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Abstract: Processing of images obtained with cameras is important for monitoring and/or securing highways.

Early warning is important for highway safety in cases such as accident, traffic rule violation, automatic detec-
tion of people or animals entering the road. For this purpose, besides the detection of objects such as vehicles
and people, other moving targets or objects falling on the road, such as boards, etc., must be detected. For this,
besides object recognition, motion detection and object tracking are also needed. The purpose of motion detec-
tion is to classify pixels in an image as background and foreground. Within the scope of this study, deep lear-
ning-based machine learning method was used for the detection of vehicles and people entering the highway,
and classical image processing methods were preferred for the detection of any moving object other than these.
In this context, a software infrastructure has been developed in which different processes can work together and
share data with each other. The developed software was tested on the Nvidia Jetson development card, and algo-
rithm performance and speed tests were carried out on the selected GPU supported Nvidia Jetson card.

Keywords: Traffic surveillance, Highway security, Vehicle detection, Vehicle tracking

Introduction

Instant processing of images obtained with cameras is important for monitoring and/or securing highways. It is
important for highway safety to create an early warning in cases such as accident, rule violation, automatic de-
tection of a person or animal entering the road. For this purpose, besides the detection of objects such as vehic-
les and people, other moving creatures or objects such as boards falling on the road must be detected. For this,
besides object recognition, object tracking and motion detection are also needed. The purpose of motion detec-
tion is to classify pixels in an image as background and foreground. The classification to be made is complicated
according to the dynamic changes of the background such as the motion state of the camera, the ambient lig-
hting, the movement of the trees in the image that are not defined as motion in the wind, and the ripple in the
sea. The cameras from which the images are taken can be static or moving. In static cameras, the center of mo-
tion is fixed and the camera does not rotate. Therefore, it is easier to detect background fixed and moving ob-
jects. Moving cameras, on the other hand, are divided into cameras that move freely and rotate around a fixed
center. Moving cameras with a fixed camera center can perform rotations called pan, tilt and zoom. The most
well-known of these types of cameras are PTZ cameras. Drones/lUAVs are the best examples of free-motion
cameras. Considering that the cameras used in traffic monitoring will be PTZ cameras that can move at certain
intervals in a way that changes angle, camera movement should be detected at least to prevent false detections
when the camera moves.

When the object detection studies in the literature are examined, it is seen that the best results are obtained with
Convolutional Neural Networks (CNN) based methods. In these artificial neural network (ANN) based methods,
with the increase in the number of layers to be trained in the proposed architectures, deeper neural networks
have been designed and the name "deep learning” has been used. In this context, different architectures have
been proposed for the problem of detecting certain objects in an image, that is, finding the location of an object
in the image and the class it belongs to. Unlike object classification, this problem also includes finding the re-
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gion containing the object. The proposed architectures can be grouped under two main categories. In regional-
based CNN architectures proposed as the first type, a neural network first selects the regions that may belong to
an object, and then another neural network performs the classification process. R-CNN (Girshick et al., 2014).
Fast R-CNN (Girshick, 2015) and Faster R-CNN (Ren et al., 2015) are deep learning architectures for this cate-
gory. YOLO (Redmond et al., 2016) and SSD (Liu et al., 2016) architectures can be given as examples of the
second type. In this type of architecture, detection and classification processes are performed together, so it is
more advantageous in terms of speed. Within the scope of this study, it is considered to use one of the current
object detection architectures developed based on YOLOVS5 (https://github.com/ultralytics/yolov5), considering
speed and performance.

Studies on motion detection in the literature can basically be grouped under three categories; subtraction of
consecutive frames, background modeling and optical flow methods. Although the first and simplest method,
the subtraction of consecutive frames, can adapt to dynamic environments, its performance is extremely low,
especially in moving cameras and moving backgrounds. In background modeling based methods, a model is
constructed according to a certain number of previous frames, and pixels that differ from the background model
are classified as moving pixels. For background modeling, classical image processing based methods (Gianni et
al., 2016), statistical models ( Sriram et al., 2013; Kwang et al., 2018) and neural networks (Massimo & Mauri-
zio, 2017) have been used in studies in the literature. In optical flow-based methods, optical flow vectors obtai-
ned with deep learning architectures are used. There are studies on detecting moving pixels with the operations
applied on the estimated flow vectors for each pixel and adaptive threshold value approaches (Junjie et al.,
2018). FlowNet2 architecture is widely used in optical flow prediction (llg et al., 2017). Although good perfor-
mances can be achieved in deep learning-based optical flow calculation, it is not suitable for use in real-time
systems because it requires excessive processing power in high-resolution images. Therefore, considering the
computational cost-performance balance, statistical methods based on background modeling can be considered
as the most reasonable method in motion detection problem at present.

In this paper, we track the motion regions and detect object bounding boxes to determine some traffic rules
violation. The details of the object detection, motion detection and tracking algorithm used in our method are
given in Section 2.

Proposed Method

Object Detection

In this study, a training set was created from the images selected from the VisDrone (Zhu et al., 2021) dataset.
The images taken from very vertical angle and including occluded objects were not selected in our dataset.

Sample images from the data set are shown in Figure 2. The dataset, which is a subset of this Visdrone, was
used to train a convolutional neural network model to detect vehicles and pedestrians on highways.

\ 7 L5 - i
Figure 1. Sample images from VisDrone dataset
While selecting the deep learning model, the model inference speed and accuracy criteria were taken as a basis,
and | have decided to use the YOLOVS5 architecture. Firstly, | have coded a conversion script to use the object

labels of the VisDrone dataset in YOLOV5 model training. The loss function (loss) and mAP (mean Average
Precision) metric values obtained during the training process are shown in Figure 2.
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Figure 2. Training graphics
Motion Detection

Motion detection algorithm is implemented using C++ and CUDA. Background modeling-based method was
widely used to solve motion pixels in the literature (Kim et al., 2013; Yu et al., 2019). In this work, we have
developed motion detection algorithm based on BSDOF (Delibasoglu., 2021) method. In order to increase the
speed of the algorithm for a better performance over Nvidia Jetson card, some minor changes were made to the
BSDOF algorithm, and the background model was created on gray images instead of three band (RGB). While
calculating the Homography matrix to detect camera movement, the CUDA implementation of the Lucas Kana-
de[4] algorithm, which is implemented in OpenCV, was used. The images used for testing and the sample mo-
tion mask images obtained are shown in Figure 3.

Figure 3. Sample motion mask and detected motion regions

Tracking and Producing Alarms

In the last step, motion detection and object detection results are merged and tracking is applied to produce the
alarms. For this, firstly bounding boxes are obtained from the motion mask by extracting contours from binary
masks and applying a region growing to merge so close bounding boxes. We compare the motion boxes (Bn)
with the detection boxes (Bg), and eliminate the motion boxes intersected with the detection boxes. Thus, we
only use the motion boxes, which could not be detected by an object detector, in the tracking stage. We store the
tracked objects in a list, called Lyacker. In €ach frame, we compare the B and By with Lyacker and update tracked
object positions in the Lyacker- We control whether the intersection of union (I0OU) is greater than T, =0.5 to
match the boxes.

BmNBg ou (1)
BnmUBg
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There is set a hit counter and miss counter for each tracked object. The targets are deleted if they are missed
Tmiss times. Then, the movement of each object in the last n frames is calculated, and a distance threshold (T gist)
is used to decide whether a target is moving or not. Ty is dynamically assigned to be the maximum of the
width and height of the box. Thus, it is determined whether each target is moving or stationary. In the last step
of the tracking, we check some specific situations to produce the following alarms:

e If atarget classified as a vehicle is stopping for a long time, the system produces an alarm for “Stop-
ping car”.

e If atarget classified as motion (B, detections) is moving for a while, the system produces an alarm for
“Moving target”.

e If a target is moving in the opposite direction of the traffic flow (for example: going backwards or
trying to turn), the system produces an alarm for “traffic rule violation”.

The software developed in this study generates these three alarms. The overview framework of proposed met-
hod is shown in Figure 4. However, we would like to emphasize that the task of finding the traffic flow direc-
tion, which is extremely important for the final alarm, is not done within the algorithm.

Tracking

Input frames :
i —— | | Compare bboxes
: i And tracking

i——  Alarms

Mation detection r

Mation Share motion : Motion mask
detection = mask ! : to bboxes
i conversion

..................................................

Figure 4. General framework of the proposed method.

Results and Discussion

In this study, a software has been developed to detect traffic rule violations. The developed software has been
tested on a PC with an Nvidia graphic card RTX 2070, and an Nvidia Jetson NX development card. The object
detection process is implemented with Python, while the motion detection and tracking parts are implemented in
C++. The algorithm mostly uses the GPU to speed up the process for better performance, especially on the Jet-
son development board. The working speed of each step in the algorithm is given in Table 1.

Table 1. The speed of the modules used in the proposed method

Algorithm steps Nvidia Jetson NX Nvidia RTX 2070
development board (FPS) (FPS)

Motion detection ~14 ~70

Obiject detection ~14 ~80

Tracking ~50 ~166

The “motion detection” and “object detection” algorithms/methods run in different processes in the implemented
software architecture. Thus, the total speed of the proposed method is increased. The motion and object detec-
tion results are merged in the “Tracking” process, in the last step. Figure 5. shows the sample outputs for the
three different alarms. The left columns show the produced alarms with the red bounding box, while the right
column represents the object detection and motion detection outputs. The green bounding boxes represent the
object detector result (with the object name) and the blue rectangles represent the boxes extracted from the mo-
tion mask. In the first row of the figure, two vehicles that are stationary for a while are detected. In the second
row, the vehicle moving the opposite of the traffic flow is detected and the alarm is produced. While the camera
is zooming in the second image, the blue boxes are also found as a motion region. These are eliminated with the
help of the tracking algorithm, so that false alarms are not produced. In the last image, a vehicle trying to stop
and turn back is detected.
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Conclusion

This article proposes a motion detection method that can work with a reasonable speed for high-dimensional
videos in a Jetson NX edge device. The motion detection and object detection results are merged with a tracking
approach to produce the alarms for traffic rule violation. Although the proposed tracking method is simple, it is
sufficient to follow vehicles on not very busy roads. The motion detection algorithm, on the other hand, is very
suitable for detecting any moving target (such as an animal) that cannot be detected by object recognition.

In future work, the tracking method could be improved to distinguish vehicles that are very close to each other
to prevent the ID changes. Thus, the method could run in more heavy traffic. However, it is also important that

deep learning-based ID assigning methods may run so slow for many targets and it results a lower FPS specially
for edge device.
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