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Abstract—In this paper, we propose a multi-object tracking
framework for videos captured by UAVs, considering motion
imperfection in the following two aspects: 1) motion blurring of
objects due to high-speed motion of the UAV and the objects,
deteriorating the performance of the detector; 2) motion cou-
pling of the global movement of the UAV camera with the object
motion, resulting in the nonlinearity of objects trajectories in
adjacent frames and further more difficult to predict. For mo-
tion blurring, this paper proposes a hybrid deblurring module
that deals with the blurred frames while retaining the clear
frames, trading off between video tracking performance and
spatio-temporal consistency. For motion coupling, we proposed
a motion compensation module to align adjacent frames by
feature matching, and the corrected target position is obtained
in the next frame to alleviate the interference of camera
movement with tracking. We evaluate the proposed methods
on VisDrone dataset and validate that our framework achieves
new state-of-the-art performance on UAV-based MOT systems.

Index Terms—Multi-object Tracking, Motion Deblurring,
Global Motion Compensation, UAV Vision

I. INTRODUCTION

Multi-object tracking algorithm based on computer vision
has gradually become an attractive research field. With the
increasing popularity and rise of commercial UAVs, efficient
multi-object tracking algorithms based on the UAV platform
provide a new technical perspective for autonomous driving,
collaborative navigation, urban safety and disaster relief.

Although promising, it is still challenging for most current
MOT algorithms to cope with UAV video due to high-
speed camera movements and drastic object changes. There
are two main paradigms for multi-object tracking methods:
tracking-by-detection (TBD) [1]–[6] and joint detection and
tracking (JDT) [7]–[13]. On the one hand, although the JDT
paradigm can simultaneously perform both detection and
tracking in a forward operator, most re-identification (ReID)
modules and detectors share the same backbone network, and
ReID loss and detection loss are commonly contradictory
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Fig. 1: (Top) Prior work: Cascaded matching of detected
objects in each frame to obtain objects associated with the
trajectory, new objects or lost trajectories. The Kalman filter
is used to predict the linear motion of existing trajectories
and new objects. (Bottom) Ours: A multi-object tracking
framework with motion deblurring and compensation mod-
ules. Two main innovations: (1) the video has been processed
by a hybrid deblurring module before detection to clarify
the blurred frame caused by the high-speed movement of the
UAV; (2) in the prediction stage, global motion compensation
is performed to mitigate the prediction error caused by
camera movement.

[7]–[9]. If the detection loss is to be reduced, then the
ReID loss will be increased, which will inevitably affect the
detection performance. On the other hand, TBD paradigm
treats detection and tracking as two separate tasks. In the
detection phase, the detector workflow is not affected by the
tracking module, and the detector becomes the cornerstone
of tracking. Therefore TBD is more efficient and becomes
the mainstream solution for UAV-based MOT systems. [14].

Although TBD methods can balance the accuracy of the
detector and tracker, and achieve good results in object detec-
tion of video captured by static cameras, their performance
is much less satisfactory with UAV video. There are two
main challenges with mainstream TBD methods for UAV
tracking: (1) Most TBD methods [1]–[6] are validated by
videos collected by fixed cameras, where motion ambiguity
of the object is usually processed using the detector. Since
both the camera and the observed object are moving, it
is very common to cause more motion blurring in videos
captured by UAVs. Some UAV MOT systems [14]–[16] focus
on small objects and rely only on deepening the number of
convolutional network layers to improve detection capability.
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However, in the blurred frame, the features of the objects
change greatly, which is difficult to identify through the
detection network. Therefore, it is difficult to achieve accurate
detection by relying on the detector alone, and motion deblur-
ring of the video is a key supplement. (2) Motion prediction
in most TBD methods is achieved by Kalman filtering, where
the relative motion of an object is considered linear. However,
UAV video is the coupling of two parts: the motion of the
camera and objects. Therefore, linear motion prediction is
not appropriate in the UAV MOT system. Some tracking
methods [3], [17] use motion compensation, but due to the
inaccurate feature matching method, the deviation is larger
when applied to the UAV MOT system. Therefore, in the
UAV MOT system, accurate global motion compensation is
necessary to offset camera motion and lead to more accurate
prediction of object motion. In this paper, we propose a new
UAV MOT framework, which employs extra modules, see
Fig.1: Hybrid Deblurring and AdaLAM-based Global Motion
Compensation, named DC-MOT.

Fig. 2: Comparison of tracking performance before and after
deblurring video frames: (a)(b) Positive effect: after deblur-
ring, the undetected objects in the blurred frame become clear
and can be detected by the detector. (c)(d) Negative effect:
inappropriate deblurring will lead to spatio-temporal incon-
sistency, i.e. adding unrelated features in locations between
adjacent frames, and further misleads the detector.

Through extensive experiments, we observe that the mo-
tion deblurring of each frame is a double-edged sword in
more accurate MOT of UAV videos, as shown in Fig.2.
1) Positive effect (Fig.2 (a)(b)): after deblurring, optical
flow information for adjacent frames is used to restore
the blurred scene for the detector to disclose more objects
and thus enhance the tracking accuracy; 2) Negative effect
(Fig.2 (c)(d)): The commonly used optical flow methods in
MOT add spatio-temporal feature information, and can better
overcome the interrupted tracking, leading a lower identity
switches (IDs). However, the generated deblurring frames add
some pixels in the blurred regions, resulting in a larger FPs
[18] then a lower MOTA [18]. Therefore, deblurring all
video sequences by applying the existing deblurring methods
cannot guarantee enhanced tracking performance. To this end,
we propose a hybrid deblurring strategy to select frames
that are more suitable for subsequent deblurring and tracking

by an encoder, with PSNR thresholds designed for different
sequences according to the GTs [18], where both spatio-
temporal consistency and detection accuracy are considered
to achieve better overall tracking performance.

The main contributions of this paper are as follows:
• In this paper, we proposed a new MOT framework for

UAV video, which uses a hybrid deblurring module
to improve detection quality and obtain better tracking
results. To the best of our knowledge, this work is the
first to use motion deblurring to improve UAV-based
MOT performance.

• We proposed a feature matching method as a filter
for global motion compensation, which can counteract
horizontal, vertical, and rotational camera motion and
enables more accurate prediction of object motion.

• Extensive experiments demonstrate that our framework
with motion deblurring and compensation can improve
multi-object tracking performance on UAV videos.

II. RELATED WORK

A. TBD Multi-Object Tracking

In TBD methods, multi-object tracking is usually decom-
posed into two independent stages: the bounding box is
first obtained by object detection in each frame; then the
association module adds the target to an existing trajectory
or creates a new trajectory. As a representative of TBD
methods, DeepSort [2] is proposed using CNN to extract
the depth feature information of objects, and significantly
reduced the number of IDs without losing too much tracking
speed and accuracy. However, due to the simple structure of
the detector network, object recognition capability is limited,
and FPs remains large. To solve this issue, Tracktor [3] is
proposed with Faster RCNN [19] as a detector to perform
object detection in video frames, which has the highest
efficiency in object detection at that time. In addition, a
motion compensation model for low-speed camera motion is
proposed. However, the above TBD methods can barely cope
with UAV video scenes and datasets with fast movement of
the cameras.

To this end, we propose a new framework for UAV
video MOT system to improve the accuracy of motion
compensation. Both local spatial consistency and the method
of global geometry verification are considered in motion
compensation by feature matching. Our tracking method is
based on DeepSort and uses Yolov5 [20] as a detector, fitting
with both accuracy and speed.

B. Video Deblurring

With the success of adopting CNNs in image restoration
[21], deblurring networks [22] [23] [24] based on encoder and
decoder architecture are widely used in video deblurring. An
end-to-end solution [22] is presented to train a deep neural
network to learn deblurring given adjacent frames. To make
better use of spatial and temporal information, Kim [23]
developed an optical flow estimation method for aligning and
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aggregating information between adjacent frames to recover
the underlying spatio-temporal flow information. Pyramid,
cascade and deformable convolutions are used in [24] to
achieve better alignment performance of two frames. A
deep CNN model [25] with temporal and spatial attention
strategies is used to discover potential targets. It is noted
that the success of these algorithms in video deblurring is
due to the use of large detection models, but their generaliz-
ability in practical applications is limited, which is likely to
cause overfitting and deteriorate the deblurring performance.
Different from these methods, CDVD [26] is more compact
and lightweight, and combines the advantages of optical
flow method. Instead of expanding the capacity of network
models, video deblurring enhances the generalization abil-
ity of the model and greatly improves the performance of
downstream tasks such as object detection and tracking.

In this work, we propose a deblurring module for UAV
MOT system based on CDVD, with a hybrid strategy to
select frames for deblurring to achieve the most satisfactory
tracking performance.

C. Global Motion Compensation

For global motion compensation, we aim to align the
global features of adjacent frames, so we can formulate it as
an image matching problem. The classical image matching
methods, such as SIFT [27] and ORB [28], extract local
features from two images, match them to find the correspon-
dence to find the corresponding feature points set. Then, the
homography matrix is calculated by selecting the data from
the points set. RANSAC [29] and its improved methods [30]–
[32] play a part by repeatedly selecting a random subset
of the data. However, it is inefficient to perform random
search without filtering. Some methods have been proposed
to alleviate this problem. Simple low-level filters based only
on descriptors, such as ratio test [27], can filter out ambiguous
matches and outliers pruned by Hamming distance threshold.
The heuristic algorithms are efficient and easy to implement,
but they are likely to cause many outliers.

To achieve more accurate matches, the following two
methods are commonly used by recent studies in feature
matching: (1) Local spatial consistency filter [33]–[36] based
on the observation that correct matches should be consistent
with other correct matches in its vicinity, while an incorrect
match should be vice versa. Methods performed at this level
can also be very efficient and can select more valuable
information than simple filters. (2) The method of global
geometric verification methods [31], [37], [38] is based on
global transformations on which the correct correspondence
must be consistent. This can be done by fitting a global
transformation to the set of all matches, which can also
eliminate outliers and obtain satisfactory matches.

To achieve more accurate motion compensation, we pro-
pose a module based on AdaLAM [39], which combines
local spatial consistency and global geometric verification,
and then use RANSAC [29] to obtain the homography ma-

trix. Experiments show that our global motion compensation
module outperforms other feature compensation schemes.

III. METHODS

A. Pipline

We follow the methodology of TBD MOT system. Given
a video consisting of consecutive frames, the objects are
detected frame by frame, and predict the position of the
objects in the next frame. The same object is associated
with forming a trajectory, and the newly detected objects
are initialized to new trajectories. A detection box is de-
scribed by d = (fid, cl, hx, hy, wx, wy), where fid denotes
the ID of the frame; cl denotes the class information of
the detection; (hx, hy, wx, wy) denotes the position of the
detection box. To achieve more accurate multi-object track-
ing for UAV videos, we propose an algorithm named DC-
MOT. DC-MOT includes a hybrid deblurring module, a
global motion compensation module and Yolov5 [20] based
DeepSort module. The framework is shown in Fig.3. In
the hybrid deblurring module, the input video sequence is
deblurred by CDVD algorithm, and we design an encoder to
select deblurred frames for subsequent tracking. The Yolov5-
based detector is then used to detect objects in each frame.
Ahead of Kalman prediction, we integrate a global motion
compensation module based on AdaLAM, which aims to
find the best matching feature points of adjacent frames, and
then a RANSAC module is added to obtain the homography
matrix. The position of existing objects can be processed by
cascading matching based on DeepSort [2] to obtain new
objects and trajectories of the current frame. We proceed
to describe the details of the DC-MOT core modules are
described below.

B. Hybrid deblurring Model

UAV motion is caused by its own rotation, forward or
backward motion. The fast forward and reverse movement
of the UAV is likely to cause blurring in consecutive frames,
but there also exist frames where both the UAV and the
objects move slowly, and most of these frames are very clear.
Simply applying the deblurring module to each frame before
deblurring has limited improvement in tracking results (see
Fig.2).

We propose a hybrid deblurring module with an encoder
(Fig.4) to obtain a hybrid deblurring sequence. Frames with
a high PSNR [41] value are encoded as 1 in the initial
sequence, and other frames are encoded as 0. For frames
with their PSNR values lower than MOT PSNR(j)(Eq.1),
they are considered as blurred and require to restore clarity
based on CDVD. These frames are encoded as 1 in the
deblurring sequence, and other frames are encoded as 0 in the
deblurring sequence. The final hybrid deblurring sequence is
composed of the initial sequence and the frame encoded as
1 in the deblurring sequence. By this method, all frames are
considered in the new hybrid deblurring sequence, and the
advantages of deblurring algorithm can be maximized.
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Fig. 3: The framework of DC-MOT, following TBD workflow, has three main components: (1) Hybrid deblurring module:
an encoder is used to find suitable frames in the initial sequence and the deblurring sequence to form a hybrid deblurring
sequence, which can not only repair blurred frames, but also ensure spatio-temporal consistency. (2) Global Motion
Compensation: Feature points are extracted based on AdaLAM, and the homography transformation matrix of adjacent
frames is obtained by RANSAC to achieve global motion compensation. (3) TBD tracking: The output of Kalman filter [40]
is cascaded matching based on DeepSort [2] to obtain new objects and trajectories of the current frame.

We set PSNR=MOT PSNR as the threshold for each
sequence. Frames with value below this threshold are selected
for deblurring, and then input to the tracking algorithm.
Frames with value above this threshold are considered clear.
Through experiments, the selection of fixed PSNR as a
threshold is not well performed. This is because GTs for
various sequences is different. For sequences with larger
GTs, its PSNR stays lower at the same level of motion blur.
Therefore, it is unreasonable to define a uniform threshold
to determine whether the frames are clear or not. To this
end, we design a new threshold, MOT PSNR, taking into
account the GTs of different sequences, to generate adaptive
thresholds for different sequences:

MOT PSNR(j) = a− b× GT (j)∑
1≤i≤n

GT (i)
(1)

where a and b are constant parameters; GT (j) denotes the
GTs of the jth sequence and

∑
1≤i≤n

GT (i) denotes the GTs

of all sequences in the data set. For frames in each sequence
with their PSNR values higher than MOT PSNR(j), de-
blurring is not required to prevent unnecessary pixel infor-
mation.

C. Global Motion Compensation

Different from the fixed-camera video datasets, for UAV
video, camera motion is highly dynamic, and the traditional
linear motion assumption in MOT can hardly be applied in

Fig. 4: Hybrid deblurring module, MOT PSNR threshold
of each sequence is used to encode each frame, and appro-
priate frames are selected by an encoder to constitute a new
sequence for deblurring.

this scene. The goal of global motion compensation is to align
the features of adjacent frames, and decouple the motion of
objects, so that the motion of objects closely compiles with
linearity in adjacent frames, so as to better predict the position
of objects in the current frame.

Based on this, the problem of global motion compensation
can be reformulated into image feature matching, and the
transformation matrix can be calculated by selecting appro-
priate pairs of feature points. We use AdaLAM [39] for
feature matching, which can comprehensively select feature
points. Since AdaLAM performs local and global screening,
feature points satisfy local and global geometric constraints,
making matching more accurate:

Φ(t− 1, t) = AdaLAM(ft−1, ft) (2)
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Fig. 5: Visualization of our detection and tracking results on two sequences of the VisDrone2019-MOT-val dataset.

where ft−1 and ft denote frame t − 1 and frame t, re-
spectively, Φ() denotes the set of matching point pairs.
After the matching, we use the feature points generated by
AdaLAM as the input to RANSAC [29], and set appropriate
hyperparameters to obtain the feature points, and calculate
the homography matrix of adjacent frames. Finally, the global
motion compensation result is obtained by the homography
matrix:

GMC(t−1, t) = Homography(Φ(t−1, t))×(xt, yt, 1)
T

(3)
where Homography(t − 1, t) denotes calculating the
homography matrix from frame t−1 to frame t by RANSAC
method; GMC(t−1, t) denotes the global motion compen-
sation on frame t; (xt, yt) = Detector(ft) denotes the coor-
dinate of the object detected in frame t, which is transformed
from the position of the detection box. With the homography
matrix, the new objects and trajectories coordinates detected
in the previous frame become the previous state estimation
of the Kalman filter [40] after the matrix multiplication
with the homography matrix, which achieves global motion
compensation and the Kalman filter can predict with a near-
linear motion condition.

D. TBD Multiple Object Tracking

DC-MOT uses Yolov5 [20] as the detector and DeepSort
[2] as the tracker. Yolov5 adopts a multi-level feature fusion
strategy and uses different heads to predict and classify
objects of different scales, which is advantageous to detect
objects accurately in UAV videos. DeepSort uses cascade
matching, which not only takes into account the location
information of the tracked objects, but can also associate
the same object with different frames through the feature
information.

As mentioned above, we utilize a general TBD framework,
which indicates that our proposed hybrid deblurring and
global motion compensation modules can be generalized and
applied to other MOT algorithms.

IV. EXPERIMENTS SETUP

Datasets. We evaluate our approach on VisDrone2019-
MOT. The dataset used for training the detector is
VisDrone2019-det. In the MOT, we classified objects simul-
taneously and tracked objects of all categories (pedestrian,
people, bicycle, car, van, truck, tricycle, awning-tricycle, bus,
motor). In order to make a fair comparison with previous
work, we calculated the evaluation index on VisDrone2019-
MOT-val.

Evaluation Metrics. We use standard CLEAR MOT met-
rics [18] and IDF1 metrics [43] for evaluation. In CLEAR
MOT, MOTA is considered one of the most important met-
rics, but it only considers the counts that the tracker makes
wrong decisions. In more cases, the number of frames to
track the target can also indicate the tracking quality of the
tracker, so we proposed IDF1. IDF1 focuses on the quality
of the current tracking object. Combining the two metrics can
better evaluate the performance of a tracker.

Implementation Details. We train the detector based on
Yolov5l model [20]. CDVD [26] is used for deblurring, and
the deblurring dataset [22] was used to train the CDVD and
obtain the training model. Through experimental verification,
we select the parameters a = 100 and b = 305 in Eq.1.
In global motion compensation, since feature points are
randomly selected for subsequent extraction by RANSAC,
the results of each experiment may have slight differences.
The computing resource for simulation is two NVIDIA
Quadro RTX6000 GPUs. The trajectory tracking method is
DeepSort with OSNet, and the hardware environment of this
experiment is characterized by Intel Core I5 CPU 2.4GHz.

Evaluating Multi-Object Tracking. We summarize the
results of Visdrone-MOT, listed in Tab.I and marked the
best. Across most metrics (e.g., primary metrics MOTA and
IDF1), we achieved the best performance on the Visdrone-
MOT dataset. Since the MOTA metric emphasizes more on
the detection, our high MOTA performance shows that our
hybrid deblurring model improves the detector performance.
Furthermore, our IDF1 performance shows that our method
is able to decouple the objects motion from the UAV motion
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TABLE I: Comparative results of the algorithms on the VisDrone-MOT dataset

Method MOTA(%)↑ MOTP(%)↑ IDF1(%)↑ FP↓ FN↓ IDs↓

SORT [1] 18.1% 65.1% 32.2% 104453 78467 3342
Flow-Tracker [42] 26.4% 78.1% 41.9% 9987 43766 -

HDHNet(CNN) [14] 27.6% 74.3% 35.2% 153487 48980 2489
IOUT [16] 28.1% 74.7% 38.9% 126549 36158 2393
GOG [15] 28.7% 76.1% 36.4% 144657 17706 1387

DeepSort [2] 32.4% 75.9% 45.1% 12829 65797 1153
HDHNet(CascademaskRCNN) [14] 32.5% 75.2% 40.9% 79788 39743 1042

HDHNet(HTC) [14] 32.9% 76.9% 42.3% 80454 35686 1056
DC-MOT(ours) 33.5% 76.1% 45.4% 12594 64856 1139

through global motion compensation, making the objects less
likely to be lost. The general Yolov5 detector and DeepSort
can reflect that our proposed method has great help in
improving the performance of MOT in UAV videos, and can
be ported to other MOT algorithms. To visually verify our
results, we also provide qualitative results of our methods in
Fig.5.

V. ABLATION STUDIES

We conducted ablation studies on VisDrone-MOT-val, with
different parameters and feature matching and deblurring
methods.

Effect of training size. Image size training for the detector
plays a role in tracking performance. Although larger size is
good for detecting normal size objects, it is likely to produce
a large FNs on small objects. However, there are more small
objects in UAV videos than in other datasets. As can be
seen from Tab. II, the best performance is achieved when the
training size is 1920 pixels. A global motion compensation
module with the same hyperparameter has been adopted for
all experiments.

TABLE II: Ablation study of training size

imgsz(pixels) MOTA(%)↑ MOTP(%)↑ IDF1(%)↑ IDs↓

640 27.09% 75.01% 42.98% 1283
1280 30.64% 75.02% 46.57% 1613
1920 32.94% 76.15% 44.44% 1205
2560 31.69% 76.45% 41.28% 1002

Selection of hyperparameter in global motion compen-
sation. ϵ denotes the tolerable error between the point of the
original image after transformation and the corresponding
point on the target image. ϵ ranges from 1 to 10. It is an
important hyperparameter in global motion compensation.
Comprehensive comparison (Tab.III) shows that global mo-
tion compensation achieves the best performance when ϵ = 3.

TABLE III: Ablation study of hyperparameter in global
motion compensation

ϵ MOTA(%)↑ MOTP(%)↑ IDF1(%)↑ IDs↓

1.0 32.92% 76.16% 43.94% 1200
3.0 33.24% 76.18% 45.56% 1183
5.0 32.94% 76.15% 44.44% 1205
7.0 32.84% 76.13% 44.40% 1216

Different feature matching methods. The quality of the
feature matching will affect the tracking effect. We compared
the traditional methods, ORB [28] and ECC [3] used in
previous work, with our proposed method, and found that
our method performed best (Tab.IV).

TABLE IV: Ablation study of different feature matching
methods

Method MOTA(%)↑ MOTP(%)↑ IDF1(%)↑ IDs↓

DeepSort 32.46% 75.91% 45.41% 1153
DeepSort+ORB 32.35% 75.88% 45.28% 1167
DeepSort+ECC 32.87% 76.05% 44.51% 1166

DeepSort+AdaLAM 33.24% 76.18% 45.56% 1183

Different deblurring methods. The tracking quality
is compared with no deblurring module, deblurring all
frames (DeepSort+CDVD), and our hybrid deblurring module
(Tab.V). It is observed that hybrid deblurring strategy can
take maximum advantages of the deblurring and help im-
prove tracking performance. When we select the parameters
a = 100 and b = 305 in Eq.1, the proportion of deblurred
frames in the dataset is 70.7%.

TABLE V: Ablation study of different deblurring methods

Method MOTA(%)↑ MOTP(%)↑ IDF1(%)↑ IDs↓

DeepSort 32.46% 75.91% 45.41% 1153
DeepSort+CDVD 32.44% 75.71% 45.40% 1159

DC-MOT 33.47% 76.14% 45.44% 1139

VI. CONCLUSIONS

We propose a new MOT system framework for UAV
video. To alleviate the motion blur caused by the high-
speed movement of the UAV and the targets, we propose a
hybrid deblurring module to accurately locate and deblur the
selected frames while ensuring spatio-temporal consistency,
laying a foundation for accurate detection by the detector.
To mitigate the influence of UAV motion on trajectory
prediction, we propose a global motion compensation method
based on feature matching, which improves the accuracy of
object prediction and association. Experiments show that the
proposed methods can improve tracking accuracy, and the
final tracking results outperform the state-of-the-art methods
on the VisDrone dataset.
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