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Abstract— Vision-based object tracking has boosted exten-
sive autonomous applications for unmanned aerial vehicles
(UAVs). However, the dynamic changes in flight maneuver
and viewpoint encountered in UAV tracking pose significant
difficulties, e.g., aspect ratio change, and scale variation. The
conventional cross-correlation operation, while commonly used,
has limitations in effectively capturing perceptual similarity and
incorporates extraneous background information. To mitigate
these limitations, this work presents a novel saliency-guided
dynamic vision Transformer (SGDViT) for UAV tracking. The
proposed method designs a new task-specific object saliency
mining network to refine the cross-correlation operation and
effectively discriminate foreground and background informa-
tion. Additionally, a saliency adaptation embedding operation
dynamically generates tokens based on initial saliency, thereby
reducing the computational complexity of the Transformer ar-
chitecture. Finally, a lightweight saliency filtering Transformer
further refines saliency information and increases the focus
on appearance information. The efficacy and robustness of
the proposed approach have been thoroughly assessed through
experiments on three widely-used UAV tracking benchmarks
and real-world scenarios, with results demonstrating its su-
periority. The source code and demo videos are available at
https://github.com/vision4robotics/SGDViT.

I. INTRODUCTION

Visual object tracking has gained increasing attention
in various applications of aerial robotics, e.g., 3D local-
ization [1], aerial cinematography [2], and target localiza-
tion [3]. UAV trackers’ aim is to predict the object’s location
based on the template information provided in the initial
frame. However, the frequent changes in flight maneuver and
viewpoint encountered in UAV tracking present substantial
challenges, e.g., aspect ratio change, and scale variation.
These challenges can greatly decrease the perceptual sim-
ilarity between the template and search region, resulting in
a significant drop in the performance of the tracker. Despite
some progress made in recent years, robust and effective
UAV tracking remains a challenging problem.

Over the past few years, Siamese network-based trackers
[4]-[7] have emerged as the dominant approach in UAV
tracking. The method conceives tracking as a problem of
template matching, i.e., adopting the initial frame’s desig-
nated target as a reference for subsequent frames. Cross-
correlation is utilized to generate similarity maps by ex-
tracting features from both the template and the search
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Fig. 1. Overall comparison of tracking results between baseline (blue)
and the proposed saliency-guided dynamic vision Transformer (SGDViT)
(red). The F; is the mined saliency feature. The box represents the
ground-truth (GT) bounding box. (Image frames are from DTB70 [11].)

region. The majority of Siamese trackers [5], [6], [8] apply
these maps for the purposes of classification and regression.
However, the cross-correlation operation is a linear matching
process and brings about the infusion of background infor-
mation when the object’s appearance changes dramatically
during UAV tracking, resulting in unstable performance. To
counteract this issue, a considerable number of Siamese
trackers [9], [10] have integrated feature refinement modules
for enhancing the robustness of similarity feature extraction.
Despite these attempts, the cross-correlation operation re-
mains susceptible to similar background information, and its
ability to extract perceptual similarity remains limited when
dramatically appearance variations occur.

Recently, Transformer [12] has shown tremendous po-
tential in computer vision. In particular, the Transformer
structure has exhibited superior performance in various sce-
narios of UAV tracking [7], [13]. To address the decrease in
perceptual similarity, some researchers have attempted to re-
place the cross-correlation operation with Transformer [14],
[15]. Nevertheless, the Transformer structure has quadratic
computational complexity in terms of the number of tokens,
which hinders its deployment on embedded UAV platforms
with limited computational resources. Thus, reducing the
computational complexity of the Transformer structure is a
pressing problem for UAV tracking. In this work, a novel
saliency-guided dynamic vision Transformer (SGDViT) for
UAV tracking is proposed, as illustrated in Figure 1. The key
contributions of this work are as follows:

o A novel saliency-guided dynamic vision Transformer
dubbed SGDVIT is proposed to enhance the ability to
extract perceptual similarity and mitigate the interfer-
ence of background information, thereby addressing the
issue of reduced perceptual similarity due to aspect ratio
change and scale variation.
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« An original object saliency mining module is designed
to distinguish foreground and background by extracting
salient information through an organic combination of
spatial and channel fusion.

e A new saliency adaption embedding operation is de-
veloped to accelerate the Transformer structure by in-
corporating tokens at various levels based on initial
saliency information. On this base, a novel saliency
fusion Transformer is implemented to refine the saliency
information and minimize the loss of appearance infor-
mation through the cross-attention mechanism.

o Comprehensive evaluations conducted on three authori-
tative UAV tracking benchmarks have demonstrated the
robust performance of SGDVIT in addressing appear-
ance variations. Real-world tests further validate the
efficiency and effectiveness of the presented approach.

II. RELATED WORKS
A. Visual Object Tracking for UAV

Previously, discriminative correlation filter (DCF) based
trackers [3], [16], [17] have attracted great attention for
their computational efficiency. However, their limited end-
to-end training makes them ill-suited to handle complex
situations, particularly aspect ratio change, and scale vari-
ation. Siamese network-based methods [5], [8], [18], [19]
are the mainstream methods. As one of the pioneering
works, SiamFC [8], regarding the tracking task as the feature
matching process between template and search regions, has
a profound impact on the subsequent Siamese trackers.
SiamAPN++ [19] proposes an attention aggregation network
(AAN) to improve feature representation ability. The network
consists of two parts: Self~AAN and Cross-AAN, which
can aggregate target features at adaptive scales. HiFT [7]
applies the Transformer to fuse multi-level features, thereby
discovering a tracking-tailored feature space with strong dis-
criminability. Recently, TransT [20] replaces the correlation-
based network using the proposed feature fusion network
inspired by Transformer. However, the decrease in perceptual
similarity can lead to the introduction of unnecessary back-
ground information in the similarity map constructed through
cross-correlation, resulting in unstable tracking performance.
Despite the improved results obtained through the use of the
Transformer, its quadratic computational complexity remains
a significant obstacle for deployment on UAVs with limited
computing resources.

B. Salient Object Detection

Salient object detection, aiming at highlighting visually
salient object regions in images, has attracted widespread
concern in computer vision [22]. DSAR-CF [23] proposes a
new dynamic saliency-aware regularized CF tracking method
to guide the online updating of the regularization weight
map. SAOT [24] proposes a fine-grained saliency mining
module to capture the local saliencies and designs a saliency-
association modeling module to associate the captured salien-
cies together. In comparison with conventional salient object
detection methods, the proposed object saliency mining

network processes similarity maps rather than raw images.
The proposed method demonstrates remarkable efficacy in
extracting perceptual similarity and identifying object regions
in a preliminary stage.

C. Dynamic Token Generation

The generation of dynamic tokens is a crucial aspect in
enhancing the efficiency of the Transformer architecture for
real-time applications. For this operation, a critical factor is
the evaluation of the significance of each token. DynamicViT
[25] devises a lightweight prediction module to estimate the
importance score of each token and determine which tokens
to be pruned dynamically. QuadTree Attention [26] builds
token pyramids and computes attention according to the
attention scores. This method skips irrelevant regions in the
fine level if their corresponding coarse-level regions are not
promising, thereby reducing the computational complexity
from quadratic to linear. In contrast, the saliency adaption
embedding operation this work proposes is specifically de-
signed for UAV tracking missions. The significance of each
token is determined through the mined saliency information,
which can distinguish foreground and background.

III. PROPOSED METHOD

The proposed saliency-guided dynamic vision Transformer
(SGDVIT) is introduced in detail. As depicted in Fig. 2,
the proposed framework can be partitioned into five parts,
i.e., feature extraction network, object saliency mining net-
work, feature adjustment sampling network, saliency filtering
Transformer, and classification & regression network.

A. Object Saliency Mining Network

For clarity, the feature maps of the template and search
regions are respectively denoted by Fj, and F, ;L Specifically,
the feature maps F, and F, ,; are convoluted and reshaped to
the similarity map S; € RT*WXC where H, W, C represent
the height, width, and channel of the feature map respec-
tively. Subsequently, a spatial fusion layer and a channel
fusion layer are used to further process the similarity map.
The spatial fusion layer incorporates a multi-layer perceptron
(MLP) network, while the channel fusion layer consists of a
convolution-deconvolution network. The result of the channel
fusion layer, denoted as So, is given by:

S1=Fp*Fn ,
Sy = Deconv(Conv(MLP(Sy)))

where * represents the cross-correlation operator. The MLP
network structure enables the communication of spatial
information, while the convolutional and deconvolutional
network structures facilitate the integration of information
across channels. Afterward, the results S, are passed through
two different branches respectively to generate the saliency
features F; € RHXWXC and the saliency map M €
RIXWXL for the saliency filtering Transformer. The main
reason for using two networks here is the different purposes.
For the saliency map M, our main idea is to compress the
saliency information to the 1 dimension, playing the role of

(D
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Overview of the proposed SGDVIT tracker. The parts from the left to right are the feature extraction network, object saliency mining network,

feature adjustment sampling network, saliency filtering Transformer, and classification & regression network, respectively. For clarity, the feature maps of
/
the template and search regions are respectively denoted by Fp and F, . The F; is the mined saliency feature. (Image frames are from UAVTrack112

211

cross-channel aggregation. For the saliency features JF;, our
main target is to refine the perceptual similarity further and
perform cross-channel information interaction.

Remark 1: The Multi-layer Perceptron (MLP) layers have
a distinct advantage in capturing long dependencies and
spatial relationships, whereas convolution layers excel in
the extraction of information between local features and the
fusion of channel information. The integration of these two
layers enhances the ability to represent features.

B. Saliency Adaption Embedding Operation

In preparation for dynamic token generation, a feature
adjustment sampling network is designed to adjust the size of
the feature, as illustrated in Fig. 2. The network comprises
several convolution layers with varying receptive fields to
effectively address UAV tracking challenges, specifically for
aspect ratio change and scale variation.

Based on the different attention on the foreground and
background, not all patches possess equal information value
for tracking tasks. As depicted in Fig. 3, a saliency adaption
embedding operation is proposed to generate dynamic tokens
for Transformer based on initial saliency information.

First, the thresholding method is used to process the M
generated by the object saliency mining network. Consider-
ing the sampling to get binary mask is non-differentiable, the
Gumbel-Softmax technique [27] is adopted:

P = Gumbel — Softmax(M) € {0,1} (2

The output P is a differentiable one-hot tensor, making
it feasible for end-to-end training. Then, the entire saliency
map and features are divided into patches using same-
sized windows [28], ensuring that the mask and feature
are aligned in spatial positions. Subsequently, each window
is summed and the patches are separated into two parts
according to the results. For parts with a higher value, the

corresponding area may contain the object. Therefore the
patches are further divided into smaller patches before being
embedded into tokens. Conversely, the patches corresponding
to small values are considered to contain a larger proportion
of background information. Additionally, these patches are
directly embedded into tokens. The tokens resulting from
these patches, in combination with the tokens derived from
the patches with higher values, are concatenated to form the
input for the saliency filtering Transformer.

Remark 2: Different from the common dynamic token gen-
eration method to prune the useless tokens, the proposed
approach feeds the entire tokens into the saliency fusion
network at multiple levels. By distinguishing the contribution
to the tracking task based on the saliency information, the
Transformer can dynamically determine the significance of
each token.

C. Saliency Filtering Transformer Network

To refine the saliency information and enrich the ap-
pearance information, a new Transformer structure is de-
signed. As illustrated in Fig. 3, the input to this network
consists of three parts, template features IM; processed by
feature adjustment sampling, dynamic tokens M3 generated
by saliency adaption embedding and saliency features Mo
obtained by object saliency mining.

For the encoder, different from the standard Transformer,
the network uses the dynamic token M3 as Q (Query),
while the saliency features My as K (Key) and V (Value).
Generally, the scaled dot-product attention (Att) can be
calculated by as follows:

QK'
/e

where +/c is the scaling factor to avoid gradient vanishment
in the softmax function. Then the procedure of the multi-

Att(Q, K, V) = Softmax( WV 3)
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Fig. 3. Detailed workflow of saliency adaption erpbedding operation (left)
and saliency filtering Transformer (right). The J,* is the search region’s
features processed by feature adjustment sampling.

head attention module mAtt is expressed as:

mAtt(Q,K, V) = (Cat(a',d?,...,a") )W, , @
o = Att(QW{, KW, VWY)

where W, € REXC, W € REXCN W) € REXON W, ¢
REXCN can all be regarded as fully connected layer oper-
ation, where Cy = C'/N, and N is the number of parallel
attention head. Afterward, the output of the encoder M, can
be obtained by the scaled dot-product attention (Att) can be
calculated by as follows:

Mx = mAtt(Mg, Mg, M2)
My = Norm (M + M3)

’ 5

9

where M, is the intermediate variable and Norm is the nor-
malization operation. Considering the network’s lightweight,
we removed FFN module from the encoder.

Remark 3: By leveraging the salience features as prior
information, the model gives greater emphasis to the salient
regions as identified through object salience mining.

To further refine the saliency information while mitigating
the loss of appearance information, the decoder is structured
as a standard Transformer that takes the features of the
objeact in the template as input. The network uses the
features M; as K and V, and the output of the encoder
M, as Q. The overall computing mechanism is the same as
the encoder. The output of the decoder M5 can be derived
by:

My = mAtt(M4, Ml, Ml) y

6
M5 = Norm(My + M4) ( )

)

where My, is the intermediate variable.

After a feed-forward network (FFN) and normalization
(Norm), the output M, can be formulated as:

M, = Norm(FFN(Mj5) + M;) . (7)

Remark 4: Using the template features as a guidance for
the decoding process, the network is able to concentrate on
the salient features of the object and minimize the residual
impurities present in the prior knowledge. The combination
of encoder and decoder enables similarity information to
undergo a progressive refinement process from coarse to fine,
thereby enhancing the efficacy of the SGDVIT tracker.

IV. EXPERIMENT
A. Implementation Details

The proposed tracker SGDViT is trained for 100 epochs on
a PC equipped with an Intel i9-9920X CPU, 32GB of RAM,
and 2 NVIDIA TITAN RTX GPUs. During the training
progress, the last three layers of AlexNet [30] are fine-tuned
in the last 90 epochs while the first two layers are frozen.
The overall loss function is determined the same as HiFT [7].
The sizes of template Z and search region X are respectively
set to 127 x 127 and 287 x 287. Furthermore, the learning
rate is initialized as 5 x 10~% and then decreased in the
log space from 10~2 to 10~%. Additionally, the image pairs
are extracted from train benchmarks including COCO [31],
ImageNet VID [32], GOT-10K [33], and Youtube-BB [34].

B. Overall Performance on UAV Tracking Benchmarks

The three metrics in the one-pass evaluation (OPE) met-
rics [35] are precision, normalized precision, and success
rate. The center location error (CLE) determines the preci-
sion. The percentage of frames with a lower CLE than 20
pixels is presented as the precision plot (PP). The intersection
over union (IoU) is adopted to measure the success rate. The
percentage of frames that have a larger IoU than the preset
maximum threshold is reported as the success plot (SP).
The area-under-the-curve (AUC) on SP is used to rank the
success rate of trackers. Considering that the precision metric
can be affected by the image resolution and the bounding
box scale, the normalized precision metric is adopted. In
this section, SGDVIT is tested with other 15 state-of-the-art
(SOTA) trackers on three authoritative UAV tracking bench-
marks, including HiFT [7], SiamAPN++ [19], SiamFC [8],
SiamRPN+ [36], SiamFC+ [36], Ocean [37], DaSi-
amRPN [9], SE-SiamFC [38], AutoTrack [16], ARCF [39],
TADT [10], UDT+ [40], UDT [40], Dsiam [41], and Up-
dateNet [42].

DTB70 [11]: DTB70 has 70 difficult UAV sequences, most
of which are vigorous motion situations. As shown in the
first column of Fig. 4, SGDViT can obtain satisfactory per-
formance, achieving the best precision (0.806), normalized
precision (0.673), and overall success score (0.603).

UAV123@10fps [29]: UAVI23@10fps is obtained by
downsampling from the original 30fps version. Hence, the
motion problems in UAVI123@10fps are worse than in
UAV123. SGDVIT can consistently achieve excellent results,

3356



Precision plots on DTB70

Precision plots on UAV123@10fps

Precision plots on UAVTrackl112

0.9 0.9 0.9
——SGDViT [0.806] ——SGDViT [0.766] ——SGDViT [0.770]
——HiFT [0.802] 08 ——SiamAPN++[0.764] 08 ——SiamAPN++[0.769]
——SiamAPN-++ [0.790] —— HiFT [0.749] —— SE-SiamFC [0.759]
SiamFC+ [0.731] 07 SE-SiamFC [0.718] 07 TADT [0.744]
——SE-SiamFC [0.730] ——DaSiamRPN [0.692] ——HiFT [0.742]
SiamFC [0.719] 06 TADT [0.683] 06 SiamFC+ [0.718]
B —— AutoTrack [0.716] S0s —— UpdateNet [0.682] S0s ——SiamFC [0.716]
Z ——UpdateNet [0.711] | & ——SiamFC [0.680] he ——Ocean [0.711]
§ SiamRPN+ [0.709] § 04 SiamFC+ [0.679] § 04 DaSiamRPN [0.711]
&~ —— ARCF [0.694] a ——UDT+ [0.675] a ——UpdateNet [0.698]
——DaSiamRPN [0.694] 03 —— AutoTrack [0.671] 03 —— AutoTrack [0.694]
- = TADT [0.689] : - = ARCF [0.666] ” - - UDT+[0.681]
~ = UDT+ [0.658] 02 - = Ocean [0.657] 02 - = ARCF [0.672]
— = Ocean [0.634] — - SiamRPN+ [0.642] — - SiamRPN+ [0.669]
- - UDT [0.602] o1l - - DSiam [0.626] o1 - - UDT [0.663]
- - DSiam [0.495] - - UDT[0.575] - - DSiam [0.530]
0 0 0
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30 40 50

Location error threshold

Normalized precision plots on DTB70

Location error threshold

Location error threshold

%;Jgrmalized precision plots on UAV123@10fps

Ol\(l)nrmalized precision plots on UAVTrack112

09
——SGDViT [0.673] ——SGDViT [0.670] ——SGDViT [0.671]
08 —— SiamAPN++ [0.656] —— SiamAPN++ [0.669] 0.8 —— SiamAPN++ [0.665]
——HiFT [0.656] ——HIFT [0.655] —— HIFT [0.644]
207 SE-SiamFC[0.573] | 2 0. SE-SiamFC[0.617] | 07 SE-SiamFC [0.630]
K] ——SiamFC+[0.571] 2 ——TADT [0.587] 2 ——Ocean [0.617]
206 SiamRPN+ [0.570] | 5§ SiamFC+ [0.584] 206 SiamFC [0.602]
2 05 ——SiamFC [0.567] z ——Ocean [0.573] 2 0s —— SiamFC+ [0.595]
= AutoTrack [0.547] | o —— SiamFC [0.571] = —— TADT [0.584]
204 ARCF [0.534] ] UDT+ [0.563] 204 SiamRPN+ [0.563]
e ——Ocean [0.533] 3 —— AutoTrack [0.562] | 5 - —— AutoTrack [0.556]
£ 03 ——DaSiamRPN [0.519]| E —— ARCF [0.559] £ 03 ——UDT+ [0.545]
s - = TADT[0.505] S - - SiamRPN+[0.544] | S - = ARCF [0.545]
02 - = UpdateNet [0.505] - — DaSiamRPN [0.542] 02 ~ = DaSiamRPN [0.533]
— - UDT+[0.497] — - UpdateNet [0.519] - - UDT[0.527]
o1 - - UDT[0.433] - - UDT[0.49] o1 — - UpdateNet [0.523]
- — DSiam [0.341] - — DSiam [0.494] - — DSiam [0.410]
0 0
0 0.1 0.2 03 04 05 0 0.1 0.2 03 04 05 0 0.1 0.2 03 04 05
Normalized distance error threshold Normalized distance error threshold Normalized distance error threshold
| Success plots on DTB70 08 Success plots on UAV123@10fps 0.9 Success plots on UAVTrack112
——SGDVIT [0.603] ——SGDVIT [0.585] ——SGDVIT [0.599]
——HiFT [0.594] —— SiamAPN-++ [0.580] 08 —— SiamAPN++ [0.585]
SiamAPN-+ [0.594] ——HiFT [0.569] ——HiFT [0.570]
SiamFC+ [0.496] SE-SiamFC [0.513] 07 Ocean [0.518]
——SE-SiamFC [0.490] ——TADT [0.508] 06 ——SE-SiamFC [0.517]
o SiamFC [0.483] o SiamFC+ [0.493] o TADT [0.503]
K —— AutoTrack [0.478] K ——DaSiamRPN [0.482]| & 0s ——SiamFC+ [0.499]
2 —— UpdateNet [0.477] 2 —— UDT+[0.478] Phs DaSiamRPN [0.495]
g ARCF [0.472] g AutoTrack [0.477] S04 SiamFC [0.488]
s ——DaSiamRPN [0.471]| 3 ——UpdateNet [0.475] i ——UpdateNet [0.486]
@ ——UDT+[0.462] @ —— ARCF [0.473] @ 03 ——UDT+[0.467]
- - TADT [0.459] - - SiamFC [0.473] : - - AutoTrack [0.465]
= = Ocean [0.455] = = Ocean [0.461] 02 - = UDT [0.458]
— = SiamRPN+[0.453] - - UDT[0.430] - - ARCF [0.456]
- - UDT[0.422] - - DSiam [0.426] 01 - = SiamRPN+[0.441]
- - DSiam [0.337] - = SiamRPN+ [0.425] - — DSiam [0.363]
0 0.2 04 06 08 1 0 0.2 0.4 06 08 1 % 0.2 0.4 0.6 0.8 1

Overlap threshold Overlap threshold

Fig. 4.

Overlap threshold

Overall performance of SGDVIT and other SOTA trackers on DTB70 [11] (the first column), UAV123@10fp [29] (the second column), and

UAVTrack112 [21] (the third column) benchmarks. The experimental results demonstrate that the proposed method yields superior performance on all

benchmarks.

as shown in the second column of Fig. 4, attaining the high-
est success rate (0.585), precision (0.766), and normalized
precision (0.670).

UAVTrack112 [21]: UAVTrack112 records a wide range
of challenging aerial tracking scenarios. As shown in Fig. 4,
SGDVIT ranks first in precision (0.770), normalized preci-
sion (0.671), and success rate (0.599).

C. Attribute-Based Comparison

To provide a more comprehensive analysis of the robust-
ness of SGDVIT, the tracker’s performance was evaluated
on various aerial-specific attributes, including aspect ratio
change, scale variation, low resolution, and background
clutter, as shown in Tab. I. Our tracker is endowed with
the ability to track objects with aspect ratio change, scale
variation, and low resolution since the saliency filtering
Transformer fuses the information further with the guidance
of saliency information.

D. Ablation Study

In this section, the contribution of each module is analyzed
through experiments conducted on DTB70. This work con-
siders baseline as the model with only a feature extraction
network and classification & regression network. SIT denotes

utilizing the similarity map as the input of the Transformer
directly. SAT indicates using the saliency features but without
the dynamic token generation. SGDVIT denotes the full
version of the proposed saliency-guided dynamic vision
Transformer. In Tab. II, the performance improvement of
adding the original Transformer with similarity map (Base-
line+SIT) is not high, only 1.4% on precision and 1.8%
on success rate. Replacing the similarity map with saliency
features, Baseline+SAT raises the success rate by 7.8%.
Baseline+SAT+Dyn (SGDVIT) obtains the best performance,
enhancing both the precision and success rate by 9.6%. As
shown in Fig. 5, the confidence map of our SGDViT tracker
consistently focuses on the object under various challenges
in aerial tracking, e.g., scale variation and occlusion in
truckl, aspect ratio change and scale variation in Motor4,
and appearance change in RaceCar.

V. REAL-WORLD TESTS

Extensive real-world tests are conducted and three of them
are presented in Fig. 6. Specifically, SGDVIT is tested on a
typical UAV platform equipped with an NVIDIA Jetson AGX
Xavier. In Test 1, the primary challenge faced is a significant
change in viewpoint, resulting in a constantly evolving shape
of the target object. In Test 2, the appearance of the object
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TABLE 1
QUALITATIVE ATTRIBUTE-BASED COMPARISONS OF TOP 6 TRACKERS ON THREE BENCHMARKS. THE BEST TWO PERFORMANCES ARE RESPECTIVELY
HIGHLIGHTED BY BOLD AND UNDERLINED. SGDVIT KEEPS ACHIEVING THE BEST PERFORMANCE IN DIFFERENT ATTRIBUTES.

Attributes Aspect ratio change

Scale variation

Low resolution Background clutter

Prec. Succ. Prec. Succ. Prec. Succ. Prec. Succ.
HiFT 0.696 0.518 0.725 0.549 0.551 0.365 0.784 0.567
SiamAPN++ 0.717 0.537 0.736 0.556 0.595 0.395 0.728 0.520
SE-SiamFC 0.668 0.461 0.682 0.483 0.552 0.323 0.662 0.398
SiamFC 0.626 0.414 0.649 0.444 0.549 0.317 0.624 0.391
Ocean 0.610 0.414 0.630 0.436 0.583 0.381 0.553 0.362
SGDVIT (Ours) 0.731 0.549 0.745 0.567 0.617 0.410 0.805 0.580

SGDViT(Ours)

Frames Baseline Baseline+SIT

Fig. 5. Visualization of the confidence map of three tracking methods on
several sequences from UAV123@10fps [29] and DTB70 [11]. The target
objects are marked out by red boxes in the original frames.

TABLE I
QUALITATIVE COMPARISONS BETWEEN DIFFERENT COMBINATIONS OF
MODULES IN SGDVIT FRAMEWORK ON DTB70. A DENOTES THE
VARIATION OF THE METRICS. THE BEST PERFORMANCES ARE
HIGHLIGHTED BY BOLD.

Trackers Prec. Aprec(%) Succ. Asuce(%)
Baseline 0.735 - 0.550 -
Baseline+SIT 0.746 +1.4 0.560 +1.8
Baseline+SAT 0.779 +5.9 0.593 +7.8
Baseline+SAT+Dyn (SGDViT) 0.806 +9.6 0.603 +9.6

in the images undergoes substantial changes, and occlusions
from time to time exacerbates the difficulties associated with
robust tracking. Test 3 presents a dual challenge, with both
the scale and shape of the target object undergoing variations.
Thus, the real-world tests validate SGDViT’s robustness and
efficiency in a variety of UAV-specific scenarios.

VI. CONCLUSIONS

In this work, a novel saliency-guided dynamic vision
Transformer for UAV tracking is proposed. This method
revolutionizes the information fusion method. The ob-
ject saliency mining network extracts saliency information
through the integration of spatial and channel information
fusion. The saliency filtering Transformer refines the saliency
information and enriches the appearance information. Ad-
ditionally, a new saliency adaption embedding operation is
proposed to accelerate the Transformer structure. Abundant
experimental results prove the effectiveness of our tracker.
To sum up, we firmly believe that the proposed approach
will contribute to the advancement of UAV tracking.

60 120 180 240 300 360 420 480 540
Frame (#)

400 480
Frame (#)

80 160 240 320 400 480 560 640
Frame (#)

Fig. 6.  Real-world tests on a typical UAV platform. SGDViT achieves
robust performance with 23 frames per second. The red bounding boxes
represent the tracking results. The CLE below the green dashed line is the
success tracking in the real-world test.
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