and recognition can reduce the 
interference of overly abstract images on the recognition of small targets. On this basis, 
yolo2 layer is further removed to obtain yolo_1layer, which reduces the computing 
resources occupied by Yolo2 layer. In KITTI's pedestrian data set, the accuracy of the two 
models is higher than that of YOLOv3 model, both of which are more than 80%, and have 
a faster recognition speed. 
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1. Introduction 

Autonomous driving [1]-the vehicle which operating without human involvement, human is not 
required to take any control of the vehicle at any time. The concept of an autonomous car dates back 
to Futurama, an exhibit at 1939 New York World's Fair. General Motors created the view of the world 
after 20 years and mentioned the idea of autonomous car. People believed the autonomous driving 
will bring few benefits to our life particularly on the safety of the road. The number of accidents 
caused by impaired driving is likely to drop significantly, as cars can’t get drunk or high like human 
drivers can. Self-driving cars also don’t get drowsy, and they don’t have to worry about being 
distracted by text messages or by passengers in the vehicle. And a computer isn’t likely to get into an 
accident due to road rage. A 2015 National Highway Traffic Safety Administration report found that 
94 percent of traffic accidents happen because of human error: By taking humans out of the equation, 
self-driving vehicles are expected to make the roads much safer for all. In our daily life, more and 
more cars contain the element of the autonomous driving for example assisted parking and braking 
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systems. At present, many of the vehicle already be considered that the semi-autonomous due to the 
safety problems. Due to that reason, the major target of the autonomous driving today is making 
driving the car become more safer and simpler in the coming few decades. 

Nowadays, the pedestrian detection is fundamental to the autonomous driving. The pedestrian 
detection is fast becoming a key instrument in computer vision based on object detection [2]. The 
goal of object detection is detecting all the objects and class the objects [3]. In recent years, more and 
more deep learning techniques are applied in the pedestrian detection [2]. By using that, it allowed 
pedestrian detection become more accurate and has better performance. As the development of the 
network which give out the opportunities for the developments for the methods of the object detection 
[4-6]. 

In our program, we used the simplified version of the YOLOv3, which is based on YOLO. 

YOLO (You Only Look Once), it is an approach of the object detection. 

The processing images with YOLO is simple and straightforward. The system resizes the input image 
to 448 × 448, then it runs a single convolutional network on the image, and thresholds the resulting 
detection by the model’s confidence[7-8]. 

The importance of the pedestrian detection is it can enhance the functionality of a pedestrian 
protection system in Self Driving Cars. We can extract features like head, two arms, two legs, etc, 
from an image of a human body and pass them to train a machine learning model. 

There are four main existing challenges of the pedestrian detection they are: 

Different possible articulations 

The presence of occluding accessories 

Frequent occlusion between pedestrians 

Various style of clothing in appearance 

Since 2005, pedestrian detection has entered a stage of development, but there are still many problems 
to be solved, mainly in terms of the performance of detection and speed of it. 

All in all, we try to solving the problems by simplified the YOLOv3 method by delete some of the 
convolution layers which allow the detection method become more accurate and faster. 

2. Related Works 

2.1 Pedestrian detection related work 

As a classical subject in computer vision, pedestrian detection has been studied a lot, but it has not 
been solved completely. In 2012, Piotr Dollar et al. [9] evaluated the pedestrian detection algorithms 
at that time and pointed out that although the algorithm performance had been improved, there was 
still a lot of room for improvement. In recent years, the development of deep neural network has 
further optimized the pedestrian detection algorithm. 

In 2020, a variety of views on different optimization directions of pedestrian detection algorithms 
were put forward: Hasan et al.[10] pointed out that in order to improve the robustness of the model, 
the importance of cross-dataset evaluation should be emphasized in the future. Luo et al.[11] 
disassembled the pedestrian detection problem into three sub-problems: Where, What and Whether, 
and improved the model in the direction of Occlusion and scale variation. Through performance 
optimization of pedestrian detection algorithm, Luis et al.[12] proposed a model that can achieve high 
performance on low-power GPU. 2021; In 2021, Nataprawira et al.[13] proposed an algorithm 
combining various images for training, which greatly improved the accuracy of the model and 
reduced the processing time. 

2.2 YOLOv3 related work 

YOLOv3 adopts the prediction method of YOLO9000 bounding box and determines anchor box by 
size clustering, which has better effect on target detection and identification than YOLO and 
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YOLO9000. The practical effect of this algorithm is also proved by comparing with other real-time 
target detection and recognition algorithms. Najafi et al.[14] pointed out that YOLOv3 was superior 
to HOG, SSD and YOLO-Tiny in performance. Benjdira et al.[15] obtained through experiments that 
YOLOv3 is more sensitive to targets and has a Faster processing speed than Faster-RCNN. 

Due to the excellent performance of YOLOv3, there are many researches on the optimization of this 
algorithm. First of all, aiming at the problem of better initialization of bounding box, Choi et al.[16] 
proposed the modeling of YOLOv3 bounding box using Gaussian parameters in 2019. Moreover, A 
method for predicting the localization uncertainty is introduced, which is better than YOLOv3 in 
accuracy. In 2020, Zhao et al.[17] proposed a new initialization method of predicted bounding boxes. 
According to the ground-truth box, a random group of width and height are used as the initial cluster 
and Markov chains are constructed. The distance between the selected cluster and each candidate 
point is calculated by IoU instead of k-means algorithm to initialize the prediction boundary box. In 
the same year, Cao et al.[18] proposed to modify the grid cell size, using optimized K-means 
algorithm and improved multi-scale bounding box for prediction, and soft-NMS algorithm for 
bounding box. 

Secondly, for the feature extraction part of YOLOv3, Huang et al.[19] introduced pyramid module to 
optimize the feature extraction part, using DIoU as the loss function and using batch standardization 
training. Mao et al.[20] reduced the number of parameters and adopted a multi-scale feature pyramid 
network based on a simple U-shaped structure. The obtained model has similar accuracy to TOLOv3, 
but the detection time is half that of YOLOv3. Yang[21] added Global Context blocks between feature 
extraction and feature pyramid, and added weights to feature maps of different depths used in the 
fusion process. 

In addition, in terms of data content, Luo et al.[22] used pictures of different scales in a complex 
environment for training, which improved the generalization and accuracy of the model. 

Moreover, Zhao et al.[23] proposed a method with lower energy consumption, which can be run on 
non-graphic Process unit devices and mobile devices. 

3. Method 

3.1 Backbone Network 

The YOLOv3 network model is divided into two parts: feature extraction and target detection and 
classification. Among them, darknet-53 is used for feature extraction, and BN and shortcut structure 
are introduced. This network structure can better extract the features of the target in the image, and 
its accuracy is comparable to that of Darknet-152, which can also guarantee the fast speed. Later, in 
the use of part of the feature vector for target detection and recognition, draw lessons from the 
characteristics of the pyramid structure, will have more deep characteristics of semantic information 
and a lot more space after the sampling information of shallow characteristic images together, 
according to the preset detection object size is different, build the characteristics of the three ideas 
generated according to the characteristics of the pyramid, As input to the later yolo layer. In the 
selection boundary box, the anchor method in Faster RCNN has been introduced in the previous 
YOLO9000 version, while in YOLOv3, the original 5 anchors have been increased to 9, and an 
Anchor box combined with three sizes and three aspect ratios has been established for prediction. 
Logistic regression is used in bounding box prediction. The network model structure of Yolov3 is 
shown as in Figure 1: 
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Figure 1. The structure of YOLOv3 

On the basis of the loss function used by YOLOv2 model, cross entropy is used to calculate the 
classified loss. The formula of the loss function is expressed as in Equation (1): 
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where S is the number of grids, and B is the number of Anchor boxes generated by each grid, obj
ijI  

indicates whether the thj  anchor box of the thi  grid is responsible for this object, noobj
ijI  indicates 

whether the thj  anchor box of the thi  grid is not responsible for this object, C is the parameter of 
confidence. 

Yolov3 network, however, there are still problems in the applied to pedestrian detection, when the 
pedestrian is blocked by objects or the size of the pedestrian is small, Yolov3 difficult to accurately 
identify, it will lead to if we use the network framework for automated driving will lead to the car 
can't detect the distance the far target of on-board camera or by other objects blocking pedestrian 
targets, It could lead to some pedestrian accidents. Therefore, in this study, we carried out some 
optimization processing on the basis of YOLOv3 network for images with small pedestrian targets, 
so that the network we constructed can be more sensitive to small pedestrian targets in the images 
and have faster target detection and classification speed. 
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3.2 Improvement 

By analyzing the structure of YOLOv3, we notice the influence of three YOLO layers on the accuracy 
of neural networks. The reason why YOLOv3 model does not have a high recognition effect on the 
data set with smaller targets is that the image of the deepest layer is used in the yolo1 layer. Although 
the image of this layer contains more semantic information, However, less spatial information is 
saved, which is not conducive to the detection of the target occupying less space in the image, and 
also occupies part of the computing resources, increasing the time needed for network detection and 
recognition of the target. Therefore, we reduce the yolo1 layer to make the trained network have better 
performance on small target data sets. 

3.2.1 YOLOv3_2layers 

First, we remove the yolo1 layer of YOLOv3. The up-sampling feature map used by this layer is 
generated at the deep layer in the DarkNet-53 and has less spatial information, so it is used to detect 
larger objects in the image.  

Because the part used to calculate yolo1 is removed, the number of network parameters is also 
reduced, and the recognition accuracy and target detection speed of this model are improved 
compared with that of YOLOv3. 

3.2.2 YOLOv3_1layer 

On the basis of the previous model, we further removed the second Yolo layer in the original Yolov3 
model and only adopted Yolo3. Since yolo2 layer contains information that can be used to judge 
small targets, the overall accuracy of the model will decrease after this layer is removed. However, 
the removal of some parameters will further reduce the computing resources occupied by the model, 
resulting in faster processing speed.  

3.3 Loss Function  

The loss function previously used by YOLOv3 only calculates the distance between the parameters 
of the predicted boundary box and those of ground-truth, but this loss function cannot guarantee that 
the neural network can get the predicted boundary box with relatively large IoU value that we want 
through training and learning. However, direct use of IoU loss function will not accurately reflect the 
degree of overlap, and if the boundary boxes do not intersect, then IoU=0 cannot reflect the degree 
of similarity, and there is no gradient in the loss function. Therefore, we use GIoU algorithm as our 
loss function. The formula of the loss function is expressed as in Equation (2) and (3): 

C

BAC
IoUGIoU

)(\ 
                             (2) 

GIoULossGIoU 1                               (3) 

where A and B are prediction boundary boxes and ground truth boundary boxes respectively, and C 
is the minimum rectangular box that can contain A and B.  

4. Experimental Results 

This section is divided into four subsections. Firstly, the dataset used is described. Secondly, the 
experiment implementation is explained. Finally, the results of the experiment are shown and 
analyzed. 

4.1 Description of Dataset 

To pre-train the module, the KITTI dataset, which is commonly used in autonomous driving data, 
were used in this paper. We select 5000 images from the original 14962 images for training and 1000 
images from the original 7518 images for testing. The dataset contains both positive images (with 
pedestrians) and negative images (without pedestrians). To simulate the real situation, images with 
other disturbance items such as bikes, vehicles, trees are also included. Note that only images with 
small target to detect were chosen to test the performance on detect small targets. 
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4.2 Description of experiment setup 

This experiment uses two RTX 2080Ti graphic cards, which can perfectly meet the performance 
requirements of the experiment, as hardware. Because YOLO uses Python. To manage the 
environment, we use conda as a software to build and manage python environment. In training process, 
we set the learning rate to 0.001, which has been proved to be suitable for this experiment. The 
iterations parameter is set to 100 to train the model sufficiently. 

4.3 Results and analysis 

4.3.1 Training process 

  

  
Figure 2: During the 100 training iterations, when training three yolo models, the four detecting 

precision criterions vary according to the training iteration times. 

Figure 4 show the training consequence of the training process. The meaning of four parameters will 
be explained in test process part. As all four charts have an distinct growth tendency, it is trustworthy 
that this training program performances well in training models. 

As shown in the chart, it proves that YOLOv3 2 layers has a higher performance in all four criterions. 
This demonstrates that YOLOv3 2 layers model has a better performance even within the first dozen 
of iterations and is easier and faster to train than the other two models. And after about 80 iterations, 
all models have a slower growth tendency, which means that the training process is basically 
completed. Therefore, it can preliminarily show that the trained YOLOv3 2 layers model has a better 
performance than the other two models. 

4.3.2 Test process 

To compare the performance between all three models, we test it with a dataset of 1000 images. 
Furthermore, we have used six parameters to difference their performance: 
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Figure 3: Test result 

In figure 3, First four parameters are used to denote the similarity between the detected target and real 
target: 

 Precision =  

 Recall =  

 mAP@0.5 = 
| |

∑
( )

( ) ( )   

 F1 = 2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙) 

Where TP (True Positives) indicates the number of targets successfully detected by the algorithm. FP 
(False Positives) indicates the number of non-targets objects that are falsely detected as targets. FN 
(False Negative) indicates the number of targets that the algorithm did not recognize them as targets. 

As the chart shown, YOLOv3 2 layers model has the best performance between these three trained 
models, and YOLOv3 1 class model has the worst performance. This result demonstrates that 
YOLOv3 2 layers improved the precision. 

Table 1: Last two parameters are used to denote the processing speed: 

 s/1000 pictures FPS 

YOLOv3 1class 12.2447 81.668 

YOLOv3_1layer 11.60517 86.16848 

YOLOv3_2layers 11.8517 84.37607 

As expected, YOLOv3_1layer model has the best performance of all in speed, YOLOv3_1class 
model has the best performance of all in speed. 

Here are four detect results of three models taken from 1000 test results: 
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Figure 4: As shown, overall, all results demonstrate that YOLOv3 model perform worse than the 
other two models. And YOLOv3 2layers model has the best detect performance. However, as (c) 

shown, even YOLOv3 2layers model has the best performance, there are still some missing targets, 
which means the precision still need to improve. 

5. Discussion 

Based on YOLOv3, YOLOv3_2layers model was obtained by deleting yolo1 layer. This model 
subtracts some redundant parameters and abstract information in pedestrian detection, improves the 
processing speed of the model, and can more accurately identify the number of pedestrians in the 
image. Then, in order to further accelerate the speed of the model, yolo2 layer was deleted to obtain 
a faster but less accurate YOLOv3_1layer model. 

The performance of both models is improved over that of YOLOv3 model. However, there are 
limitations to this model. In the future work, we will study how to process the YOLO layer so that 
the model can further reduce the parameters required for calculation and improve the accuracy of 
recognition. 
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