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Abstract: It is a challenging and meaningful task to carry out drone-based livestock monitoring in 

high-altitude and cold regions. The purpose of AI is to execute automated tasks and to solve 

practical problems in actual applications by combining the software technology with the hardware 

carrier to create integrated advanced devices. Only in this way, the maximum value of AI could be 

realized. In this paper, a real-time tracking system with dynamic target tracking ability is proposed. 

It is developed based on the tracking-by-detection architecture using YOLOv7 and DeepSORT 

algorithms for target detection and tracking, respectively. To address the existing problems of the 

DeepSORT algorithm, the following two optimizations are made: (1) Optical flow is used to 

compensate the Kalman filter for improvement of the prediction accuracy; (2) A low-confidence 

trajectory filtering method is adopted to reduce the influence of unreliable detection on target 

tracking. In addition, an visual servo controller for the UAV is designed to enable the automated 

tracking task. Finally, the system is tested using the Tibetan yaks living in the Tibetan Plateau as the 

tracking targets, and the results reveal the real-time multiple tracking ability and the ideal visual 

servo effect of the proposed system. 

Keywords: livestock monitoring; open source UAV; depth sorting; kalman filter; optical flow; visual 

servo 

 

1. Introduction 

The fourth agricultural revolution, also known as Agriculture 4.0, aims at improving 

productivity, efficiency, quality, and resilience of agricultural systems, as well as reducing 

environmental impacts, resource use, and costs [7]. It is a new technology revolution in agriculture 

supported by policy-makers around the world. It refers to the utilization of advanced technologies 

including artificial intelligence (AI), biotechnology, big data, internet of things (IoT), and robotics to 

achieve sustainable agriculture development [27]. These technologies have been used to improve 

various aspects of agriculture such as precision farming, smart irrigation, and crop monitoring 

[15,48]. 
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Traditional animal husbandry usually uses manual operation to identify and track moving herds 

to obtain real-time information of the herd status, which is a time-consuming, laborious and 

inefficient method, especially in high-altitude pastoral areas with poor natural conditions. With the 

emergence of agriculture 4.0 and the rapid development of the UAV technology, autonomous UAV 

equipped with embedded computer can conduct real-time tracking and individual differentiation of 

herds without human intervention [42–44] to achieve the substantive progress of intelligent grazing. 

However, it is a challenging task to change the tracking targets from individual animals to groups 

with the help of AI algorithms, and to realize offline real-time monitoring using autonomous drones. 

Currently, drones have become a popular and powerful tool for monitoring wildlife and 

studying animal behavior, as they can rapidly cover large and inaccessible areas, reduce human risk 

and disturbance, as well as provide high-resolution imageries and videos of wildlife [11,43,45,71]. In 

addition, UAVs have been used for a variety of animal research, such as mapping habitats, estimating 

species abundance and distribution, monitoring individual and group behaviour, measuring 

physiological parameters, assisting in anti-poaching efforts and studying anti-predator responses 

[14,55]. Drones can also help dairy farmers manage their livestock, including counting cows, 

detecting health issues, monitoring grazing patterns, tracking lost cows, and improving 

security[33,36]. 

In recent years, deep learning has also been applied to various domains of animal science, such 

as wildlife ecology, conservation biology, animal behaviour, animal welfare and animal breeding 

[28,49,51]. One of the main advantages of deep learning is its ability to automatically extract features 

and patterns from large and complex datasets, including images, videos, sounds, texts, etc. This can 

reduce the needs for human intervention, manual annotation and domain-specific knowledge, and 

simultaneously improve the efficiency and accuracy of data analysis. For example, deep learning can 

automatically identify, describe and count wildlife in the camera-trap images, which are widely used 

for monitoring wild animal populations and habitats [49]. Besides, deep learning can also 

automatically detect and track animal movements and postures in videos, which are valuable 

information for scientific study of animal behaviour and welfare [1,19,51,60–62].  

Object detection based on deep learning architectures can be categorized into fast detection, 

shortcut connection and region-based networks. These networks are effective from  perspectives of 

processing speed, accuracy and so on. Therefore, they are widely used for animal farming. 

Particularly, SSD and YOLO V3 have the advantage of processing speed, and R-CNN is 

advantageous with respect to the processing speed as well as the accuracy, so that they are the mostly 

applied networks currently. In relatively simple cases such as optimal lighting and clear view, the 

combination of different shallow networks (e.g., VGG + CNN) might achieve satisfactory 

performance [4]. However, in complex scenarios such as real commercial environments, to enhance 

the model capacity for sufficient environmental variations, it is necessary to combine multiple 

networks, for example, UNet + Inception V4 [23], and VGGNet + SSD [70]. Besides, even for the same 

model, a parallel combination to create the two-streamed connection could also improve the detection 

performance [36,72]. 

Multi-object tracking (MOT) typically refers to the detection, the recognition, and the tracking 

of multiple objects (e.g., pedestrians, cars, and animals) in videos without prior knowledge of the 

target number. Different targets have different IDs to achieve subsequent trajectory prediction, 

accurate search, and other tasks. In recent years, various MOT methods have been proposed and 

widely applied, such as monitoring [30], traffic monitoring [8], autonomous driving [18], and animal 

monitoring, aiming at object collision avoidance [39] or target tracking [26]. However, due to the 

crowded environments and the occluded objects, the results of MOT could be influenced by the 

difficult problem configuration, which leads to performance limitations in such scenarios. In 

addition, due to the extensive application of MOT methods, the importance of the MOT is still a 

challenging subject for the relevant research [13,63,67]. 

In recent years, with the rapid development of deep learning technology, the target detection 

performance has been significantly improved. With the emergence of the deep learning-based object 

detectors, tracking through detection has already become the most-focused method in MOT research 
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[67]. This method utilizes the knowledge of object location to establish an model that can associate 

with objects over time. In recent studies, the algorithm of Kalman Filter (KF) has been used as the 

motion model to improve the object correlation over time [9,12,24,64]. In 2016, SORT was proposed 

[9], which applies KF to estimate the object states and associates KF prediction with new object 

detection using the Hungarian algorithm [34]. One year later, an optimized Deep SORT was proposed 

by Wojke et al. [64], which includes a new cascading association procedure using the object 

appearance characteristics based on CNN. In this data association algorithm, the similarity of the 

object appearance characteristics and the Mahalanobis distances between the object states are 

combined, and the SORT data association is used in the later stage of mismatched states. Despite 

using CNN, high frame rates on target tracking benchmarks were achieved with the Deep SORT 

approach. Chen et al. proposed an algorithm similar to the Deep SORT, namely MOTDT [12], which 

employs a scoring function completely based on CNN to optimally select candidates. The Euclidean 

distance in the extracted object appearance characteristics is also adopted to optimize the association 

steps. Recently, He et al., [24] proposed a GMT-CT algorithm, which combines deep feature learning 

and graph partitioning. The graph is constructed using extracted object appearance characteristics 

for association steps to more accurately model the correlation between the measurements and the 

trajectories. 

With the rapid development of autonomous UAVs, the abilities of UAVs for low-speed flying, 

hovering, laterally flying, and maneuvering in confined spaces make visual servo control a promising 

platform for performing tasks such as inspection, surveillance, and monitoring. In recent years, 

various studies have been conducted on the visual servo control of the UAVs, including quadrotors 

[22,54], airships [5] and drones [65]. Strategies for navigation and control of UVAs using only vision 

with feedback loops for monitoring known objects were proposed previously [10]. Stability control 

methods for quadrotor helicopters using vision as the primary sensor were also reported [2]. In this 

work, the helicopter attitude is estimated and used for vehicle control. Some studies on vision-based 

autonomous flight have been reported previously [3,52,57]. Among the different visual servo control 

models based on images, adaptive control [69], PID control [56], sliding model control [46] and neural 

network control [21] have been mainly used to enable one-camera UAVs to explore environments 

and avoid obstacles. Especially, the PID controller has very wide application in this field due to its 

high robustness. 

DeepSORT As a multi-target tracking method with a competitive advantage, we propose a 

method with appearance features based on the Kalman filter and the Hungarian algorithm. The 

motion model is built using a Kalman filter and the correlation between objects is optimally solved 

by the Hungarian algorithm. The proposed algorithm can achieve excellent performance at real-time 

speed. However, when the motion of the object is complex and the detection of the object in the 

current frame is lost, the bounding box predicted by the Kalman filter cannot match the input. Based 

on the above motivation, we compensate the Kalman filter with optical flow to overcome the problem 

just discussed. 

We may note that, in Deep SORT, detection confidence thresholds are used to filter all detections 

with low confidence. This is based on the assumption that tests with confidence below the threshold 

are likely to be a false positive, and tests with confidence above the threshold should be a true 

positive. However, state-of-the-art assays have not fully followed this hypothesis. Therefore, we used 

a low-confidence trajectory filtering extension in Deep SORT that which average detection confidence 

within the first few frames after initialization. Trajectories with low average confidence were filtered 

out to reduce false positive trajectories. Average confidence prevents missing true correct tracks with 

little low confidence detection caused by occlusion or noise environments. At the same time, false 

positive traces with relatively high confidence are more likely to be discarded. 

Many vision-based algorithms ignore the height and rolling motion of helicopters. Since the 

camera is fixed to the drone, the rapid movement of the drone causes a dramatic change in the view 

of the camera, resulting in a tracking failure or a complete disappearance of objects from the field of 

view. Therefore, in this paper, a visual servo controller is designed to control the UAV to 

automatically complete the tracking task. 
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The main contributions of this paper are follows: 

• Combine the Kalman filter and the optical flow to predict the motion state of the object to 

improve the prediction accuracy. 

• A low confidence tracking filtering extension was added to the Deep SORT tracking algorithm 

to reduce false positive tracks. 

• Use the visual servo controller to assist the UAV to automatically complete the tracking task, 

and has no negative impact on other controllers. 

The contents of this paper are arranged as follows. Section 2 describes the area and objects of the 

study, and introduces the overall framework of this system, including detector, tracker and servo 

control server. In Sections 3 and 4, experimental results are presented and discussed, respectively. 

Section 5 summarizes the conclusions. 

2. Materials and Methods 

2.1. Area and objects of study 

The area selected for this study is in Maduo County, under the jurisdiction of Golog Tibetan 

Autonomous Prefecture, in the southern part of Qinghai Province (Figure 1a). Maduo County locates 

at the source of the Yellow River and belongs to a typical plateau area, with an average annual 

temperature of -4.0 °C. Due to its unique geographical location and ecological environment, the local 

flora and fauna resources are very abundant, and animal husbandry is particularly developed. It is 

highly reasonable to choose this area to conduct research on AI-based precise grazing technology. 

 

Figure 1. The area selected for the present study: (a) The location of Maduo County; (b) the 

distribution of UAV sampling points in Maduo County; (c, d) aerial images of the studied area. 

In April 2023, the authors of this paper and research colleagues went to Maduo County for aerial 

photography, flying a total of 20 sorties at height of 100 m for sampling. The sampling points are 

shown Figure 1b. Finally, the domestic Tibetan yaks were selected as the research objects (Figure 1c 

and 1d), which have a color characteristic of mainly black and gray, and rarely white. The yaks move 

very slowly and steadily, and their stride frequency is usually between 120-140 steps per minute. 
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2.2. System overview 

To acquire data in the selected area, a P600 type intelligent UAV (Chengdu Bobei Technology 

Co., Ltd., China) was used (Figure 2). In addition, Q10F 10x single light pod equipped with a USB 

interface was incorporated with the P600 UAV, and a specific robot operating system (ROS2) driver 

was developed for P600. This equipment is able to capture real-time images through the pod within 

the airborne computer. It could also follow the targets and adjust the position to always keep a 

constant distance from moving targets. During the target tracking process, both UAV and pod can 

achieve fully autonomous control via ROS2. 

 

Figure 2. Data acquisition equipment used for this study. 

Based on the function, the system can be divided into three components, including the controller, 

the detector, and the tracker. In this study, two walking Tibetan yaks were selected as the tracking 

objectives. When each of the camera frames processes, several confirmed tracking paths are sent to 

the control system, which calculates the required speed in 4 different control variables in accordance 

with the embedded algorithms and the real-time location of UAV. Afterwards, the speed is sent to 

the autopilot to control UAV for tracking the targets. As a basic component of the control system, 

ROS2 plays a crucial role in information exchange between UAV and the tracking program. 

Moreover, the algorithms for speed calculation in 4 control variables differ from each other, so that 

they are described separately in Section 2.5. 

2.3. Detector 

Since this study aims at tracking and identifying target objects in scenarios with high dynamic 

density and low training data, YOLOv7 was chosen as the baseline model for balancing the limited 

computational power and the airborne computer speed. The YOLOv7 model was developed in 2022 

by Wang and Bochkovskiy et al., integrating strategies including E-ELAN (Extended Efficient Layer 

Aggregation Network) [19], cascade-based model scaling [16] and model reparameterization [58] to 

appropriately balance the detection efficiency and accuracy. It can be seen in Figure 3 that the YOLOv 

7 network comprises 4 different modules: Input module, backbone network, head network, and 

prediction network. Detailed description of the YOLOv7 model can be found at 

http://dx.doi.org/10.3390/jmse11030677. 
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Figure 3. The overall technical framework proposed in this study. 

  

Figure 4. Network structure of the YOLOv7 model. 

In this work, 20 aerial yak video data were taken from the studied area, among which 10 video 

sequence data were used as target detection data set and the other 10 video sequence data were 

applied as target tracking data set. The two sets of data were utilized as two benchmarks for yak 

detection and tracking, and the YOLOv7 model and Deepsort algorithm were employed to detect 

and track yaks. 

To improve the model's ability to detect yaks, the target detection dataset was further divided 

into 3 sets, including training, validation and test sets with a ratio of 7:2:1. The YOLOv7 model is 

adopted to train the dataset by adjusting the model parameters to achieve high stability of the model. 

The yak hair color is generally pure black or black and white. In order to obtain more yak hair texture 

features, 2400 yak hair images from 10 video sequences in the target detection dataset were 

intercepted and the dataset was divided with the ratio of 7:2:1, which was trained again using 

YOLOv7. 

2.4. Tracker 

The Deep SORT algorithm was used as the baseline algorithm for the tracker and two 

improvements in the algorithm were made. Firstly, optical flow for motion estimation [43] was 

introduced into the scheme to improve the motion prediction accuracy of KF. Secondly, an extended 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 June 2023                   doi:10.20944/preprints202306.1669.v1

https://doi.org/10.20944/preprints202306.1669.v1


 7 

 

version of the original tracking method, named as low confidence track filtering method, was used 

to improve the ability of the tracker for handling unreliable detection results, which might occur in 

the real-world target detection due to the complex environment. By this means, the quantity of the 

false positive paths could be significantly reduced, avoiding the unreliable detection. 

In order to apply DeepSORT to track and monitor yaks, a big amount of yak datasets are 

required to extract the appearance characteristics of trained yaks. Since there are only 10 video 

sequence data in the target tracking dataset, the quantity is insufficient, so the target tracking dataset 

was regenerated by setting truncation rate and occlusion rate parameters, clipping, rotating and 

synthesizing the video frame images. To reduce the impact of the noise, the yak data with a truncation 

rate above 0.5 or a blocking rate higher than 0.5 were removed. Finally, around 100 video data with 

the same interval were selected as a batch to intercept video frames, which were then adjusted to 

generate a total of 6000 yak JPEG images with the same size (500,500). Subsequently, the Labelimage 

software was used to annotate these images and store them in the XML format as target tracking 

dataset, which is considered as the benchmark for yak tracking.  

2.4.1. Object tracking method 

The Deep SORT algorithm adopted in this work uses KF to estimate the existing track in the 

current frame. The states applied in KF are defined as ),,,,,,,( hyxhyx  γγ , in which ),,,( hyx γ

represents the bounding box position, and ),,,( hyx  γ represents the single coordinate velocity. KF 

involved in Deep SORT is the standard version using a constant velocity and a linear observation. 

When each new frame appears, the position of each existing track will be estimated based on the 

previous one, and the track estimation only needs spatial information. 

In order to achieve the appearance information of the detection results and tracks, appearance 

descriptors were used for extracting features from the detection images and tracking the images from 

the previous frames. As a CNN model trained on a large-scale recognition dataset, the appearance 

descriptor is capable of extracting features in the feature space based on that the features from same 

identity are similar to each other. 

By estimating the position and appearance information of existing tracks, in each future frame 

new detection results could be associated with the existing tracks. New detection results need to have 

confidence levels above the detection confidence threshold dt  to become candidates for data 

association. All the detections do not meet this criterion will be filtered out. A cost matrix is used in 

Deep SORT for representing spatial and visual similarity between the new detections and the existing 

tracks, which contains two distance parameters. The first one is the Mahalanobis distance represented 

by formula (1) for spatial information: 

)()(),( 1)1(
iji

T

ij ydsydjid −−=
−

 (1)

where iy  represents the i-th orbit, 
1−
is  represents the covariance of d and y, ),( ii sy  represents the 

projection of the i-th orbit in the space of measurement, and jd represents the j-th new detection. It 

is the distance between the estimated position of the i-th orbit and the j-th new detection. The second 

distance represents the appearance information as shown below by formula (2): 

{ }ii

k

i

k

T

j Rrrrjid ∈−= )()()2( |1min),(  (2)

where r represents an appearance descriptor, iR  represents the appearance of the last one hundred 

objects associated to the i-th track. Besides, each of the distance is accompanied by gate matrix 
)1(

, jib  

and 
)2(

, jib , if the distance is less than a predefined threshold, it is equal to 1, otherwise it is equal to 0. 

The comprehensive cost matrix is presented in formula (3): 

),()1(),( )2()1(
, jidjidc ji λλ −+=  (3)

The gate function ∏ == )(
,

2
1,

m

jimji bb is used to set the threshold, it is equal to 1 only when both the 

space and the appearance gate functions are 1, otherwise, it is equal to 0, indicating whether (i, j) 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 June 2023                   doi:10.20944/preprints202306.1669.v1

https://doi.org/10.20944/preprints202306.1669.v1


 8 

 

effectively matches both space and appearance. The cost matrix is used for each of the new frame to 

associate the new detection with the tracks of the existing gate matrix. 

In case of a successful association of the new detection with the existing track, the new detection 

is included into the track, and track shows a non-association age of zero. In case the new detection 

cannot be associated with the existing track in the F-frame, it is initialized as a tentative track. The 

original algorithm of Deep SORT verifies whether the tentative track is associated to the new 

detection in the frame )(...),2(),1( tentativetfff +++ . In case of a successful association, an update of 

the track to a confirmed one will be conducted. Otherwise, the temporary track will be immediately 

deleted. For existing tracks without successful association with the new detection in each frame, their 

non-association ages increase by 1. In case that the non-association ages exceed the threshold, the 

corresponding tracks will also be removed. 

2.4.2. Combination of KF and optical flow 

As a classic tracking algorithm, the Lucas-Kanad (LK) optical flow [40] algorithm has been 

widely applied due to its competitive real-time speed and strong robustness. To address the problems 

derived from KF, optical flow is also used to estimate objects in this study, and several assumptions 

are made, including constant brightness between the adjacent frames, slow movement of the targets, 

and similar motion pixels of the same images. There is no doubt that the loss of the object detection 

will challenge the updating of KF and lead to the interruption of trajectory. Therefore, the boundary 

frames of objects are predicted by using the light flow. In addition to the bounding frame of the F-

frame generated with original detector in the data set, optical flow is also adopted to predict the 

position of the object based upon information in the previous frame. It could provide more historical 

clues to the information of the previous frame.  

It can be observed that the former produces a more accurate trace input, nevertheless, the 

primitive detection in complex environments cannot be ignored. To compensate for the adverse effect 

on performance, combination of them as input for current frame tracking is required, which could 

provide more reliable state of motion for KF. At the same time, a constant velocity of the object in the 

frame is assumed, and KF is used to construct a model of linear motion defined in 8-dimensional 

space: 

),,,,,,,( hyxhyxS  γγ=  (4)

where (x, y) represent bounding box center coordinates, 
γ

 represents the aspect ratio, h means 

high, and ),,,( hyx  γ  represents the speed of objects in the frame. 

2.4.3. Filtering of low confidence tracks 

False positive tracks derived from unreliable detection results seriously affect the performance 

of the tracker. At present, the most advanced detection tracking technology still faces a large number 

of false positive tracks and other problems. To better solve this problem, a filter for low confidence 

tracks was included into our tracker. In this tracker, not only a confidence threshold dt  is used to 

filter out detections with confidence below this threshold, but also average confidence values are 

calculated for new detections in the frame )(...),2(),1( tentativetfff +++  related to tentative tracks. 

Only when these average values are greater than the predefined  threshold davet , update of the 

corresponding tentative tracks to the confirmed tracks could be performed. Otherwise, these tentative 

tracks will be deleted. By this means, the detection results are filtered by two threshold stages of dt

and davet  rather than simply by dt  alone. Therefore, the threshold dt  with a preset lower value can 

avoid losing detection, and extraction helps for suppressing false positive tracks produced with low 

dt . The algorithm used in this study to filter low confidence tracks is detailed in Appendix A. 
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2.5. Visual servo control 

In this study, a servo control system using helicopters and cameras [38] is applied for MOT. The 

system consists of 4 control variables, including lateral control, longitudinal control, vertical control, 

as well as yaw rate control.  

The lateral control aims at keeping the camera frame center aligning with the horizontal middle 

of tracked objects by using a PID controller that takes the sum of the horizontal distances of each 

object as the proportional input, the sum of the differences between the current and previous centers 

as the derivative input, and the cumulative error as the integral input.  

The longitudinal control adjusts the forward and backward speed of the helicopter based on the 

heights of bounding boxes of the objects, which indicate the distance of objects to the camera. This 

control unit uses a PID controller that takes the sum of differences between current and minimum 

heights and between current and maximum heights as the proportional input for calculation of 

forward and backward speeds, respectively. Besides, it takes the sum of height change rates of each 

object as the derivative input.  

The vertical control loosely regulates the height of the drone based on a predefined range. In 

comparison with the response to the lateral speeds, the response of the autopilot to low vertical 

speeds to achieve accurate height adjustment is relatively slower. Therefore, it is often that after the 

autopilot receives such a vertical speed command, the height of drone does not change.  

The yaw rate control rotates the helicopter around its vertical axis to keep it perpendicular to the 

line connecting the two objects outermost of the camera frame, which estimate the yaw angle by using 

a ratio between horizontal distance and image width, and a ratio between height difference and 

standard height for each class of objects. Afterwards, this angle is divided by the processing time and 

multiplied by a coefficient to achieve the yaw rate.  

3. Results 

The intelligent unmanned field platform embedded with Jetson AGX Xavier launched by 

NVIDIA [44] was used for onboard image processing in the experiments. This modular 

supercomputer has a 512 CUDA-core NVIDIA Volta GPU with a 8-core ARMv8.2 CPU and strong 

power of AI computation. It shows a 10 times higher power consumption ratio and a 20 times higher 

performance compared to the previous Jetson TX2 platform (256 CUDA-core NVIDIA Pascal GUP 

with a CPU of quad-core ARM).  

3.1. Metrics for tracking 

To objectively compare the performance of different trackers, the experimental results from this 

study were evaluated based on the metrics defined in the CLEAR MOT metrics and : 

PR-MOTA: Under different confidence thresholds, the values of precision and recall are 

obtained separately, and then the corresponding PR-MOTA can be obtained based on the different 

precision and recall. MOTA is the multi-target tracking accuracy , a key score for evaluating the 

tracking performance. It is composed of 3 calculation errors, including false positive (FP), lost target 

(FN), and identity switch (IDs). It measures the performance of the tracker in detecting targets and 

maintaining trajectories, independent of the accuracy of the target location estimation. 

• PR-MOTP: It is derived from the values of precision and recall under different confidence 

thresholds. MOTP is the multi-target tracking accuracy , which is a measure of the tracker's 

ability to estimate the target position. 

• PR-MT: It is originated from the values of precision and recall for different confidence 

thresholds. MT is the number of primary tracking traces that are successfully tracked during at 

least 80% of the target’s lifetime. 

• PR-ML: It is derived from the values of precision and recall under different confidence 

thresholds. ML is the quantity of the mostly lost tracks that are not successfully tracked during 

minimum 20% of the target's lifetime. 

• PR-FP: It is the total quantity of FPs. 
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• PR-FN: It means total quantity of FNs (target not met). 

• PR-FM: With different confidence thresholds, the PR-FM is derived from the values of precision 

and recall. FM is the times of interruption for a track due to missing detection. 

• PR-IDSw: It is found under different confidence thresholds based on the values of precision and 

recall. IDSw, also known as IDs, is the times of the IDs switch for the same target due to 

misjudgment of the tracking algorithm. The ideal IDs in the tracking algorithm should be 0. It is 

the total number of identity switches. 

3.2. Evaluation of benchmarks 

When the motion of the object is complex and the detection of the object in the current frame is 

lost, the bounding box predicted by KF cannot match the input. Therefore, the optical flow was 

introduced into the scheme to improve the motion prediction accuracy of KF. As shown in Figure 5, 

the yellow-colored bounding boxes are the original detection results and the red ones are the results 

of the optical flow. 

 

Figure 5. Comparison of the detection results (yellow bounding boxes: Original detection results; red 

bounding boxes: Detection results from optical flow). 

The resulting mean detection confidence threshold was chosen experimentally. 10 sequences 

were selected from the target-tracking dataset that were filmed in a relatively more complex 

environment. It was found that davet = 0.0~1.0 for these 10 sequences. The tracker in this study used 

the YOLOV7 detection method as detection input. The 10 sequences were tested, and the final 

tracking results were evaluated. Figure 6 shows a comparison of these results. 

 

Figure 6. Comparison of the MOTA values of tracking results for 10 training sequences using 

YOLOV7 detection method under different average detection confidence thresholds. 

The tracking results obtained with the proposed tracker in the train sequence 

"Tibetanyak2023042607" of the target tracking dataset are shown in Figure 7. This is the result of 
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tracking using the YOLOv7 detection, where the dt and davet thresholds were set to 0.0 and 0.7, 

respectively. 

 

Figure 7. The tracking results on the self-made training sequence “Tibetanyak2023042607” using 

YOLOv7 detections (td = 0.0 and taved = 0.7). 

The proposed method was tested on an overall test dataset of the target tracks containing ten 

sequences. As described above, the YOLOv7 tracking results were used as the test input. This detector 

was chosen for this study because it is the baseline detection method used by most of other trackers, 

and it exhibits a general good performance. Table 1 shows a comparison of the proposed tracker and 

state-of-the-art ones with respect to the tracking performance. All these trackers were divided into 

batch class and online class. In the batch trackers, both the previous and the future information are 

used for generating tracks in the current frame, while in the online trackers, only the previous 

information is applied for generating tracks 

Table 1. Comparison of the results from the proposed method and other methods (tests conducted 

on the self-made training date set). 

Tracker Detector Method PR-

MOTA 

PR-

MOTP 

PR-MT PR-ML PR-FM PR-FP PR-FN PR-IDs 

IOU[17] R-

CNN[53] 

Batch 18.3% 41.9% 14.3% 20.6% 523 2313.5 19845.1 513 

IOU[17] Comp 

ACT[68] 

Batch 18.4% 41.3% 14.7% 20.1% 379 2459.2 17125.6 245 

IOU[17] EB[41] Batch 23.5% 33.2% 17.5% 16..7 248 1456.6 17054.4 233 

IOU[17] YOLOv7 Batch 33.8% 40.2% 34.6% 19.4% 88 1731.5 17945.5 70 

Deep 

SORT 

EB[41] Online 20.6% 45.3% 18.1% 17.2% 201 3501.9 16874.5 180 

Ours EB[41] Online 22.9% 45.3% 17.8% 17.3% 205 2009.7 17012.4 166 
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Deep 

SORT 

YOLOv7 Online 30.4% 39.1% 34.3% 18.5% 159 6456.6 16456.7 245 

Ours YOLOv7 Online 33.6% 39.2% 32.9% 19.7% 126 2013.1 17913.2 198 

3.3. Validation in actual scenarios 

In this study, visual servo controller was used to control parameters from four aspects, i. e., 

lateral, longitudinal, vertical, and yaw rate controls, to assist P600 intelligent UAV flight, and to track 

and identify multiple yaks. To simultaneously test the comprehensive performances of the visual 

servo controller in all directions, an experiment with relatively complex object trajectories was 

designed. In this experiment, a pure black yak and a yak with black and white color were chosen as 

target objects to verify the tracking ability of the UAV with the visual servo controller. The two yaks 

walked along concentric arcs of different radii. No overlapped trajectories of yaks and drones were 

observed. Figure 8 shows the relevant trajectories in real scenes. 

 

Figure 8. The trajectories of the UAV (red line) and the yaks (yellow and green lines). The left 3 images 

show the drone views at the corresponding positions of ua, ub and uc. 

Aiming at further verifying the yaw rate performance of the visual servo controller, the starting 

points of the trajectories were marked with solid points of the corresponding colors, just similar to 

the trajectories in Figure 8. Fifteen arrows were presented on the UAV P600 trajectory to point out 

the current YUAV axis directions. In addition, on each locus of the two objects, fifteen hollow circles 

were presented, which correspond to the arrows in the experiment. The fifteen time points were also 

marked and exhibited in Figure 9, which shows the angle between the two object connection lines 

plus Π/2 and Xworld, and the angle curve between YUAV and Xworld. YUAV is the trajectory of the 

drone and Xworld is the trajectory of the two objects. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 June 2023                   doi:10.20944/preprints202306.1669.v1

https://doi.org/10.20944/preprints202306.1669.v1


 13 

 

 

Figure 9. Angle between two object connectors plus Π/2 and Xworld and the angle curve between 

YUAV and Xworld. 

4. Discussion 

As shown in Figure 6, MOTA is better in the presence of davet  (not equal to 0) than in the absence 

of davet  (equal to 0). The tracking accuracy of the YOLOV7 method keeps improving until davet  

reaches 0.7. Therefore, davet = 0.7 was selected for the experiment of the tracker on the YOLOV7 

detection results. It is worth noting that for this detection method, the tracker does not work when 

davet  is greater than 0.7, because all trajectories are filtered out under that condition. 

It can be seen from Figure 7 that there are many red boxes without the identification label. They 

are the false positive detection filtered out by the filtering algorithm for low confidence tracking. 

When dt = 0.0, many red bounding boxes appear, however, they do not affect the final result of 

tracking. 

Table 1 shows that 33.6% of PR-MOTA on YOLOV7 detection was achieved with the proposed 

tracker. It’s the highest value for all the online trackers and comparable to the highest PR-MOTA for 

the batch IOU tracker. Note that the original algorithm of Deep SORT trained on appearance 

descriptors of our dataset was already able to achieve high PR-MOTA of 30.4% on YOLOV7 detection. 

Based on the improved algorithm, the proposed tracker could further enhance PR-MOTA of the 

original tracker by about 3.2%. Furthermore, a 4443.5 PR-FP decrease on the improved algorithm 

compared to Deep SORT was observed, revealing that PR-FP could be significantly reduced using 

the algorithm optimized in this paper. Meanwhile, the ID of our tracker significantly decreased 

compared to the ID of Deep SORT on the YOLOV7 detection.Results from experiments indicate that 

the improved algorithm could reduce false positive targets, and, it shows better accuracy 

performance than the other relevant algorithms. 

As shown in Figure 9, the maximum distance between the UAV trajectory line and the trajectory 

lines of the two yaks occurred at 21.086 s was -0.342 rad. This was because that the positions of the 

two target objects (Xworld,Yworld) changed rapidly, and the yaw rate visual servo controller was 

unable to respond quickly to the abrupt change. During the later half period of the experiment, the 

controller always kept a distance around 0.26 rad, and at the final stage, it adjusted YUAV nearly 

perpendicular to the connection line. These results can demonstrate the performance of the visual 

servo controller to some extent. 

5. Conclusion 

A real-time target tracking system that can always keep the tracking targets within the view of 

a UAV camera is presented in this paper. The system uses the YOLOv7 algorithm for target detection 

and the DeepSORT algorithm optimized in this work for target tracking. In addition, a visual servo 

controller for the UAV is designed to complete the automated tracking task. Based on the 

experimental results, the following conclusions are summarized: 
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Using the optical flow compensation Kalman filter for motion prediction can solve the problem 

that the bounding box of the target predicted by the Kalman filter cannot match the input when the 

detection of the target in the current frame is complex, and thereby achieve better accuracy results. 

Low confidence trajectory filtering methods can significantly reduce false positive trajectories 

generated by DeepSORT to avoid unreliable detection. 

The DeepSORT algorithm modified in this work combines optical flow with a Kalman filter for 

motion prediction and adds a low-confidence trajectory filtering method to achieve a 3.2% of 

improvement in PR-MOTA, 4443.5 of reduction in PR-FP and the ID significantly decreased 

compared to original Deep SORT. 

Using the visual servo controller can assist the UAV in multi-target tracking and identification 

of the yak group. In addition, it has no negative effect on the other controllers. 
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Appendix A 

Low Confidence Track Filtering Algorithm 

Algorithm Low Confidence Track Filtering 

Input：Tentative tracks tT ; Tentative threshold tentativet ; 

Average detection confidence threshold 
davet ; Associated detection confidence tP . 

Output：Confirmed tracks cT ; Deleted tracks dT . 

1：for sequential frames do 

2：   for tTt∈  do 

3：       if t  is new in tT  then 

4：            hits = 0 

5：            total_prob = 0 

6：       hits = hits + 1  

7：       total_prob = total_prob + tP   

8：       if tentativethits ≥  then 

9：           if 
davet

hits

probtotal
<

_
 then 

10：              tTT dd =  and tTT tt \=  

11：          else 

12：              tTT cc =  and tTT tt \=  
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