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Abstract: Along with the advancement of light-weight sensing and processing technologies,
unmanned aerial vehicles (UAVs) have recently become popular platforms for intelligent traffic
monitoring and control. UAV-mounted cameras can capture traffic-flow videos from various
perspectives providing a comprehensive insight into road conditions. To analyze the traffic flow
from remotely captured videos, a reliable and accurate vehicle detection-and-tracking approach is
required. In this paper, we propose a deep-learning framework for vehicle detection and tracking
from UAV videos for monitoring traffic flow in complex road structures. This approach is designed
to be invariant to significant orientation and scale variations in the videos. The detection procedure is
performed by fine-tuning a state-of-the-art object detector, You Only Look Once (YOLOV3), using
several custom-labeled traffic datasets. Vehicle tracking is conducted following a tracking-by-detection
paradigm, where deep appearance features are used for vehicle re-identification, and Kalman filtering
is used for motion estimation. The proposed methodology is tested on a variety of real videos
collected by UAVs under various conditions, e.g., in late afternoons with long vehicle shadows,
in dawn with vehicles lights being on, over roundabouts and interchange roads where vehicle
directions change considerably, and from various viewpoints where vehicles” appearance undergo
substantial perspective distortions. The proposed tracking-by-detection approach performs efficiently
at 11 frames per second on color videos of 2720p resolution. Experiments demonstrated that high
detection accuracy could be achieved with an average Fl-score of 92.1%. Besides, the tracking
technique performs accurately, with an average multiple-object tracking accuracy (MOTA) of 81.3%.
The proposed approach also addressed the shortcomings of the state-of-the-art in multi-object tracking
regarding frequent identity switching, resulting in a total of only one identity switch over every
305 tracked vehicles.

Keywords: traffic monitoring; vehicle detection; multi-vehicle tracking; vehicle re-identification;
unmanned aerial vehicles; deep convolutional neural network.

1. Introduction

Unmanned aerial vehicles (UAVs) are popularly applied in a large variety of remote sensing and
monitoring applications in both civil and military contexts [1-3]. Intelligent transportation and traffic
monitoring are found to be among the applications, where UAVs are receiving increasing interest [4-7].
Data for traffic monitoring and analysis can be collected by various sensors, such as lidar, radar, and
video cameras. Among these, video-based traffic analysis is receiving more attention due to the
significant advancement of machine learning and computer vision techniques [8-10]. Multi-vehicle
detection and tracking is a fundamental task in the video-based analysis of traffic that can be used
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for various purposes, e.g., speed control [11], vehicle counting [12], automatic plate recognition [13],
and incident analysis [14]. Traditionally, traffic videos are collected by ground surveillance cameras at
fixed positions and orientations [15-17]. However, in complex road scenarios, when the traffic moves
through multiple roundabout or interchange roads, vehicles’ maneuvers cannot be tracked completely
using these traditional camera setups [18]. In these cases, UAVs can be complementary platforms to
collect traffic videos from various altitudes and viewpoints. Vehicle detection-and-tracking in UAV
videos is both rewarding and challenging. For instance, at a higher altitude and with an oblique view
direction, a larger field of view can be offered that increases the area under surveillance. However,
this advantage comes with the challenge of causing the vehicles to appear in significantly varying
resolutions. An instance of this problem is shown in Figure 1, where vehicle #16 is observed in an area
of 7125 pixel? at the bottom left corner of the video frame (Figure 1b) compared to the same car seen a
few seconds later in a bounding box of 1925 pixel? at the top left corner of the video frame (Figure 1e).
Additionally, in multi-object tracking (MOT) tasks, one of the most significant challenges is to alleviate
incorrect identity switches. That is, a vehicle cannot be tracked efficiently unless it is identified as
the same object for the whole or most of the video frames, in which it appears. The state-of-the-art
in MOT is conventionally focused on tracking pedestrians and sport players [19]. Comparatively,
tracking vehicles while correctly re-identifying (Re-Id) them is more challenging since appearance
similarities among vehicles are much more than humans as vehicle models and colors are limited [20].
In the field of vehicle tracking, Re-Id approaches focus on re-identifying a vehicle across multiple
videos captured by different cameras as opposed to re-identifying a vehicle in the same video where
it undergoes severe appearance changes [21-23]. This problem becomes even more pronounced in
UAV videos. Since vehicles appear smaller in such videos, their appearance features also become more
limited and less distinctive. Moreover, using ground surveillance cameras, the vehicles are observed
as they drive straight in parallel directions. They may also turn a few degrees, e.g., 90 degrees to take a
left or right turn [18]. Therefore, the appearance features of the same vehicle do not vary much in a
ground surveillance video [18,20,24]. In UAV traffic videos, however, when vehicles drive through
roundabouts or interchange roads, their appearance features vary considerably depending on their
relative orientation to the camera. An instance of this challenge is presented in Figure 1. This sample
video is captured from approximately 70 m above the roundabout level with close to 40 degrees tilt.
The appearance features of vehicle #16 change aggressively as the vehicle completes its maneuver from
the exit ramp through two roundabouts to the highway entrance ramp. In this case, it is exceptionally
challenging to robustly track the vehicle and consistently re-identify it through its whole trajectory.
Vehicle occlusion by either other vehicles or road assets, such as traffic signs, is also a notable problem
in traffic flows captured by UAVs. Finally, since the UAV moves freely, no assumptions can be made
about the camera being stationary. That is, the optical flow happening in the video is the result of both
the scene flow and the camera motion; this makes the vehicle motion-estimation task less trivial.

In this paper, we propose a vehicle tracking-by-detection approach applicable to UAV videos,
which is robust against orientation and scale variations. A state-of-the-art object detector, the most
recent version of You Only Look Once (YOLOV3) [25,26], is fine-tuned by custom-labeled datasets
for vehicle detection. Multi-vehicle tracking is achieved by integrating Kalman filtering (for motion
estimation) and deep appearance feature matching (for vehicle re-identification). The contributions of
this research article are three-fold: (1) adapting a deep-learning-based vehicle re-identification (Re-Id)
approach for tracking multiple vehicles using UAVs in near-real-time (11 frames per second (fps) in
tracking and 30 fps in detection) from high-resolution videos (2720p); (2) achieving an unprecedented
performance in terms of maximizing detection precision and recall, minimizing identity switches,
and maximizing multi-object tracking accuracy; (3) maintaining high detection and tracking accuracy
under complex traffic-monitoring scenarios that rarely are tested in the literature, e.g. in late afternoons
with long vehicle shadows, in dawn with vehicles lights being on, over roundabouts and interchange
roads where vehicles directions change considerably, and from various dynamic viewpoints where
vehicles” appearance undergo substantial perspective distortions including considerable orientation
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and scale changes. The test videos applied for performance analysis in this study are made publicly
available at the following link: https://github.com/jwangjie/UAV-vehicle-tracking.

Figure 1. Vehicle detection and tracking at roundabouts from unmanned aerial vehicle (UAV) videos.

As vehicle #16 is driving through roundabouts (shown sequentially from (a) to (f)), its appearance and
resolution change considerably.

The rest of this paper is organized as follows. Section 2 briefly reviews the related work on vehicle
detection and tracking. Section 3 presents the applied methodology. Sections 4 and 5 describe the
experiments and present the obtained results. Section 6 discusses the outcomes of the experiments.
Concluding remarks and perspectives around future work are provided in Section 7.

2. Related Work

In general, MOT is a solution to detect and predict the trajectories of multiple objects simultaneously
while maintaining their identities through a video sequence [27]. As such, the main two components
of MOT are detection and tracking. MOT techniques are generally categorized as online and offline
(batch) approaches [28]. Offline MOT methods estimate object trajectories using detection results from
the past and future frames, while the online MOT methods utilize the past and current frames only.
Online MOT is the preferred technique for traffic monitoring since it allows real-time analysis of the
traffic flow. In online methods, the tracker first receives the detection results in the current frame. Then,
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data association should be performed to relate the detection results in the current frame to those of the
previous frames.

The most recent techniques of multi-object detection are based on CNNs, which are either based on
a single-network or two-stage networks. Two-stage detectors, such as fast region-based convolutional
network (Fast R-CNN) [29], Mask R-CNN [30] and Faster R-CNN [31], first use region proposal
networks (RPN) to predict the location of potential objects. Then, they refine bounding-box prediction
and classification in the second network by average-pooling features over the proposal regions. In the
literature, there are many car detection studies that use two-stage network detectors. Examples include
R-CNN with multi-scale feature upsampling by deconvolution [32], Faster R-CNN with hyper region
proposal and a cascade of boosted classifiers [33], and scale-invariant Faster R-CNN with context-aware
region-of-interest pooling [34]. Single-network detectors, such as YOLO [35], single-shot multi-box
detector (SSD) [36] and RetinaNet [37], perform bounding-box prediction and classification through a
single network. SSD has been used for vehicle detection in several studies; e.g. in its original form [38],
with a modified architecture combined with the Slim ResNet-34 [39], aided with temporally identified
regions of interest [40]. YOLO and RetinaNet architectures are also used in the literature for vehicle
detection. They generally report higher accuracy in terms of detecting smaller objects in the large
image space. Examples include YOLOv2 [41] with improved loss normalization, anchor-box clustering
and multi-layer feature fusion [42], YOLOv3 with additional prediction layers [43], Tiny YOLOv3 with
repeated up-sampling and additional passthrough layers [44], and focal loss-based RetinaNet [45].
These approaches are performed on relatively low-resolution videos in order to achieve high detection
speed and proper accuracy. Examples include resolution of 960 x 540 pixels at 34 fps with average
precision of 43%—79% [38], resolution of 300 x 300 pixels at 20 fps with mean average precision (mAP)
of 77% [39], varying resolutions up to 1920 x 1080 pixels with processing time of 0.09 sec per frame
(~ 11 fps) with Fl-score of 39% [40], varying resolutions up to 608 x 608 pixels with processing time
of 0.038 sec per frame (~26 fps) with mAP of 68% [42], resolution of 960 x 540 pixels at 9 fps with
mAP of 85% [43], resolution of 512 x 512 pixels at 75 fps with mAP of 80%—89% [44], resolution of
960 x 540 pixels at 21 fps with mAP of 74% [45]. A comprehensive report on the performance of
single-network detectors against two-stage networks can be found in [46]. In general, comparative
studies show that single-network detectors have gained more popularity due to their acceptable
precision-time tradeoff. Although two-stage networks provide comparable detection accuracy to
single-network ones, their running speed is much slower for practical applications. Single-network
(also known as region-free) detectors can offer real-time detection in high-resolution videos [47]. This is
an essential characteristic in order to analyze the traffic flow in real-time. Faster R-CNN and YOLOv3
are compared for vehicle detection in reference [48]; it was concluded that YOLOv3 outperforms
Faster R-CNN in terms of both recall and speed even though they result in similar precision. It is
also known that, in two-stage detectors, the classifier network following the RPN faces difficulties
in correctly distinguishing vehicles from complex backgrounds [33]. There are also other studies in
vehicle detection that use conventional machine learning and computer vision techniques. In these
techniques, traditional features such as histogram of oriented gradient (HOG), Haar-like wavelets,
local binary patterns, color probability maps, and semantic features are used with classifiers, such as
linear support vector machine (SVM), multi-kernel SVM, and Adaboost, for vehicle detection [49-53].
Object detectors based on discriminately trained deformable part models have also been reported for
vehicle detection [54-56]. A comprehensive review of traditional vehicle detection techniques can be
found at [10]. These methods provide comparable accuracy to CNN-based approaches. However, they
are based on features, that are hand-crafted to represent the details of real data, and classifiers, whose
run-time grows considerably with the volume of available features. Therefore, they are not sufficient to
provide a balance among the accuracy of vehicle detection, time efficiency, and completeness without
requiring human involvement [57].

Traditional multi-object tracking approaches rely only on motion indications; e.g., multiple
hypothesis tracking [58], joint probabilistic data association filter [59], Kalman filter [60], Hungarian
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algorithm with Kalman filter [61], and probability hypothesis density filter [62]. The complexity of
these filters increases considerably as the number of tracked objects increases. This renders them
unacceptable for real-time tracking of vehicles in dense urban traffics. Besides, solely relying on motion
clues makes these approaches unsuitable for complex scenarios where maneuvers are not predictable
using simple kinematic models. Therefore, in recent MOT approaches motion features are integrated
with those of appearance to improve vehicle re-identification. Such appearance features can be
extracted using CNNs [63—67]. For instance, in reference [64], a deep association metric is trained based
on a large-scale human dataset [68]. This metric was successfully applied to track humans through long
periods of partial occlusions. Recently, Li et al. [69] proposed a speed estimation method from traffic
videos captured by UAVs. They first follow a tracking-by-detection framework for vehicle tracking and
then conduct vehicle speed estimation. The vehicle detector is YOLOvV3 trained by a dataset collected
from a ground surveillance camera [70] as well as a custom-labeled airborne video. Intensity-based
similarity measures between bounding boxes along with their intersection-over-union (IOU) scores are
applied for tracking. This approach was tested in simulated scenes at AirSim [71] as well as real UAV
traffic videos. While speed-estimation results were metrically evaluated, no quantitative measures
were provided for detection and tracking. The tracking method of [69] has originally been applied
for human tracking [61], which was shown to suffer from severe identity-switching issues. There
are also traditional approaches based on computer vision techniques that are still popular [22,72,73].
In such approaches, discriminative methods using hand-crafted features, such as scale-invariant feature
transforms (SIFT), speeded up robust features (SURF), region-based features or edge-based features, are
applied for re-identifying vehicles [74-78]. Optical-flow estimation using variational methods [73,79,80],
e.g., the Lucas-Kanade method, and correlation-based filters [40], e.g., background-aware correlation
filter, are also used for vehicle tracking. Traditional computer vision-based methods, however,
generally cannot provide an efficient and reliable feature detector/descriptor for large scale videos
of dense urban traffic flows and rarely are tested for multi-vehicle tracking in real-time. These
approaches are frequently applied in simple traffic scenarios, e.g., vertical bird’s eye view of vehicles
driving on straight roads. Leading-edge techniques for vehicle detection, tracking, and multi-camera
vehicle re-identification using ground surveillance cameras were presented through the last Al City
Challenge [18]. Tang et al. [22] proposed an award-winning tracking-by-detection paradigm to detect
and track multiple vehicles from closed-circuit television (CCTV) cameras. In their study, vehicle
detection is performed using YOLOv2, where a manually labeled dataset is applied to train the detector
via fine-tuning. Then, a complex loss-function, fusing visual and semantic features, is used for data
association. Visual features extracted from RGB, HSV, Lab, LBP, and HOG spaces for each vehicle target
are learned by an adaptive histogram-based appearance model. Semantic features, including trajectory
smoothness, velocity changes, and temporal information, are incorporated into a bottom-up clustering
strategy to address the re-identification problem. In their test videos, although vehicle tracking was
performed within a short distance from the camera (maximum 50 m), the identity-switching issue
could still be noticed. The winners of the second place of the traffic speed estimation challenge [23] also
followed a tracking-by-detection paradigm. They use a model called DenseNet as the object detector,
generate one bounding box for each detected vehicle, and then apply the minimum-cost-maximum-flow
optimization method for the inter-frame association of the bounding boxes. They also apply Kalman
filtering to obtain a smoother trajectory. No direct experimental results or videos were provided to
show how well their methodology handled the identity-switching issue.

It can be concluded that developing an efficient and reliable multi-vehicle tracking approach for
large-scale videos in complex road structures is still a challenging task and a topic of ongoing research.
This is especially the case for UAV videos since, at higher altitudes and oblique moving viewpoints,
minimal appearance features are available for the targets.
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3. Methodology

The most significant challenge for vehicle detection and tracking from UAV videos is that a limited
amount of distinctive information, such as plate number, is available for each vehicle. Thus, in this
paper, we propose a deep learning-based tracking-by-detection approach. This approach is reliably
applicable to long-term tracking (more than 6 min) in high-resolution videos (2720-by-1530 pixels)
captured by UAVs from complex road structures with dense traffics. The details of this approach are
presented in the following sections.

3.1. Detection

The third version of You Only Look Once, YOLOV3, is currently leading the state-of-the-art in
real-time object detection [26] and, accordingly, is used in this study too. The architecture of YOLOV3
is shown in Figure 2.

( Concatenation A
~ - Scale 1 /—
* Addition 82 ﬁ Stride: 32 /

Residual Block

N e

®

Detection Layer

Scale 2
Stride: 16

Upsampling Layer

e Further Layers
Scale 3
Stride: 8

Figure 2. The You Only Look Once (YOLOvV3) network architecture, modified from [25].

In YOLOV3, detection is performed by applying 1 x 1 kernels on feature maps in three different
resolutions. As shown in Figure 2, the first detection happens at layer 82, resulting in a detection
feature map of size 13 X 13 x 255. The feature map of layer 79 is first connected to several convolutional
layers and then is up-sampled to size 26 x 26. The feature map is then concatenated with the feature
map of layer 61. The second detection is made at layer 94, resulting in a detection feature map of size
26 % 26 x 255. The third detection happens at layer 106, yielding a feature map of size 52 X 52 x 255.
A similar procedure is repeated, where the feature map of layer 91 is connected to few convolutional
layers and then is concatenated with the feature map of layer 36. The 13 x 13 layer is responsible
for detecting large objects, the 52 x 52 layer can detect small objects, and the 26 x 26 layer succeeds
in detecting medium-size objects [25]. This is the most interesting feature of YOLOV3 regarding
multi-vehicle detection in UAV videos; that is, it generates detection probabilities at three different
scales. This feature makes the detector scale-invariant to some extent and improves the accuracy of
detecting smaller vehicles [81].
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There are several existing datasets and pre-trained networks for vehicle detection [26,81,82].
However, most of these datasets are captured by ground vehicles or surveillance cameras. The vehicle
detectors trained by these datasets perform poorly on UAV videos, as shown in Figure 3.

(b)

Figure 3. Vehicle detection in UAV videos: (a) vehicle detection by YOLOV3 trained via
ground-surveillance videos; (b) vehicle detection by fine-tuning YOLOV3 using custom-labeled
airborne videos.

Several videos were captured (by a professional drone service company) for this work by a DJI
Phantom 4 Pro with a resolution of 2720*1530 pixels at 30 fps from different positions, angles, and
lighting conditions in four different days (please see the source of the videos in the Acknowledgments
section). Two of the DJI videos along with two public UAV datasets, aerial-cars-dataset [48] and UAV
Detection and Tracking (UAVDT) Benchmark [47] were used for fine-tuning YOLOv3. The vehicle
detector, YOLOvV3, was fine-tuned from a pre-trained set of weights (i.e., darknet53.conv.74 on
ImageNet). The three datasets used for fine-tuning our vehicle detector included: 155 images from
aerial-cars-dataset (Figure 4a), 1374 images from the M0606 folder UAVDT-Benchmark (Figure 4b),
and our custom-labeled 157 images (Figure 4c).
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Figure 4. Datasets used for fine-tuning YOLOv3 vehicle detector: (a) 155 images from aerial-cars-dataset;
(b) 1374 images from the UAVDT-Benchmark (M0606); (c) 157 images from our UAV videos (DJI_0004
and DJI_0016).

3.2. Tracking

To achieve reliable vehicle tracking, data-association methods are required to relate the detected
vehicles in the current frame to those of the previous frames. In this work, motion estimation based
on Kalman filtering is integrated with deep appearance features to robustly track multiple vehicles
across video frames while maintaining their identities regardless of excessive viewpoint (scale and
orientation) changes in UAV videos. The proposed framework for multi-vehicle tracking-by-detection
is shown in Figure 5.

Table 1. The architecture of the wide residual network [63] trained for vehicle re-identification.

Layers Patch Size/Stride Output Size

Conv 1 3x3/1 32 x 128 x 64

Conv 2 3x3/1 32 x 128 x 64
MaxPool 3 3x3/2 32 X 64 x 32
Residual 4 3x3/1 32 X 64 x 32
Residual 5 3x3/1 32 x 64 x32
Residual 6 3x3/2 64 %32 %16
Residual 7 3x3/1 64 xX32x%x16
Residual 8 3% 3/2 128 x 16 X 8
Residual 9 3x3/1 128 x 16 X 8
Dense 10 128

I)-norm 128
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Figure 5. The proposed framework for multiple vehicle tracking-by-detection. Detection: the vehicle
detector was fine-tuned on YOLOvV3 by a custom labeled dataset together with two other datasets
(Figure 4). Re-Id training: deep vehicle Re-Id appearance features were extracted by training a wide
residual network (Table 1) with the VeRi dataset (Figure 6). Tracking: the detected bounding boxes
were used to calculate the Mahalanobis distance (Equation (1)) as the motion metric (Equation (2)), and

the pixels inside the bounding boxes were used to calculate the minimum cosine distance (Equation
(3)) as the deep appearance similarity metric (Equation (4)); the two metrics were then integrated in a
weighted form to conduct data association using cascade matching.

Figure 6. Sample images of VeRi dataset [20].

3.2.1. Motion and Deep Appearance Features

The inter-frame movement of each vehicle was described with a constant-velocity motion model.

For each vehicle, the tracking state vector contains eight elements (x, y, ¥, h, x, y, 1, h), where (x, y)
denotes the location of the center of the bounding box in the image, r is the aspect ratio, h represents
the height of the bounding box, and their corresponding first-order derivatives in consecutive frames

are denoted as (x, v, 7, h) The coordinates of the bounding boxes detected in the new frame as well
as the appearance features extracted from the pixels inside the bounding boxes form the observations
required to update the vehicles state. Appearance features are important aspects of this tracking
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technique. To this end, in this paper, a deep CNN architecture (wide residual network) designed
initially for human identification by [63] was trained with a Vehicle Re-id (VeRi) dataset available
in [20]. This dataset was created from real-world traffic videos captured by 20 surveillance cameras.
The cameras were installed along several roads and recorded videos at 25 fps and 1920 x 1080 resolution.
This dataset includes 49325 images from 776 vehicles, in which each vehicle is captured by at least two
cameras from different viewpoints, as shown in Figure 6.

The architecture of the wide residual network applied for vehicle Re-Id is shown in Table 1.
This wide residual network is very similar to that originally designed for learning human appearance
features [63,83]. This network is composed of two convolutional layers and six residual layers, followed
by a dense layer to extract feature descriptors of length 128. The final l-norm layer projects the features
to a unit hypersphere.

3.2.2. Data Association

A data association metric was designed to integrate both motion and deep appearance features.
Detected and identified bounding boxes from the last frame are transitioned to (predicted in) the
next frame using a constant-velocity motion model. A squared Mahalanobis distances between the
predicted bounding boxes and the newly detected ones are calculated as the motion metric as follows,

di(i, j) = (d;—y)" ST (d; - 1) 1)

where d; denotes the location of j-th newly detected bounding box, y; and S; represents the mean
and covariance matrix of the i-th predicted bounding box. A threshold can be tuned to control the
minimum confidence to conduct the data association between objects i and j. The decision can be made

(1)

by an indicator bl.]. defined as follows,

“eoolo, dii, j) >t

The indicator will be equal to 1 if the Mahalanobis distance is smaller or equal to a threshold
t(1), which is tuned by trial-and-error. In this case, the association between objects i and j will happen,
and state update will be formed. Sever identity switches occur when using motion as the only metric
for data association. Therefore, a second metric, called hereafter as the deep appearance-similarity
metric is also applied. This metric measures the minimum cosine distance of the appearance features
between objects i and j as follows,

da(i, j) = min(1-r71) ®)

where 7; is the appearance feature vector of the recently detected object j, and rlii) represents the most
recent k feature vectors of the tracked object i. In his study, parameter k is empirically set to a maximum
number of 100 available vectors. Similar to the motion metric, to determine whether an association is
acceptable or not, a binary indicator of the deep appearance-similarity metric was defined as follows,
b(z) _ {1, d> (i, ]) <@ @

oo, do(i, j) >t

A suitable threshold for this indicator was empirically found using the VeRi dataset shown in Figure 6
by comparing appearance-similarity metrics corresponding to correct and false association-hypotheses.
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The Mahalanobis distance (d;) between the locations of the predicted and the newly detected
bounding boxes along with the cosine distance (d,) between the deep appearance features of the
tracked objects and the newly detected objects can be integrated as follows,

¢i,j = Ady(i, j) + (1= A)da(i, j) )

By tuning the weight factor, A, two metrics can contribute complementarily to the re-identification
and tracking tasks. For example, when there is substantial camera or object motion, constant-velocity
motion models are not valid anymore. Thus, the appearance metric becomes more significant by
setting A = 0; and on the contrary, when there are limited vehicles on the road without long-term
partial occlusions, setting A = 1 can accelerate tracking computation by shutting down the calculation
of the deep appearance-similarity metric. An improved Hungarian algorithm was then applied as the
matching approach [64] for data association using the metric of Equation (5). In our implementation,
a maximum loss time of 30 frames (since in our videos, the frame rate is 30 fps) is considered. In order
to avoid redundant computations, if a tracked object (object i) is not re-identified in the most recent
30 frames passed since its last instantiation, it will be assumed that it has left the scene. If the object is
seen again later, a new ID will be assigned to it.

4. Experiments

In the experiments, a DJI Phantom 4 Pro quadrotor with a gimbal-mounted camera was used to
capture various traffic videos. The camera was adjusted to a resolution of 2720*1530 pixels and speed
of 30 fps. The computer used in performing these experiments was equipped with a six-core Intel Core
i7-8700 CPU with 12 threading, operating at 3.20 GHz, an NVIDIA GeForce GTX 1080 Ti and Intel
UHD Graphics 630 GPU, and 32.0 GB of RAM. The main software packages installed on this desktop
included Ubuntu 16.04, Python 3.5, TensorFlow 1.4.0, OpenCV 3.4.0, and CUDA 9.0.

The proposed vehicle tracking-by-detection approach was evaluated based on various test videos,
as shown in Figure 7, including three videos collected by the DJI Phantom 4 Pro, one video of
UAVDT-Benchmark dataset (M0101), and two videos of FHY-XD-UAV-DATA (scene 2 and scene 5) [69].
Three DJI videos including video 1 (DJI_0006) collected in a typical lighting condition (Figure 7a),
video 2 (DJI_0013) collected in a late afternoon with long vehicle shadows (Figure 7b), and video 3
(DJI_0001) recorded in dawn with vehicle lights (Figure 7c) were kept aside for testing the proposed
approach. Although the test videos were captured from the same scene as that of the training videos
(Figure 4c), these three videos had never been seen by the vehicle tracker. UAVDT-Benchmark dataset
(M0101) shown in Figure 7d is also different from the training video (M0606) in Figure 4d. Scene 2
(rural street) and Scene 5 (intersection) of dataset FHY-XD-UAV-DATA, shown in Figure 7e,f, were also
completely new videos and never used for training.

For DJI videos, the flight altitude above the roundabout layer is from 60 and 150 m, with tilt
angles of 3060 degrees. We have calculated this information by estimating the exterior orientation
parameters of the camera at some sample frames via photogrammetric bundle adjustment with a
scale constraint added by considering the length of middle road dash-lines (3.15 m). This is only an
approximation since the UAV constantly moves either by purpose or due to wind forces. Speed limits
in these datasets vary between 100 km/h (in the underlying highway) and 0 km/h (at yield points at
roundabouts and ramps). For the UAVDT-Benchmark dataset (M0101), the altitude is described as
higher than 70 m [47]. For the FHY-XD-UAV-DATA dataset (Scene 2 and Scene 5), the flight altitude is
generally between 50 to 80 m [69]. No information about the title angles of these videos is available.
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Figure 7. Testing videos: (a) DJI video 1 (DJI_0006) collected with a standard lighting condition; (b) DJI
video 2 (DJI_0013) collected in late afternoons with long vehicle shadows; (c¢) DJI video 3 (DJI_0001)
recorded in dawn with vehicle lights being on; (d) UAVDT-Benchmark dataset intersection (M0101);
(e) Scene 2 of FHY-XD-UAV-DATA; (f) Scene 5 of FHY-XD-UAV-DATA.

To evaluate the proposed tracking method in the DJI videos, only ramps and roundabouts,
bounded by the red polygon in Figure 8, comprised our region of interest (ROI). Even though our
method performs equally well on the highways, the proposed tracking technique was only evaluated
for the vehicles in the ROI There were two reasons for selecting this ROL. First, the primary motivation
of this work is to address multi-vehicle tracking in complex road structures that are not feasible by
ground surveillance videos. Second, manually counting the trajectory of the dense traffic underneath
the highway for creating the tracking ground-truth was too time-consuming. Please note that this ROI
only applies for tracking evaluation; that is, the detection accuracy was tested on the whole area of
the frame. UAVDT-Benchmark and FHY-XD-UAV-DATA videos were evaluated at the whole video
frames both for detection and tracking.
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Figure 8. The red polygon denotes the region of interest for evaluating the tracking technique; it
comprises the roundabouts and ramps, which are examples of complex road structures.

The performance of the proposed multi-vehicle tracking-by-detection approach was quantitively

analyzed via various metrics [27,84,85]. These metrics include: true positive (TP), false positive (FP),
true negative (TN), false negative (FN), identification precision (IDP), identification recall (IDR), F1
score, multiple-object tracking accuracy (MOTA), mostly tracked (MT), mostly lost (ML), and identity
switching (IDSW). Among these metrics, TP, FP, TN, EN are applicable to both detection and tracking,
IDP, IDR, and F1 score are used for detection evaluation, and MOTA, MT, ML, and identity switching
(IDSW) are applied for tracking evaluation. The definitions of the above metrics are provided below.

TP: True Positive, Number of positive observations that are correctly predicted as positive.

FP: False Positive, Number of negative observations that are incorrectly predicted as positive.
TN: True Negative, Number of negative observations that are correctly predicted as negative.
FN: False Negative, Number of positive observations that are incorrectly predicted as negative.

IDP: Identification Precision, True positive divided by the total number of observations that are

predicted as positive.
TP

IDP = 75— Fp

x 100 (6)

IDR: Identification Recall, True positive divided by the total number of positive observations.

F1 score: Harmonic mean used to fuse IDP and IDR.
2+ IDP*IDR
H="Tp 1R 1% ®

MT and ML: These are to evaluate what portion of the trajectory of a vehicle is recovered by the
tracking method. An object is mostly tracked (MT) if it is successfully tracked for at least 80%
of its life span (the time during which it is observable in the video). If a track is recovered for
less than 20% of its total length, it is said to be mostly lost (ML). It is irrelevant for MT and ML
whether the identity of the object remains the same.

IDSW: Number of times the identity of the tracked object changes.
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e MOTA: It is the most widely used metric since it summarizes the overall tracking accuracy in
terms of FN, FP and IDSW as follows,

Y, (EN; + FP; + IDSW;)
Y.iGT;

MOTA = (1- ) x 100 ©)

where i is the frame index, and GT is the number of ground truth vehicle objects.

Due to the long duration of the testing videos (usually more than 10 min), high frame rate (30
fps), and a large number of vehicles observable in the videos, benchmarking the ground-truth was
considerably labor-intensive. Therefore, the ground-truth data for detection evaluation was collected
at a frame rate of 1 fps. We believe that the total number of observable cars do not change considerably
within 1 s; thus, selecting this frame rate for ground-truth creation does not impact the fairness of
our evaluations. For tracking, however, the ground-truth data need to be generated at the original
video frame rate (i.e., 30 fps). Therefore, the middle 30 s of each video was selected for generating the
ground-truth data for tracking evaluation. For M0101 video of UAVDT-Benchmark and Scene 5 video
of FHY-XD-UAV-DATA, since the whole duration of the videos was less than 1 min, the complete
duration of the videos was used for tracking evaluation.

5. Results

Tables 2 and 3 summarize the performance of the proposed tracking-by-detection approach in
terms of the evaluation metrics introduced in Section 4. The upward arrow (T) and downward arrow
(1) beside each evaluation metric should be interpreted as the higher the score, the better performance,
and the lower the score, the better performance, respectively. In Tables 2 and 3, the total number of
ground-truth vehicles is listed in the second column as Total #.

Table 2. The evaluation metrics of multi-vehicle detection from UAV videos.

Video Total # TPT FP| TNT FN| IDPT IDRT F1 Score?
DJI video 1 4969 4804 0 3 165 100.00 96.68 98.3
DJI video 2 864 647 56 0 217 92.03 74.88 82.6
DJI video 3 6984 6134 22 0 850 99.64 87.83 93.4

MO0101 191 170 3 0 21 98.27 89.01 93.4

Scene 2 153 138 16 0 15 89.61 100.00 94.5
Scene 5 5901 4881 23 0 985 99.53 83.21 90.6

Table 3. The evaluation metrics of multi-vehicle tracking from UAV videos.

Video Total # TPT FP| TNT FN| MT?T ML| IDSW| MOTAT
DJI video 1 14496 11949 0 0 2456  52.63% 0% 24 82.89
DJI video 2 5413 3529 299 0 1298  46.15% 0% 90 68.83
DJI video 3 15120 7319 38 0 2543 44% 4% 45 82.63

MO0101 558 4441 8 0 610 76.19% 0% 8 88.74

Scene 2 10027 9385 783 0 597 90.90% 0% 13 86.11
Scene 5 16061 11305 161 0 3227  68.57% 5.7% 22 78.77
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To provide a reference for assessing the performance of our solution, the results from a
state-of-the-art detection-and-tracking approach [47] are provided in Table 4. In [47], four deep
CNN detectors, such as Faster R-CNN and SSD [36], combined with eight MOT methods, such as
MDP [86], were tested for multi-vehicle tracking in UAV videos. The best performance metrics among
all detector-and-tracker combinations are presented in Table 4.

Table 4. The state-of-the-art performance in detection-and-tracking according to [47].

IDPT IDRT F1 Score? MT?T ML| MOTAT
74.5 55.0 61.5 47.3 19.5 43.0

The rule that we followed for counting vehicle IDSW is the same as all other MOT methods in the
literature; that is, an IDSW occurs whenever the assigned identifier to the vehicle changes from one
frame to another one.

6. Discussion

From Table 2, it can be seen that high accuracy for vehicle detection was achieved for all test videos
except for DJI video 2 with the lowest F1-score of 82.6%. The main reason for this outcome is that the
vehicles in this video appear with long shadows, as shown in Figure 7b. None of our training datasets
included such illumination conditions, and thus shadows were sometimes wrongly detected as vehicle
objects. While compared to the state-of-the-art accuracy in vehicle detection in Table 4, our vehicle
detector provides better detection performance (i.e., higher F1 score). The vehicle tracking results are
summarized in Table 3. In general, from the MOTA metric, it can be concluded that our proposed
method achieved a robust and accurate multi-vehicle tracking performance in complex traffic scenarios.
The DJI video 2 (Figure 7b) has still the lowest MOTA due to too many false positives that correspond
to shadows wrongly detected as vehicles. For Scene 5, the main reason for having a lower MOTA is
that there were some vehicles which were not detected accurately (high FN). We believe that this is
mainly related to the fact that the cars in this dataset have considerable shape/model differences with
the cars available in our training datasets. For example, buses and trucks in Scene 5 (collected in China)
are very different from the training ones (collected in Canada and the United States). The traffic-control
booth in the middle of Scene 5, as shown in Figure 7f, was also continuously detected as a stationary
vehicle. This is another reason to achieve a relatively lower MOTA in Scene 5.

Vehicles were mostly tracked (MT) with an average of 48% on DJI videos and 79% on other test
videos. In the DJI test videos, it was noticed that (1) vehicles were lost when they approached the
corners and the edges of the frames probably since the lens distortions had more notable impacts
on the appearance of the vehicles; (2) white vehicles were tracked better compared to black vehicles,
which could be due to the fact that our training datasets contained fewer black vehicles than white
ones. Tracking black vehicles was even more challenging under limited light conditions, such as DJI
video 3 (Figure 7c). More custom UAV traffic images with different lighting and weather scenarios as
well as a wider variety of vehicle models and colors would be helpful in order to have a more robust
vehicle tracker.

From Table 3, it can be concluded that the proposed approach addressed the identity switching
problem very well, resulting in a total of 202 identity switches over 61675 tracked vehicles. In total,
with the proposed tracking and re-identification approach, only one identity switch occurs when
tracking 305 vehicles. The worst performance in terms of identity switch still occurs in DJI video 2.
We noticed that, in this test video, despite the poor performance of the re-identification module, the
identity of the vehicles could be recovered every now and then. For instance, the identity switches
of a vehicle are shown in Figure 9. The identification number of this vehicle changes as follows:
786 — 884 — 902 — 909 — 912 — 914 — 902 — 884 — 918 — 974 — 977 — 918 — 1004 — 1085 —
1004 — 1088 — 1004. We believe that the identity could switch back since the appearance-similarity
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metric (Equation (3)) considers the past one-hundred descriptors of every track. Therefore, if the
appearance of a car becomes similar to one of its past poses even if it is located many frames behind
the current time, the car can still be correctly re-identified. When counting the IDSW metric, if these
identity recoveries were considered, then there would only be three IDSWs instead of 17 IDSWs. That
is, between Figures 9b and 9h, between Figures 9i and 91, and between Figures 9m and 9p, there are
no identity switches. There is one identity switch from Figure 9a to Figure 9b, one from Figure %h to
Figure 9i, and another one from Figure 91 to Figure 9m. If such a rule were used in counting the identity
switches in Table 3, then only a total of 138 identity switches would happen over 61675 tracked vehicles.

It was also noticed that our re-identification approach is robust to occlusions, occurring for less
than 30 frames. For instance, Figure 10 shows an example of such a situation where vehicle # 3238
drives towards the traffic sign at frame 7587. At frame 7592, it is partially occluded, yet it is identified.
Then, it is blocked by the traffic sign from frame 7593 to frame 7612. As it partially re-appears at frame
7613, it is re-identified correctly.

Figure 9. Cont.
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Figure 9. The identity of the vehicles could be recovered every now and then. The identity of the same
vehicle changes as: (a) 786; (b) 884; (c) 902; (d) 909; (e) 912; (f) 914; (g) 902; (h) 884; (i) 918; (j) 974;
(k) 977; (1) 918; (m) 1004; (n) 1085; (0) 1004; (p) 1008. This example is selected from DJI video 2.
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Figure 10. The identity of vehicles is correctly recovered even though they are occluded by other objects

for several frames. These examples are selected from DJI video 1.
7. Conclusions and Future Work

In this paper, we proposed a reliable approach for detecting and tracking vehicles from UAV
videos. The first objective of this work was to detect vehicles in UAV videos accurately. YOLOvV3
was fine-tuned for this purpose. As a result, a high vehicle detection accuracy with an average F1
score of 92.1% was achieved at a speed of 30 fps on 2720p videos. The second objective was to
achieve reliable multi-vehicle tracking in complex road structures such as roundabouts, intersections,
and ramps from videos taken at various dynamic viewpoints in varying illumination conditions.
A tracking-by-detection paradigm was applied where motion and appearance features were integrated
to both track the vehicles and re-identify them. The tracking method performed accurately with
an average MOTA of 81.3%. The proposed approach also addressed the identity switching issues,
resulting in a total of one identity switch over every 305 tracked vehicles.

The weakness of the proposed detection approach was its sensitivity to long vehicle shadows.
The main challenge with the proposed tracking approach was its sensitivity to vehicle colors, e.g.,
black color that strongly correlates with both asphalt color and shadow color. More custom UAV traffic
images with different lighting and weather conditions as well as vehicle models and colors will be
beneficial to train a more robust vehicle tracker. Traditional data augmentation approaches, as well as
generative adversarial networks, can be helpful in improving training data. In addition, in the future,
geometric calibration of the camera will be performed, and images will be rectified in order to reduce
mis-detection errors near image corners. Of course, this will increase the run time of the approach
since the videos are high-resolution and rectifying the frames involves color interpolation. However,
in the cases of fisheye and wide-angle lenses with large radial lens distortion coefficients, this step
could be important for 3D trajectory extraction and accurate speed estimation.

The other aspect of this line of work, which needs further debate, is regulatory and safety issues
involved in the commercial operation of drones. It is mandatory to consider all the impacts of the
environment on UAV operation. Each system is capable of functioning well in limited environmental
conditions such as air pressure, temperature, humidity, solar radiance and lightning, wind speed, air
turbulence, pollution and other atmospherics conditions. The main common reasons that limit public
accessibility to unmanned flight certifications are: i) danger of crashing into people and properties,
ii) colliding with other aircraft and, iii) disturbing and disordering other civil and military services.
In theory, the certification of civilian drone operations is regulated by such authorities as the European
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Union Aviation Safety Agency (EASA) in Europe, the Federal Aviation Administration (FAA) in the
USA, the Civil Aviation Safety Authority (CASA) in Australia and the Canadian Aviation Regulations
(CAR) in Canada. They impose strict rules to prevent unreliable and unnecessary unmanned flight
operations. Specifically, in Canada, Transport Canada (TC) is responsible for civil UAV operations. TC
enforces a weight limit of 250 g to 25 kg for civil drones. This will not be an issue for traffic-monitoring
applications since there are many camera-equipped drones commercially available in this weight range.
In addition, TC requires that drones are operated within the pilots” visual-line-of-sight. This limits the
application of UAVs for long-term traffic monitoring since a pilot must observe the UAV continuously.
Moreover, deploying drones over bystanders and, thus, attended cars, is categorized as an advanced
operation. This category obliges the drone pilot to pass an advanced knowledge test and flight review
exam to receive the appropriate pilot certificate.
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