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ABSTRACT
UAV tracking is usually challenged by the dual-dynamic disturbances that arise from not only diverse moving target but also
motion camera, leading to a more serious model drift issue than
traditional visual tracking. In this work, we propose to alleviate
this issue with distance-injected overlap maximization. Our idea is
improving the accuracy of target localization by deriving a conceptually simple target localization loss and a global feature recalibration scheme in a mutual reinforced way. In particular, the target localization loss is designed by simply incorporating the normalized
distance of target offset and generic semantic IoU loss, resulting in
the distance-injected semantic IoU loss, and its minimal solution
can alleviate the drift problem caused by camera motion. Moreover,
the deep feature extractor is reconstructed and alternated with a
feature recalibration network, which can leverage the global information to recalibrate significant features and suppress negligible features. Following by multi-scale feature concat, the proposed
tracker can improve the discriminative capability of feature representation for UAV targets on the fly. Extensive experimental results
on four benchmarks, i.e. UAV123, UAVDT, DTB70, and VisDrone,
demonstrate the superiority of the proposed tracker against existing state-of-the-arts on UAV tracking.
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1 INTRODUCTION
Visual tracking is a fundamental task in many computer vision applications like intelligent video surveillance [44] and UAV monitoring [25, 30]. It aims to predict an arbitrary object in the subsequent frames given the bounding box in the first frame and often
faces a serious of challenges like similar distractors, fast target variations, and clutter backgrounds. Despite significant progress has
been made by recent deep trackers [5, 23], it remains a challenging issue in UAV scenarios where model drift problem becomes
worse in UAV tracking, which aims to estimate the trajectory of a
target in a video captured from low-altitude unmanned aerial vehicle (UAV) [30], due to the dual-dynamic case of moving target and
motion camera, leading to the difficulties in target representation
and target localization.
Recent deep trackers [5, 28, 49] based on convolutional neural
networks have shown great potential for accurate and robust visual tracking. In the online tracking stage, the dominant tracking
paradigm [4, 37] estimates the target positions by an efficient bruteforce search strategy, which is fundamentally limited by the complex target bounding box estimation task, requiring rich knowledge about the target. As a compromise, some modern deep trackers [23, 41] combine exhaustive multi-scale search with advanced
bounding box regression or refinement skills, e.g. region proposal
network [24] and IoU-Net [5], which significantly improve the accuracy of target localization. In the off-line network pretraining
stage, the deep trackers can learn multi-channel feature embedding in an end-to-end manner for classification [24] or bounding
box regression [31] on the external datasets, such as ILSVRC15 [34]
and COCO [27], using a backbone CNN architecture e.g. ResNet [16].
Compared with hand-crafted features, the final representations projected in the learned feature embedding hold high-level semantic information and are capable of distinguishing the target from
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Figure 1: Comparisons between the state-of-the-art tracker
ATOM and our UTrack on two challenging sequences: Animal4 (the top row) with similar distractors and Motor1 (the
bottom row) with fast object motion and camera motion. We
observe that UTrack distinguishes the target from distractors, while ATOM drifts to background in Animal4. In addition, our distance-injected semantic IoU loss based approach
UTrack can accurately locate the target in presence of both
object motion and camera motion in Motor1.
the different categories. They also conduct cross-layer feature fusion [23], spatial feature selection [45], or attention mechanism [41]
to ensure the power of feature representation, which is the essential guarantee for accurate visual tracking.
Despite the convincing design of existing deep trackers, they
still suffer the risk of model drift, as shown in Fig. 1, in case of
the object motion, camera motion, and similar semantic distractors,
which are the basic challenges for UAV tracking. First, the bruteforce search is appropriate for simple transformations like scale
variation and translation, while it usually causes the disgusting
drift problem in more complex and general situations. Second, the
multi-channel convolutional features use the same channel weight
for different objects, which inevitably affects the model adaptability, and thus hurts the tracking accuracy. What’s more, the fixed
layer of deep networks (e.g. ResNet) as feature representation further damages the target localization.
To tackle the above issues, we propose a distance-injected overlap maximization approach, termed as UTrack, for accurate UAV
tracking. Our motivation is based on the observation that model
drift is usually caused by dual-dynamic disturbances with fast camera motion and object motion. Such disturbances make the position
of the target fluctuate suddenly, and the multi-scale search strategy and common bounding box regression method tend to make
the model drift to the surrounding similar distractors. The objective of our proposed approach is to adaptively refine the tracking
positions and prevent troublesome model drift issue.
Specially, we introduce a distance-injected semantic IoU (DSIoU)
loss, which simply adds a distance penalty term, calculated by the
distance computation module in the DSIoU prediction, as shown
in Fig. 2, of the normalized distance between the central points
of previous target box and candidate target box on the generic semantic IoU (SIoU) loss. Our DSIoU loss combined with semantic
SIoU loss and distance constraint can fast converge to the nearest
and most likely target. In addition, we introduce a feature recalibration network (FRN) and incorporate a multi-scale feature concat (MFC) scheme to provide more powerful multi-channel feature

representation for different tracking targets. The FRN models the
importance of each channel to achieve adaptive channel feature optimization. The recalibrated features of early and latter layers from
FRN network are simply concatenated on channel dimension. Our
UTrack is built upon the CNN framework with target classification
branch and target refinement branch. The extracted multi-channel
features with FRN and MFC modules are fed to target classification branch to provide coarse localization, then target refinement
branch with DSIoU modulation and DSIoU prediction to predict
precise target localization.
Our main contributions are summarized as three folds: 1) we
propose a distance-injected overlap maximization approach to facilitate UAV tracking, which uses a conceptually simple distanceinjected semantic IoU loss to alleviate the model drift issue; 2) we
design a global feature recalibration network and incorporate a
multi-scale feature concat scheme to enhance the capability of feature representation for adaptive and accurate UAV tracking; 3) we
conduct extensive experiments on several representative benchmarks to demonstrate that the proposed tracker achieves higher
accuracy against state-of-the-arts.

2 RELATED WORKS
UAV Tracking. Arguably, until very recently, deep trackers have
achieved excellent performance in multiple benchmarks specified
for UAV tracking [9, 25, 30]. The deep trackers can be grouped
into three categories, deep discriminative correlation filters (DCF),
Siamese network and other deep trackers. Some DCF trackers are
designed for UAV tracking, such as ARCF [20] proposes to repress
aberrances for accurate tracking, SPBACF [13] introduces a scalable part-based correlation filter for robust UAV tracking. With the
wide adoption of deep learning models, the representative capacity of deep DCF tracking has been greatly improved. Several deep
DCF trackers LADCF [45], UPDT [3] and LSART [37], suggest that
adaptively fusing shallow and deep features is helpful for tracking robustness and accuracy. The Siamese networks based trackers
formulate visual tracking as a cross-correlation problem. Since the
seminal work SiamFC [1], attentional mechanism [41] and object
segmentation technique [42] are introduced in Siamese trackers.
Beyond above two categories, some deep trackers perform tracking by other methods, such as combining deep features and a deep
classifier [31], using adversarial learning [36] and so on. The success of these trackers suggests that advanced architectures and
powerful features can facilitate the performance of UAV tracking.
Target Localization. Most of deep DCF trackers perform a bruteforce multi-scale search [4, 8, 43, 45], lacking an effective target
localization component, e.g. bounding box estimation, which may
lead to tracking failure in case of large object appearance changes,
camera motion or background clutters. MDNet [31] trains a bounding box regressor in the first frame to predict the precise target location. SiamRPN [24] and its improved versions [23, 49] introduce
region proposal network into Siamese network based trackers. Recently, ATOM [5] combines the target classification with bounding box regression task and achieves high performance in several
challenging tracking benchmarks. Inspired by [5], we aim to propose a general two-stage UAV tracking framework by combining
distance-injected semantic IoU loss and feature recalibration.
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Figure 2: Overview of our two-stage UAV tracking framework. The target representation stage applies a feature recalibration
network and a multi-scale feature concat scheme for adaptive feature extraction. The target localization stage consists of two
branches: target classification branch uses the trained classifier from an online model predictor to convolutionally search in
target features for coarse target localization, while target refinement branch further refines the classified coarse positions by
minimizing the DSIoU loss for accurate target localization. The DSIoU loss consists of a simple distance term and a semantic
IoU term calculated with modulation tensor.
Target Representation. Some tracking methods perform mixing
or combining features [35] to improve performance. CF2 [29] uses
hierarchical features as the target representations. HDT [33] proposes an adaptive hedge method to combine features from different deep layers into a multi-channel feature. In contrast, many
deep trackers directly learn new compact deep networks for feature representation in tracking from massive labeled visual data.
SiamFC [1] proposes a fully-convolutional Siamese network trained
offline on ILSVRC15 dataset. RASNet [41] conducts channel favored features attention to enhance feature representation learning. Besides, spatial feature selection [45], feature compression [4],
residual unit [47] are proposed into deep network to optimize its
power of feature representation.

3

THE PROPOSED METHOD

As shown in Fig. 2, our two-stage tracking framework mainly focuses on improving target localization which can generalize to the
bounding box estimation based trackers. The target representation
stage performs feature recalibration to extract adaptively robust
features. The target localization stage consists of two branches. The
target classification branch learns online model classifier for coarse
target localization, leading to several target candidates. The target
refinement branch further refines these target candidates by minimizing the DSIoU loss for accurate target localization.

3.1

Problem Formulation

After target representation, target localization therefore can be formulated as two subproblems (two branches): target classification
and target refinement.

Target Classification. In this subproblem, the model predictor
is used to obtain an online CNN model f , which learns by minimizing the tracking response f (x; w) and Gaussian priori yj . The
resulted model classifier is a 2-layer fully convolutional network,
parameterized as,
f (x; w) = φ 2 (w2 ∗ φ 1 (w1 ∗ x))

(1)

where x is the multi-channel feature map extracted from the fixed
layer of feature extractor. w = {w1, w2 }, w1 and w2 denote parameters of the network for the first layer and second layer, respectively. The symbol ∗ denotes the standard multi-channel convolution operator, and φ 1 and φ 2 are the activation functions. The
simple 2-layer fully convolutional network can facilitate the online
learning and fast classification.
The model classifier is online updated by minimizing the following loss function,
L(w) =

m
Õ
j=1

γ j ∥ f (xj ; w) − yj ∥ 2 +

2
Õ

λk ∥wk ∥ 2

(2)

k =1

where j denotes the index of training samples, xj indicates the feature map from the j th sample, yj denotes the sampled Gaussian
prior centered at the target location. The impact of each training
sample is controlled by the weight γ j , and λk is a parameter to balance the contributions of the two terms. We apply the Eq. (2) to
learn online model classifier. By searching in multi-scale method
centered on previous location, the region with the maximal response is determined as coarse target box B0 .
Target Refinement. This subproblem is applied to determine the
accurate target bounding box given a coarse initial candidate from

Algorithm 1 Target Localization Stage.
Input: feature map x, model classifier f , modulation tensor v;
e
Output: refined target location B;
1: Calculate the tracking response f (x; w) by Eq. (1);
n ;
2: Obtain coarse target box B0 and candidate boxes {Bi }i=
1
3: For each i, calculate the DSIoU loss by Eq. (7);
e with minimal loss.
4: return refined target location B

∆c i and size ∆si , as Bi = Θ(B0, ∆c i , ∆si ), i ∈ {1, 2, ..., n}, where
Θ denotes the bounding box synthesis function and O = (∆c, ∆s).
Then the target refinement subproblem [21] can be formulated to
minimize the following function,

v is the modulation tensor, z denotes the feature descriptor after
PrPool layer in the test path, G denotes the SIoU prediction with
the fully convolutional layers. The modulation tensor v(x0, B0 ) is
only calculated in the first frame.
We find that tracker with SIoU loss performs well in case of object motion, but degenerates in presence of heavy camera motion,
as shown in Fig. 3. In addition, all-channel and fixed-layer feature
representations are not best for accurate object tracking. We thus
introduce the DSIoU loss (Sect. 3.2) to overcome the first issue and
feature recalibration for the second issue (Sect. 3.3).
DSIoU Loss. By injecting a distance term, the generic semantic
IoU loss can be modified as,

O ∗ = arg min Ψ(T (Bi , O), B0 )

LS I oU (B) = 1 − SIoU (B) + µR(Br , B)
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Figure 3: Illustration the effect of SIoU and DSIoU losses in
presence of object motion (up) and camera motion (down).
The UTrack with DSIoU loss shows better localization accuracy even
in severe camera motion.
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where Bi is a candidate bounding box, B0 is a target bounding
box and T is a bounding box transformation function taking O as
parameter and transform the given candidate bounding box. Ψ is
a criterion measuring the distance between two bounding boxes.

3.2

Distance-Injected Semantic IoU Loss

SIoU Loss. Inspired by the recent IoU-Net [21] directly measures
the IoU (Bi , B0 ) to decide the refined bounding box, we train the
IoU-Net with PrPool to predict the IoU between the deep feature
x0 of an image object and input feature of candidate bounding box
B obtaining the semantic IoU (SIoU) network. The PrPool [21] is a
continuous variant of adaptive average pooling, with the key advantage of being differentiable with respect to the bounding box
coordinates. This allows the bounding box B to be refined by maximizing the SIoU with respect to B through gradient ascent. Bounding box estimation is then conducted by maximizing the SIoU prediction. The SIoU network is a modulation-based network architecture with two paths, both of which take concatenated features of
layer3 and layer4 from feature extractor (e.g. ResNet18) as input.
The reference path is the SIoU modulation, which inputs feature
x0 and the target bounding box annotation B0 from the reference
frame to calculate the modulation tensor. The test path is the SIoU
prediction for predicting SIoU score from test frame. Specifically,
the reference path is added with a convolutional layer followed by
PrPool [21], while the test path is added with two convolutional
layers followed by PrPool as it domains the SIoU prediction. The interaction between two paths is that a modulation tensor of the reference path is performed to modulate the feature descriptor in the
test frame via a channel-wise multiplication. The predicted SIoU of
the bounding box B is as following,
SIoU (B) = G (v(x0, B0 ) ⊗ z(x, B))

(4)

where ⊗ is the channel-wise multiplication operator, x0 and B0
are from the reference frame, and x and B are from the test frame.

(5)

where R is a penalty term for candidate target box B from test
frame and previous target box Br from reference frame, µ ≥ 0
is a balance factor. As mentioned earlier, SIoU loss based tracker
usually loses the target during camera motion. Concretely speaking, the reason is that the previously proposed method does not
take into account the distance constraint so that the unmanned
aerial vehicle suddenly shakes and the tracker can easily drift to
the nearby similar distractors. In Eq. (5), by designing a simple and
effective distance penalty term, we propose the distance-injected
semantic IoU loss for accurate UAV tracking.
The objective of distance-injected semantic IoU loss is to minimize the normalized distance between central coordinates of candidate target box Bi ∈ {1, 2, ..., n} and previous target box Br , and
the penalty term of Eq. (5) is defined as,
n
Õ
R DS I oU (Br , Bi ) = d(Br , Bi )/ d(Br , Bi )

(6)

i=1

where d denotes the Euclidean distance. The distance-injected semantic IoU loss therefore can be formulated as,
L DS I oU (Bi ) = 1 − G (v(x0, B0 ) ⊗ z(xi , Bi ))
n
Õ
(7)
+ µd(Br , Bi )/ d(Br , Bi )
i=1

In Eq. (7), the penalty term directly minimizes the distance between two central points of previous target box and candidate tare The detailed steps
get box, obtaining the refined target location B.
of traget localization stage can be found in Algorithm 1.

3.3

Feature Recalibration

Most of the recent deep trackers employ optimally pre-trained deep
networks to represent all diverse targets with multi-channel features from the fixed layer. There are at least two limitations: First,
these methods do not directly model the dependencies between
different channels, actually, some features channels [14, 19] may
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Figure 4: Impact of balance factor µ, evaluated on VisDrone.
be extremely important in tracking certain targets while being dispensable in tracking others. Second, the fixed layer of pre-trained
networks as feature representation impairs the representation capability of deep networks [4, 12]. These problems inspire us to
develop the feature recalibration network and multi-scale feature
concat scheme for adaptive tracking.
We aim to construct a simple structure that automatically learns
the importance of each feature channel, and then the obtained
weight ξ and the original feature map x̄ are multiplied by channelwise multiplication to obtain the recalibrated features. We restructure ResNet network with the feature recalibration (FR) module,
which contains a global average pooling, a fully connected layer,
followed by the ReLU function, a fully connected layer and a sigmoid function. The FR module can be parameterized as following,
ξc = σ (v2δ (v1 Γ(x̄c )))

(8)

where δ denotes the sigmoid function, Γ denotes the global average pooling and c is index of feature channel. The parameters of
C
C
two fully connected layers are v1 ∈ RC∗ r and v2 ∈ R r ∗C , respectively. r is the reduction ratio. Hence, the first fully connected
layer acts as channel-reduction with reduction ratio r , the second
fully connected layer performs a channel-increasing. As shown in
Fig. 2, by embedding the FR module into the feature extractor to
recalibrate informative features and suppress unless features, we
get a feature recalibration network. The recalibrated feature map
x of an image region is defined as,
xc = ξc ⊗ x̄c = σ (v2δ (v1 Γ(x̄c ))) ⊗ x̄c

(9)

where x = {x1, x2, ..., xC } denotes the multi-channel features, ⊗ is
the channel-wise multiplication.
High-level convolutional features contain semantic information
and are robust to appearance changes of objects, while shallow features are more important to extract some low-level information
such as edge and color, which are significant for accurate target
localization. Considering this, we fuse the deep and shallow convolutional features in multi-scale manner, as shown in Fig. 2, to
enhance the capability of feature representation for adaptive and
accurate object tracking.

4

EXPERIMENTS

To the best of our knowledge, there are only four large UAV tracking benchmarks, i.e., UAV123 [30], UAVDT [25], DTB70 [9] and VisDrone [48]. They are challenge and large enough and we provide
a comprehensive evaluation of the proposed UTrack on them. The
standard evaluation toolkits [9, 25, 30, 48] are employed in all our
experiments. The one-pass evaluation with precision and success
metrics [44] are used. The precision score measures the percentage
of location errors within 20 pixels, area under curve (AUC) is set to

Table 1: Ablation study of UTrack on the VisDrone benchmark. “FRN” denotes Feature Recalibration Network, “MFC”
denotes Multi-scale Feature Concat and “DSIoU” represents
Distance-injected Semantic IoU loss.
FRN
MFC
DSIoU
Precision (%)
AUC (%)
89.3
53.3
!
93.6
55.9
!
93.3
55.5
!
94.2
56.3
!
!
95.6
58.9
!
!
95.3
59.5
!
!
95.7
59.7
96.9
60.6
!
!
!
measure the overlap ratio between the predicted bounding boxes
and the ground truth.

4.1

Implementation Details

Our tracker is implemented with PyTorch on an Intel E5-2620 CPU
@2.1GHz and a single Titan Xp GPU. The balance factor µ in Eq. (7)
is set to 0.45. The reduction ratio r in Eq. (8) is set to 16. Our feature
recalibration network is trained based on ResNet18 [16] on ImageNet for 90 epochs with 1000 iterations. We use LaSOT [10] and
COCO [27] datasets to train the DSIoU network. The total epochs
are 50 and mini-batch is 64. We use Adam solver with a learning
rate decay of 0.2 every 15 epochs. The feature recalibration network pre-trained on ImageNet is used as a feature extractor, where
we freeze all weights during training. The layer3 and layer4 feature
maps are extracted of size 288×288 from the input image followed
by two convolutional layers. Regions defined by input bounding
box are pooled by PrPool [21] with a fixed size further mapped to
feature maps by fully convolutional layers. All Conv and FC layers
are followed by BatchNorm and ReLU.

4.2

Ablation Study

We first conduct ablation experiments on recent VisDrone [48] validation dataset to validate different components of our approach.
Impact of hyperparameter µ. The hyperparameter µ, in Eq. (7),
is applied to balance the distance penalty term and semantic IoU
loss. We analyze the impact of the balance factor µ in Fig. 4. It
cannot be overemphasized that our approach achieves impressive
improvements with balance factors µ ranging from 0.4% to 0.5%.
The result demonstrates that the tracking performance can be improved by using the proposed distance-injected semantic IoU loss.
Feature Recalibration Network (FRN). From Tab. 1, we can see
the introduction of FRN module obviously boosts the tracking performance. Especially, it improves the AUC metric by 2.6% (from
53.3% to 55.9%) comparing with the baseline method. It also improves the tracking precision by 4.3% as indicated by the second
and third rows of Tab. 1.
Multi-scale Feature Concat (MFC). The MFC component improves tracking precision by 4.0%, and AUC score by 2.2%, as reported in Tab. 1. This validates that the multi-scale feature concat is
able to enhance the power of feature representation, which clearly
improves the tracking accuracy.
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Figure 5: Evaluation curves on UAVDT and DTB70 benchmarks. The scores of precision/AUC (%) are presented in the legend.
Table 2: Comparisons with state-of-the-art trackers on UAVDT in terms of precision/AUC scores (%) of different attributes.
Approach
KCF
CF2
CREST
C-COT
PTAV
CFNet
SiamFC
GOTURN
ECO
MDNet
ATOM
UTrack

BC
45.8 / 23.5
48.6 / 29.2
56.2 / 33.6
55.7 / 34.0
57.2 / 31.2
56.7 / 36.0
57.8 / 38.6
61.1 / 38.9
61.1 / 38.9
63.6 / 39.7
68.3 / 49.2
71.7 / 50.3

CM
53.4 / 26.7
56.9 / 34.1
62.1 / 38.7
62.3 / 39.0
63.9 / 35.2
64.3 / 39.7
61.6 / 40.9
64.4 / 42.2
64.4 / 42.2
69.6 / 43.0
75.7 / 55.7
77.6 / 56.0

IV
65.7 / 31.1
67.9 / 38.7
69.0 / 40.5
72.0 / 41.6
69.6 / 38.1
72.7 / 45.1
74.2 / 47.4
76.9 / 47.3
76.9 / 47.3
76.4 / 48.5
83.3 / 58.6
86.6 / 60.5

LO
34.4 / 22.8
38.1 / 28.3
49.7 / 35.1
46.0 / 33.5
50.3 / 32.9
44.7 / 33.3
47.9 / 35.9
50.8 / 36.0
50.8 / 36.0
54.7 / 38.1
66.4 / 50.3
68.6 / 50.4

Distance-injected Semantic IoU (DSIoU). By introducing the
DSIoU component, we significantly improve the tracking precision
by 4.9% (from 89.3% to 94.2%) and AUC score by 3.0% (from 53.3%
to 56.3%), as shown in Tab. 1, which obviously outperforms the
FRN and MFC components. Combining with FRN, MFC and DSIoU
components, our UTrack achieves the best results, as shown in the
last row of Tab. 1, 96.9% in terms of precision score, 60.6% in terms
of AUC score. The significant performance gains demonstrate that
the proposed DSIoU loss facilitates the FRN and MFC.

4.3

Experimental Results

Results on UAVDT. As shown in Fig. 5(a), our approach UTrack
is compared with recent advanced trackers including MDNet [31],
ECO, ATOM, GOTURN [17], SiamFC, CFNet, PTAV [11], C-COT [8],
CREST [35], CF2 [29] and KCF on UAVDT dataset. Among the
compared trackers, UTrack provides the best results with precision score of 82.3% and AUC score of 58.0%, respectively. Compared to the Siamese network based tracker SiamFC, the proposed
tracker obtains significant precision and AUC gains of more than
14.2% and 13.3%, respectively. Among the deep trackers based
on bounding box regression, ATOM achieves a precision score of
79.0%, MDNet obtains a precision score of 72.5%. Our tracker obtains a relative gain of more than 3.3% in precision score. These
results prove that accurate target localization can be achieved by
distance-injected semantic IoU loss.
To further study the tracking accuracy, we check the precision
and AUC score of all 9 attributes (as shown in Tab. 2) on UAVDT
dataset. Our UTrack outperforms other advanced trackers in all

LT
67.5 / 31.2
71.8 / 41.2
71.2 / 44.7
95.4 / 58.9
80.1 / 46.1
87.8 / 50.7
72.0 / 52.5
95.2 / 61.3
95.2 / 61.3
93.0 / 58.9
97.6 / 70.8
98.1 / 71.6

OB
65.2 / 29.7
65.1 / 35.8
65.6 / 37.7
66.2 / 37.2
66.2 / 36.7
71.7 / 43.5
73.8 / 45.3
71.0 / 43.7
71.0 / 43.7
72.4 / 47.0
78.2 / 55.3
83.7 / 57.3

OM
45.4 / 24.4
48.2 / 29.7
55.8 / 35.4
56.1 / 34.1
56.4 / 30.9
59.9 / 36.9
60.0 / 38.4
62.7 / 39.5
62.7 / 39.5
66.8 / 42.7
74.2 / 53.5
79.6 / 56.0

SO
58.1 / 25.1
69.5 / 35.6
74.2 / 38.3
79.2 / 44.2
79.1 / 38.0
77.5 / 43.5
73.2 / 43.9
79.1 / 46.1
79.1 / 46.1
78.4 / 44.4
82.5 / 55.6
86.3 / 57.4

SV
49.0 / 25.4
45.3 / 29.0
56.7 / 36.5
55.9 / 37.9
56.5 / 33.3
61.1 / 40.9
60.4 / 42.4
63.2 / 43.7
63.2 / 43.1
68.5 / 46.2
73.7 / 56.6
80.1 / 59.2

attributes, i.e. background clutter (BC), camera motion (CM), illumination variation (IV), large-occlusion (LO), long-term tracking (LT), object blur (OB), object motion (OM), small object (SO)
and scale variations (SV). More specially, our approach has an advantage of 1.9% and 8.0% over the second and third best tracker
ATOM (75.7%), MDNet (69.6%) respectively in precision, as well
as an advantage of 0.3% and 13.0% over the second ATOM (55.7%)
and the third best MDNet (43.0%) respectively in AUC in the attribute of camera motion. Among the different attributes, the advantages of our approach are clearly obvious in presence of object
blur (OB) and object motion (OM), which are 5.5% and 5.4% better
than the current excellent tracker ATOM in precision score.
Results on DTB70. The results in terms of precision and AUC
scores are demonstrated in Fig. 5(b). Among the compared trackers including ATOM, MDNet, MEEM, SODLT [39], SRDCF, KCF,
DAT [32], HOGLR [40] and DSST [7], the proposed UTrack obtains
leading tracking precision and success scores. Our UTrack significantly outperforms the recently advanced trackers ATOM and MDNet, achieving precision and AUC scores of 78.6% and 60.4%, respectively. These results demonstrate its advantages as compared
with the other state-of-the-art methods.
We then provide the quantitative analysis of different attributes
on DTB70 [9] in Fig. 6. The proposed UTrack has performed favorably against other top trackers in 8 attributes defined respectively in this benchmark. Especially, DTB70 dataset covers different types of camera motion, which poses a great challenge to other
trackers. However, our approach still performs well under fast camera motion via embedding distance-injected semantic IoU loss.
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Figure 6: Attribute-based success plots on DTB70 benchmark against with nine state-of-the-art trackers. AUC score is used to
rank different trackers. Detailed definitions and descriptions of these attributes can be seen in [9].
Table 3: Evaluation results of our approach with state-of-the-art trackers on UAV123 dataset.
Approach
Precision (%)
AUC (%)

KCF
52.3
33.1

MEEM
62.7
39.2

SAMF
59.2
39.6

CFNet
65.1
43.6

SRDCF
67.6
46.4

To further show the accuracy of our approach, we visualize the
tracking results by the response maps on one of the challenging
videos, Sheep1, as shown in Fig. 7. The objects can be accurately and
consistently tracked by UTrack even there are heavily dynamic
disturbances from target, camera and semantic similar distractors.
Results on UAV123. We compare UTrack with ten representative trackers, including ATOM [5], SiamFC [1], SiamRPN++ [23],
DaSiamRPN [49], ECO [4], SRDCF [6], CFNet [38], SAMF [26],
MEEM [46] and KCF [18] on UAV123 benchmark. The precision
and Area Under Curve (AUC) metrics are provided in Tab. 3. The final results demonstrate our UTrack achieves very top performance
in both precision (88.1%) and AUC (65.1%) scores, even outperforming the recent state-of-the-art trackers SiamRPN++ and ATOM.
The main reason is our proposed distance-injected semantic IoU
loss, feature recalibration network and multi-scale feature concat
scheme, which can greatly improve the localization accuracy.

4.4

Qualitative Performance

Fig. 8 qualitatively compares the results of the high performing
trackers: KCF [18], SRDCF [6], SiamFC [1], ECO [4], ATOM [5]
and UTrack on 6 challenging sequences. Our approach shows consistently better performance under serious dual-dynamic disturbances from moving target or motion camera. In contrast, other
trackers have failure cases. The distance-injected semantic IoU loss
provides more accurate target localization. The global feature recalibration enhances the power of feature representation to further facilitate accurate target localization. Our tracker UTrack performs
favorably against state-of-the-art trackers.

SiamFC
72.6
49.8

ECO
74.1
52.5

DaSiamRPN
79.6
58.6

SiamRPN++
80.7
61.3

ATOM
85.6
64.4

UTrack
88.1
65.1

#52

#53

#58

#61

#62

#52

#53

#58

#61

#62

Ground Truth

ATOM

UTrack

Figure 7: The visualization example of tracking response
maps of ATOM (up) and our UTrack (down).

4.5

Further Discussions

Integration on Different Baselines. To validate the effectiveness of the proposed two-stage UAV tracking framework, we apply it to different baselines: DiMp18 and DiMP50 [2]. DiMP [2]
paradigm develops a discriminative model prediction architecture
for roughly determining the localization of object on search region, and then performs a state estimation module to predict precise bounding box. We implement distance-injected semantic IoU
loss and feature recalibration method on these baselines, obtaining two improved trackers DiMP18∗ and DiMP50∗ , respectively.

Figure 8: Qualitative results of our UTrack and five advanced trackers on sequences S0304, uav8, bird1, S0801, bike1 and uav1.

Precision (%)
UAVDT
AUC (%)

78.2
56.3

79.7
57.6

79.4
58.0

83.7
60.2

Precision (%)
AUC (%)

79.6
61.4

82.3
63.4

81.9
62.9

83.4
64.1

DTB70

Table 5: Comparisons with state-of-the-art trackers on
generic visual tracking benchmarks OTB100 and VOT2018.
Approach SiamFC SA-Siam SiamRPN ATOM UTrack
Precision (%) 77.1
86.5
85.0
86.7
88.6
OTB100
AUC (%)
58.2
65.7
63.6
66.9
68.1
Accuracy
0.503
VOT2018 Robustness ↓ 0.585
EAO
0.188

0.500
0.459
0.280

0.586
0.276
0.383

0.590
0.204
0.401

0.601
0.183
0.416

Tab. 4 shows that the proposed approaches are superior to baseline
trackers (i.e., DiMP18 and DiMP50) on three large-scale UAV tracking datasets UAV123, UAVDT and DTB70. Especially, our improved
DiMP18∗ achieves better performance than DiMP50 on UAV123
and DTB70 datasets, and is comparable to DiMP50 on UAVDT benchmark. All these results prove that our framework can be well generalized to the bounding box estimation based trackers.
Transferability on Generic Visual Tracking. The goal of this
work is to address the highly challenging UAV tracking. To test
our approach’s transferability, we also apply our tracker to another
two widely used generic visual tracking benchmarks: OTB100 [44]
and VOT2018 [22]. The standardized OTB2015 benchmark provides
a fair test on tracking performance, which contains 100 sequences.
VOT2018 is one of the most recent benchmarks for evaluating online model-free single trackers and includes 60 public sequences
with different challenging factors. The detailed results about several state-of-the-art trackers ATOM [5], SiamFC [1], SA-Siam [15],
SiamRPN [24] and UTrack are listed in Tab. 5. Fig. 9 shows some

0.45
0.4
0.35

EAO

Table 4: Evaluation results with different baselines on
UAV123, UAVDT and DTB70 datasets.
Approach DiMP18 DiMP18∗ DiMP50 DiMP50∗
Precision (%) 84.6
87.5
86.2
88.4
UAV123
AUC (%)
64.3
66.4
65.4
67.1

0.3
0.25
0.2
0.15
0.1
31

26

21

16

Rank

11

6

1

Figure 9: EAO performance on VOT2018 dataset.
top-performing trackers on the VOT2018 dataset in terms of EAO
metric, from which we can observe that UTrack outperforms the
top tracker LADCF [45] in VOT2018 challenge [22] by 2.7%. Although our approach is designed for UAV tracking, above results
demonstrate its excellent transferability.
Speed Analysis. UAV tracking requires high tracking speed. Our
approach also has great efficiency. The average speed of UTrack is
over 35 FPS without any optimization. The speed of our algorithm
is significantly faster than that of common video flow and that of
many state-of-the-art real-time trackers [20, 30], indicating that it
is also imperceptible in terms of time consumption.

5 CONCLUSION
We proposed a distance-injected overlap maximization approach
to facilitate the accuracy of UAV tracking under double-dynamic
disturbances of targets and cameras. By introducing the distanceinjected semantic IoU loss, we alleviate the troublesome model
drift issue to some extent. The tracking accuracy and adaptation
are further enhanced by feature recalibration. The extensive experimental results on different popular UAV tracking benchmarks
demonstrate the effectiveness of our approach, compared with the
state-of-the-art trackers. Future works include integration with different tracking frameworks and other computer vision tasks.
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