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Abstract: Unmanned aerial vehicles (UAVs) can be used to monitor traffic in a variety of settings, including security, traffic surveillance, and traffic control. Numerous academics have been drawn to this topic because of the challenges and the large variety of applications. This paper proposes a new and efficient vehicle detection and tracking system that is based on road extraction and identifying objects on it. It is inspired by existing detection systems that comprise stationary data collectors such as induction loops and stationary cameras that have a limited field of view and are not mobile. The goal of this study is to develop a method that first extracts the region of interest (ROI), then finds and tracks the items of interest. The suggested system is divided into six stages. The photos from the obtained dataset are appropriately georeferenced to their actual locations in the first phase, after which they are all co-registered. The ROI, or road and its objects, are retrieved using the GrabCut method in the second phase. The third phase entails data preparation. The segmented images’ noise is eliminated using Gaussian blur, after which the images are changed to grayscale and forwarded to the following stage for additional morphological procedures. The YOLOv3 algorithm is used in the fourth step to find any automobiles in the photos. Following that, the Kalman filter and centroid tracking are used to perform the tracking of the detected cars. The Lucas-Kanade method is then used to perform the trajectory analysis on the vehicles. The suggested model is put to the test and assessed using the Vehicle Aerial Imaging from Drone (VAID) dataset. For detection and tracking, the model was able to attain accuracy levels of 96.7% and 91.6%, respectively.
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1  Introduction

With each passing day, the use of Unmanned Aerial Vehicles (UAVs) for traffic monitoring is growing in popularity. It entails finding and following the things of interest, such as vehicles. These traffic monitoring systems are frequently used for security, traffic management, oil spill management, vehicle accident management, and the determination of traffic flow metrics [1]. In order to detect and track cars and analyze their trajectories, this paper employs road traffic to evaluate the suggested model [2]. The exponential growth of vehicle traffic necessitates the installation of an efficient and autonomous traffic monitoring system. The people would benefit greatly from the detection and tracking of the vehicles since it would improve traffic flow management [3] and make it easier to spot accidents and traffic jams.

Despite the numerous applications and intensive study in this area, there is still much space for development. The current methods are imperfectly accurate and perform poorly in actual use [4,5]. The numerous obstacles existing in this field are one of the primary causes. These difficulties include occlusion, scale variety, an abundance of objects, and shifting lighting. Another major issue is the lack of publicly accessible, large-scale datasets that address all of the aforementioned difficulties, preventing the development of a reliable system for dealing with difficulties in the actual world. We have developed a successful system for vehicle detection and tracking in UAV imagery, taking into consideration all the difficulties.

There are six basic steps in the suggested model. Georeferencing and coregistration of the photos make up the first phase. The images are subsequently coregistered using an affine transformation. The Region of Interest (ROI), which is the road and its items, is retrieved using the GrabCut method in the second phase [6]. Through the use of Gaussian Blur [7], the noise is reduced, the image is made grayscale [8], and it is then sent for morphological processing [9]. Utilizing the You Only Look Once (YOLO) algorithm, automobiles are found in the fourth step [10]. The tracking of discovered automobiles is done in the fifth stage. The Kalman filter and centroid tracking are used to accomplish this [11,12]. Finally, the Lucas-Kanade algorithm is used to calculate the trajectory of the vehicles [13].

The remainder of this study is recommended to be read as follows: A portion of the related research is covered in Section 2. The proposed approach and its many phases are thoroughly explained in Section 3. After that, part 4 evaluates the suggested model. The experimental conditions, dataset, and findings are all discussed. The section on this model’s shortcomings and potential future research directions that could enhance the current model are covered in Section 5. The research is concluded in Section 6 of the text.

2  Literature Review

The YOLO technique, a cutting-edge technology, has been used to detect automobiles in this article, and Kalman filtering and centroid tracking have been suggested as methods for tracking them. In the past, numerous studies in the fields of image processing and computer vision have been done to detect and track automobiles using a variety of algorithms and techniques. Below is a thorough review of these studies:

2.1 Vehicle Detection

Currently, there are two main approaches to vision-based vehicle object recognition: basic machine vision techniques, and sophisticated deep learning techniques. Traditional machine vision has the benefit of greatly reducing human error and flaw detection, and it can even find the location of a specific object. However, conventional machine vision is less successful in scenarios with changing lighting and is not very good at handling color variations. These methods use a vehicle’s motion to set it apart from a background image that is static. Three subcategories of this strategy can be identified [14]: backdrop removal [15], continuous video frame difference [16], and optical flow [17]. The video frame difference method uses the pixel values of two or three subsequent video frames to calculate the variance. Additionally, the moving foreground zone is divided by the threshold. Using this technique and noise suppression, the vehicle’s pausing can also be detected [18]. Background information is utilized to create the background model after the video’s backdrop image has been fixed. Then, moving objects may be segmented after each image frame is compared to the backdrop model. The motion region in a video may be found using the optical flow method. Each pixel’s motion direction and velocity are represented by the optical flow field that was created. It is common practice to use techniques like the Scale Invariant Feature Transform (SIFT) and Speeded Up Robust Features (SURF) procedures for vehicle recognition based on vehicle characteristics. For instance, the classification and identification of vehicles have been done using 3D models [19]. Cars, Sports Utility Vehicles (SUVs), and minibusses can be identified from one another using the correlation curves of 3D ridges on the exterior of the vehicle [20].

Deep convolutional networks (CNNs) have produced impressive outcomes in the detection of vehicle objects. CNNs can handle a wide range of related tasks, such as classification and bounding box regression, and have a significant ability for learning picture features [21]. The detecting techniques can generally be divided into two categories. The two-stage method creates a candidate box for the object using a variety of techniques; a convolutional neural network then classifies it. The one-stage method converts the object bounding box placement problem directly into a regression problem for processing instead of creating a candidate box. The two-stage method used by Region-CNN (R-CNN) [22] makes use of picture-selective region search [23].

A convolutional network requires a set input picture size, a long training period, and a large amount of storage space due to its deeper structure. Spatial Pyramid Pooling (SPP NET) [24] enables the network to accept images of various sizes and produce fixed outputs by utilizing the idea of spatial pyramid matching. Differently, the approaches for feature extraction, feature selection, and classification of convolutional networks have been improved by Region-based Fully Convolutional Network (R-FCN), Feature Pyramid Network (FPN), and Mask Region-based Convolutional Neural Network (RCNN). The Single Shot Multibox Detector (SSD) [25] and You Only Look Once (YOLO) [26] frameworks are the most well-known one-stage methods.

2.2 Vehicle Tracking and Trajectory Analysis

Object tracking has been the subject of extensive research during the past ten years [27,28]. Recently developed ConvNet-based methods frequently use trained object recognition networks. From the very first frame of a movie, certain general object trackers are trained online [29]. A typical tracker will sample background patches that are farther away and foreground patches that are closer to the target item. The classifier that can differentiate between the foreground and background is then trained using these patches. However, present methods of online training are unable to fully utilize enormous amounts of video data. When testing neural networks, Wang et al. [30] proposed a regression-based method that tracks novel objects at 100 frames per second. There are other Siamese networks used, including tracking by object verification [31], tracking by correlation [32], and tracking by detection [33]. Redmon et al. [34] method of explicitly learning a Markov Decision Process (MDP) for state transition and modeling a track-let as several states improve tracking. Only 2D location is used to assess whether a track let is obscured because there isn’t any 3D information.

3  Material and Methods

There are six distinct steps in the suggested system. First, the gathered dataset’s photos are precisely overlaid into their real-world locations, given the proper coordinate systems, and given the required geometric transformations. Feature extraction is done in the subsequent stage. In this, the region of interest is extracted (ROI). The segmented images are sent for preprocessing in the third stage. The photos are cleaned of noise and converted to grayscale before being sent on for additional morphological procedures. The fourth stage is where the article’s most important task, vehicle detection, is completed. The tracking of the cars found in the fourth phase is the focus of the fifth. The examination of the traffic’s trajectory is the subject of the last step. Fig. 1 depicts a comprehensive overview of the suggested system design.
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Figure 1: A complete overview of the proposed system architecture

3.1 Georeferencing and Coregistration

The obtained photos are given an appropriate coordinate system and georeferenced to their actual locations. The images are then coregistered using geometric transformations to correct for geometric distortions brought on by unfavorable camera angles. These techniques are covered in more detail in the ensuing subsections.

3.1.1 Georeferencing

Typically, drone data is collected without any geographic information. As a result, it is essential to give the data spatial context. QGIS, an open-source program, is used to carry out this task [35]. By superimposing the photographs with their actual locations, the images were georeferenced [36], and the proper coordinate system was then allocated to them. The mathematical equations for georeferencing, which adapt the ideas of linear algebra, are given below.

i0=cosAX0X∧I+cosAX0Y∧j+cosAX0Z∧k(1)

j0=cosAY0X∧i+cosAY0Y∧j+cosAY0Z∧k(2)

k0=cosAZ0X∧i+cosAZ0Y∧j+cosAZ0Z∧k(3)

where (i′, j′ and k′) are the projections in the XYZ frame and cos Aaxis′−axis represents the direction cosines of the vector on the axis.

3.1.2 Coregistration

The photos were coregistered after the georeferencing phase. The photos were subjected to affine adjustments [37] to achieve this. In the case of UAVs, the distortions or deformations brought about by various less-than-ideal camera angles are corrected using affine transformations. The Direction Cosine Matrix, or rotation matrix from the XYZ frame to the X′Y′Z′ frame, is obtained by simplifying Eqs. (1)–(3) and is shown below.

RXYZ→X′Y′Z′=cosAX′XcosAX′YcosAX′ZcosAY′XcosAY′YcosAY′ZcosAZ′XcosAZ′YcosAZ′Z(4)

Eq. (4) is the Direction Cosine Matrix that transforms one match frame to another, hence performing the gyration of vectors between the frames. This is appertained to as Euler angle sequences and is used due to its relationship with the movements of upstanding vehicle’s yaw, pitch, and roll. Yaw is the turn to the right or left, the pitch is the over or down movement and the roll is the gyration along the longitudinal axis. Fig. 2. below shows the reels of the UAV.
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Figure 2: Demonstration of UAV yaw, pitch and roll

The rotation matrix for the yaw, pitch and roll angles in the Euler sequence is provided.

RYPR=[cosΨcosθsinΨcosθ−sinθcosΨsinθsin∅−sinΨcosθsinΨsinθsin∅−cosΨcos∅cosθsin∅cosΨsinθcos∅+sinΨsinθsinΨsinθcos∅−sinΨcosθcosθcos∅](5)

The co-registration of the upright images was done using the aforementioned formulae.

3.2 Road Extraction

The next step was to split off the ROI after the images had been georeferenced and co-registered. To achieve this, we used the GrabCut algorithm. Based on the ideas of Graph Cuts, the GrabCut is an image segmentation algorithm. This algorithm is not computationally extensive and produces consistent results in varied lightening conditions, as it works on the coordinates rather than on the color spaces, thus we opted for it and it produced consistent results. By taking advantage of the connections between the nodes, this technique uses the image’s graph-like structure to classify the pixels into the background and foreground. Fig. 3. demonstrates the GrabCut algorithm’s general architecture.
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Figure 3: Overall flow of the GrabCut algorithm

The algorithm was practically implemented through OpenCV. The initial coordinates were provided to the algorithm, and then the area within the boxes was segmented out. Fig. 4. shows the result of performing road extraction via the mentioned algorithm.
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Figure 4: Road Extraction (a) original image, (b) segmented image

The above figure shows the result of Road Extraction via the GrabCut algorithm. It shows that through this algorithm our ROI i.e., road and its objects were successfully segmented out.

3.3 Data Preprocessing

The photos were sent for preprocessing once the ROI was segmented. The elimination of noise was the stage’s first phase. There is a great deal of noise in aerial photos obtained by UAVs, which must be eliminated. This was made possible by Gaussian blur. Smoothness and blurring were applied to the final photos. A 2-D convolutional operator called gaussian blur is used to blur pictures. The Gaussian distribution is shown in Fig. 5.
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Figure 5: Distribution of Gaussian

The mathematical equation for Gaussian blur is given below

G(x,y)=12πσ2e−(x2+y2)/2σ2(6)

The equation given above was used to calculate the weights of each point. The photographs were then given to be subjected to the morphological operation of dilation, which is mathematically described as

A⊕B={x:Bx^∩A≠∅}(7)

3.4 Vehicle Detection

To identify automobiles in aerial photos, the suggested architecture makes use of the YOLOv3 algorithm. Convolutional neural networks (CNN) are used to detect objects in r-time by a single forward propagation through the neural network in the YOLO object detection regression issue. The convolutional layer, which CNN uses as its fundamental building piece, is a layer. Because the convolutional layer’s local connectivity considerably reduces the likelihood of overfitting, CNN offers decreased parameters compared to a fully-connected multi-layer perceptron (MLP) neural network. Another sort of layer in the CNN architecture called the pooling layer’s function is to downsample data. Convolutional and pooling layers work together to make feature learning and feature selection more effective. The general architecture of CNN is shown in Fig. 6.
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Figure 6: Generic CNN architecture

Fig. 7 below demonstrates the flowchart of the training process of our model.
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Figure 7: Flowchart of YOLO model training

3.5 Vehicle Tracking

After the vehicles were detected successfully, the tracking was accomplished through Kalman filtering and centroid tracking. Kalman filtering is used for the system parameter estimation and in our case it is used to predict the position of the detected object. Fig. 8 shows the overview of the Kalman filter algorithm.

[image: images]

Figure 8: Kalman filter overview

The mathematical equations for the kalman filter are given as:

x^n,n=x^n,n−1+Kn(zn−x^n,n−1)(8)

Here Eq. (8) is the State update equation. Kalman gain equation is given as

Kn=pn,n−1pn,n−1+rn(9)

The Covariance update equation is given by:

pn,n=(1−Kn)pn,n−1(10)

The Covariance Extrapolation equation is given as:

pn+1,n=pn,n(11)

where Kalman is the Kalman gain, Pn,n−1 is the estimated uncertainties during the previous filter, and Pi is the estimated uncertainty of the current state.

So along with predicting the position of bounding boxes, the proposed system architecture also consists of assigning unique ids to the bounding boxes whose position has been predicted through the kalman filter. This allows for efficient tracking of the objects with unique numbers assigned to each object. This is accomplished through centroid tracking. This algorithm operates by accepting the bounding box coordinates and then computing the respective centroids of each bounding box. This process is shown in Fig. 9.
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Figure 9: Accept bounding box coordinates

The method then determines the Euclidean distance between each existing object and the new bounding box after accepting the bounding box coordinates. This makes it possible to monitor objects using their Euclidean distance across a series of frames.

The algorithm given below sums up the tracking procedure
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3.6 Trajectory Analysis

After the detection and tracking of vehicles, the next step was to analyze the trajectories of vehicles. The trajectories of the vehicle passing on the road were determined by the Lucas-Kanade method for optical flow. This is used for calculating the motion of each pixel between frames and thus is efficient in gaining the trajectories of objects that are later used for smart traffic management.

4  Experiments and Results

This section explains the dataset that was utilized for the proposed model’s training and testing, as well as the specifics of the numerous experiments carried out. It is set up so that a brief explanation of the dataset comes first. The outcomes of object detection are then displayed. Additionally, values for precision, recall, and accuracy are provided. The tracking results and a briefing on trajectory analysis follow.

4.1 VAID: An Aerial Image Dataset for Vehicle Detection and Classification

The suggested model is trained and tested using VAID [27]. The collection includes over 6000 aerial photos that were all taken in Taiwan under various lighting and viewing angle situations. The acquired photographs are in JPG format and have a resolution of 1137 × 640 pixels. A DJI Mavic Pro drone is used to capture the pictures. The dataset photographs are displayed in various settings in Fig. 10.
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Figure 10: Sample images from the VAID dataset

4.2 Detection Results

This section discusses the training and testing process for the detection phase as well as the detection results obtained on the VAID dataset. Furthermore, measures like precision, recall, and F1 score is used to assess the detection results. The following formulae are used to calculate these measures.

Precision=TruePositiveTruePositive+FalsePositive(12)

Recall=TruePositiveTruePositive+FalseNegative(13)

F1-score=2(Precision×Recall)(Precision+Recall)(14)

For the detection, we manually annotated the dataset images using an online labeling tool. A text file containing the coordinates of bounding boxes was created against each image frame. The training of the model was done through Google Colab [38,39] by utilizing the NVIDIA Tesla t4 Graphics Processing Unit (GPU) provided and by using darknet 53 [40,41] as the backbone of our YOLOv3 model. The model was trained in the Colab environment using Tensorflow version 2.9 in python version 3.9.6. The training was done on 4000 image samples from our dataset and for testing, the video was created by taking the frames together and the code was implemented in OpenCV 4.7.0 python in a jupyter notebook [42]. Fig. 11, below shows the detection results and evaluation of different metrics in tabular form is given in Table 1.
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Figure 11: Yolov3 detection results
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4.3 Tracking Results

In this section, the outcomes of vehicle tracking on the VAID dataset are described in detail and assessed using metrics including precision, recall, and F1 score using Eqs. (12)–(14). The proportion of true positive values among all obtained positive values that determine a class’s accuracy. The Recall is the proportion of true positive values among all true positive and false negative values. Precision and recall values are used to calculate the F1 score.

The Kalman filter and centroid tracking were used to track the cars. Each car received a special id. The code was implemented in a Jupyter notebook using OpenCV Python on a Windows device with 8 GB of RAM [29,30]. Fig. 12 shows the tracking results and evaluation of metrics is displayed in Table 2.
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Figure 12: Vehicle tracking results in sequences of frames
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4.4 Trajectory Analysis Evaluation

This section describes how to analyze moving vehicle trajectory data to determine driving direction. The findings of the Lucas-Kannade optical flow method utilized to get the trajectories are shown in Fig. 13.
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Figure 13: Optical flow results

The majority of highways have barriers separating the two travel directions. We distinguish the driving instructions into two directions, namely direction A and direction B, keeping this supposition in mind. Therefore, if the distance between the car and the camera is gradually decreasing, the vehicle is driving in direction A, and if it is gradually growing, the vehicle is moving in direction B. And therefore, by calibrating the camera for the desired output, many parameters can be obtained.

4.5 Comparison with State-of-the-Art Methods

This section compares the proposed model with other recent state-of-the-art methods. The comparison is shown in Table 3, and it shows that the proposed model outperforms them.

[image: images]

5  Discussion

In this article, a model for locating and locating automobiles using aerial images was proposed. However, there is still potential for improvement. The experimental findings demonstrate that the suggested model is capable of identifying and tracking the cars with high accuracy and also aids in driving direction analysis. For instance, cars were currently categorized under a single umbrella category. To further improve the efficacy of our model, we will integrate categorization approaches in the future. The suggested model was tested on a single dataset, however, evaluating it on more complicated datasets can help identify its limitations when facing a variety of difficulties. This dataset included UAV-shot pictures of cars. It will be helpful to establish the suggested model’s general applicability by using various datasets, such as those from even more difficult angles or those with more varied illumination.

6  Conclusion

In this paper, a vehicle detection and tracking model was proposed using the VAID dataset. The method involved the various steps of georeferencing and coregistration of the input frames, segmenting out the road, preprocessing the segmented frames, performing the detection and tracking on the dataset, and analyzing the driving directions. Detailed experiments of this model using the above-mentioned dataset have shown that the system is efficient and robust against many challenges. Moreover, it has achieved high accuracy for both detection and tracking purposes. Hence, this research proves that combining state-of-the-art methods for detection with traditional methods for segmentation and tracking yields more fruitful results.
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Table 1: Accuracy, precision, true positive, false positive, false negative, and recall for detection

Video frames Total True True False False Precision Recall F1 score
vehicles positive negative positive negative

VideoA.mp4 40 39 1 0 1 1 0.975 0.987

VideoB.mp4 45 44 1 0 1 1 0.977 0.988

VideoC.mp4 39 37 2 0 2 1 0.948 0.973

Mean detection accuracy = 96.7%
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Table 3: Comparative analysis with SOTA methods

Methods Average accuracy (%)
M. Mandal et al. 51.95

Y. H. Lin et al. 89.3

J. O. Terrail et al 83.50

J. Zhong et al. 73.70

Proposed model 96.7%
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Table 2: Recall, precision, false positive, true positive, false negative, and accuracy for tracking

Video frames Total True True False False Precision Recall F1 score
vehicles positive negative positive negative

Videol.mp4 35 33 0 0 3 1 0.916 0.956

Video2.mp4 30 28 0 0 2 1 0.933 0.965

Video3.mp4 40 36 0 0 4 1 0.90 0.947

Mean tracking accuracy = 91.6%
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