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Abstract— Unmanned aerial vehicle (UAV) tracking is crucial
for autonomous navigation and has broad applications in
robotic automation fields. However, reliable UAV tracking re-
mains a challenging task due to various difficulties like frequent
occlusion and aspect ratio change. Additionally, most of the
existing work mainly focuses on explicit information to improve
tracking performance, ignoring potential interframe connec-
tions. To address the above issues, this work proposes a novel
framework with continuity-aware latent interframe information
mining for reliable UAV tracking, i.e., ClimRT. Specifically,
a new efficient continuity-aware latent interframe information
mining network (ClimNet) is proposed for UAV tracking, which
can generate highly-effective latent frame between two adjacent
frames. Besides, a novel location-continuity Transformer (LCT)
is designed to fully explore continuity-aware spatial-temporal
information, thereby markedly enhancing UAV tracking. Ex-
tensive qualitative and quantitative experiments on three au-
thoritative aerial benchmarks strongly validate the robustness
and reliability of ClimRT in UAV tracking performance. Fur-
thermore, real-world tests on the aerial platform validate its
practicability and effectiveness. The code and demo materials
are released at https://github.com/vision4robotics/ClimRT.

I. INTRODUCTION

Unmanned aerial vehicle (UAV) tracking has drawn con-
siderable attention due to its prosperous applications in
robotic automation, e.g., automatic patrol [1], robot cin-
ematography [2], and aerial manipulator [3]. Despite re-
markable advancements, efficient and accurate UAV tracking
remains a challenging task due to several inherent difficulties.
Due to the limited aerial perspective, reliable object infor-
mation is frequently unavailable in complex aerial scenarios.

In the visual tracking community, Siamese trackers [4]–[6]
have achieved impressive performance account of superior
feature extraction ability. However, the object information
that is obtained solely from the template and search frames
can be limited, especially in complex aerial scenarios, such as
occlusion and aspect ratio change, etc. To improve the robust-
ness of tracking, more reliable additional information needs
to be explored. Despite many works introducing explicit
temporal information [7], [8], they still ignore mining latent
robust interframe information. Furthermore, even if more fea-
ture information is obtained, convolutional feature maps still
suffer from local sensitivity and translation invariance. Since
convolutional neural network (CNN) cannot extract feature

*Corresponding author
1C. Fu, M. Cai, S. Li, K. Lu, and H. Zuo are with the School

of Mechanical Engineering, Tongji University, Shanghai 201804, China.
changhongfu@tongji.edu.cn

2C. Liu is with the College of Mechanical and Electrical En-
gineering, Harbin Engineering University, Harbin 150001, China.
chongjunliu@hrbeu.edu.cn

Fig. 1. Overall comparison of average success rate and precision
between ClimRT and other 13 state-of-the-art (SOTA) trackers on
three well-known benchmarks [10], [11]. ClimRT gains first place in
both precision and success rate, surpassing the average performance
of 13 trackers (black dot) by 10.2% and 17.7% respectively.

connections between global information, it is challenging to
utilize all available information efficiently. Recently, Trans-
former [9] has shown great potential in many fields with
its attention mechanism. Transformer enables the network to
effectively execute global information integration, increasing
the robustness of object tracking. Nonetheless, when the
UAV is operating at elevated velocities, Transformer-based
trackers still suffer from discontinuous or lost object infor-
mation due to issues like aspect ratio change and occlusion.

For reliable UAV tracking, this work aims to mine the in-
terframe information to introduce sufficient spatial-temporal
information. Through the mining of interframe information,
temporal information that exists between frames can be fully
explored and utilized. Additionally, introducing interframe
information can efficiently enhance information continuity.
When encountering a common object shape deformation or
occlusion, the introduction of interframe information can
smooth the mutation process, thus extracting more reliable
information and enhancing tracking robustness.

Interframe information mining, such as motion predic-
tion [12], optical flow prediction [13], has been utilized
to extract explicit information. However, the full potential
of latent interframe information in UAV tracking remains
unexplored. Thus, this work not only introduces explicit
information but also attempts to explore the latent inter-
frame information. Specifically, a novel continuity-aware
latent interframe information mining network (ClimNet) is
proposed to provide additional reliable information while
improving information continuity and effectively solving
the problem of sudden appearance changes. Additionally,
a location-continuity Transformer (LCT) is designed for
effective feature fusion and global relationship modeling.
Finally, reliable information is introduced for robust tracking.
Fig. 1 illustrates the satisfactory performance of ClimRT
in UAV tracking compared to the state-of-the-art (SOTA)
trackers. The main contributions of this work are as follows:
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Fig. 2. Overview of the proposed ClimRT tracker. Two arrows with different colors represent the workflow of features from different
layers respectively. Best viewed in color. (Sequence courtesy of benchmark UAVTrack112 [11].)

• An efficient ClimNet suitable for UAV tracking is pro-
posed, which can provide sufficient and reliable object
information to enhance robustness.

• Two Conv blocks are introduced to improve the feature
extraction and fusion capabilities for continuity-aware
latent interframe information.

• A novel LCT is designed for spatial-temporal informa-
tion integration and continuity enhancement to improve
the accuracy of UAV tracking.

• Comprehensive evaluations on three authoritative aerial
benchmarks have validated the promising performance
of ClimRT compared with other SOTA trackers. Real-
world tests are conducted, demonstrating the superior
effectiveness of ClimRT in real-world circumstances.

II. RELATED WORKS

A. UAV Object Tracking
In recent years, Siamese object tracking algorithms are

becoming increasingly popular [4], [14]–[16]. These meth-
ods generally consist of two steps: a backbone network to
extract image features, and a correlation-based network to
compute the similarity between template and search features.
However, it is simple for the CNN feature map to be deficient
in global information, which restricts the tracking algo-
rithm’s efficacy. Using a larger kernel size [6] or improving
convolution method [17] may overcome this shortcoming
to some extent. Nevertheless, it is difficult to ensure the
reliability of tracking using only local feature information.
Differently, this work proposes a novel location-continuity
Transformer for efficient multi-level feature fusion and global
information integration. Consequently, the strengths of CNN
and Transformer can be combined for robust UAV tracking.

B. ViT in UAV Object Tracking
Transformer [9] was firstly proposed for machine trans-

lation based on the attention mechanism. Due to its good
performance in global information integration, Transformer

has been extended to various computer vision fields [18]–
[20]. TransT [21] designs two attention modules for object
tracking, achieving impressive performance. HiFT [22] mod-
ifies the structure of Transformer for efficient feature fusion,
which further enhances tracking robustness. TransTrack [23]
introduces Transformer to multi-object tracking and achieves
promising performance. However, many Transformer-based
tracking methods still have the limitation of using only
the information from the original template. Limited object
information may lead to the degradation of UAV tracking
performance in complex scenarios. To further improve the
robustness and reliability of UAV tracking, this work sup-
plements sufficient reliable information through continuity-
aware latent interframe information mining.

C. Spatial-Temporal Information Introduction
Most of the existing Siamese trackers [4], [6], [24],

[25] regard object tracking as a template-matching process
between template and search. However, during the tracking
process, challenges such as occlusion and aspect ratio change
can lead to alterations in the appearance of the object. Under
these circumstances, depending solely on the limited object
information extracted from the template may significantly
deteriorate the tracking performance. Several researches [7],
[26], [27] have also noticed that and attempted to introduce
additional information in the tracking process to increase
robustness. UpdateNet [7] proposes a template dynamic
update method to extract more object temporal information
during tracking. TrSiam [26] uses template patches to explore
the temporal relationship of multiple frames. Nevertheless,
these works only explore explicit information and ignore
robust latent information between frames. Differently, this
work proposes a novel continuity-aware latent interframe in-
formation mining network (ClimNet). By exploring the latent
information contained between adjacent frames, ClimNet can
provide sufficient and reliable object information to make
UAV tracking reliable and robust.

1328



III. PROPOSED METHOD

The workflow of ClimRT is shown in Fig. 2. It mainly
consists of two novel parts, i.e., ClimNet and LCT.
A. Continuity-Aware Latent Interframe Information Mining
Network

An existing UNet-based interframe information mining
method [28] is conducive to exploring interframe infor-
mation. Inspired by it, ClimNet is proposed to explore
connections between frames to provide sufficient and re-
liable information. Two novel blocks are introduced for
more efficient information mining and restoration of object
features. Note that the last three ghost spatial-temporal Conv
(GSTC) blocks perform the downsampling operation while
the multi-scale (MS) fusion blocks perform the upsampling
operation. The detailed structures of the two novel blocks are
presented in Fig. 3. In order to fully mine and fuse multi-
scale interframe information, skip connections are employed
between the information of the same scale. Besides, feature
gating modules [29] are added after each intermediate block
to learn more robust features.

1) Ghost Spatial-Temporal Conv: Each GSTC block con-
sists of two Ghost 2D spatial Conv layers, two 1D temporal
Conv layers, and a ReLU function. 3DConv enhances the
ability in modeling temporal abstractions while introducing
a large amount of computation. Thus, this work combines
GhostNet [30] with S3D [29] for an efficient feature extrac-
tion module. The main process of the Ghost 2D spatial Conv
layer is to obtain the feature map with fewer channels to pre-
vent feature redundancy and then generate the final desired
feature map through cheap mapping. Temporal information
is then integrated through the 1D temporal Conv layer, which
can be formulated as:

Mz = G2SC(Mi) = map(3DSConv(Mi)) ,

Mo = 1DTConv(Mz)) ,
(1)

where map denotes the cheap mapping operation imple-
mented by a convolutional layer, Mi and Mo represent
the input and output of two neighboring Conv modules
respectively. G2SC and 1DTConv correspond to Ghost
2D spatial Conv layer and 1D temporal Conv layer. Note
that 3DSConv and 1DTConv are implemented by two 3D
convolutional layers with the kernel size of 1 × 3 × 3 and
3× 1× 1 respectively. For convenience, STConv represents
a single 2+1D convolution, then the workflow of the entire
GSTC block can be expressed as:

Fo = Fi + STConv(ReLU(STConv(Fi))) , (2)

where Fi and Fo represent the input and output of GSTC
block respectively. Note that the downsampling operation can
be implemented by adjusting kernel size and stride.
Remark 1: Attributing to ghost mapping and spatial-temporal
split convolution, GSTC achieves robust feature extraction
capability, obtaining promising tracking performance with
the calculation suitable for UAV tracking.
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Fig. 3. Structure of the two novel blocks. The left sub-window
shows the components of the GSTC block while the right one
illustrates the MS fusion block.

2) Multi-Scale Fusion: In MS fusion block, 3D trans-
pose Conv (3DTransConv) is employed for upsampling.
Besides, a novel residual connection is designed to enhance
the ability to restore the detailed characteristics of the ob-
ject. Specifically, the small-scale information is first input
to global average pooling (GAP) and Modulation Conv
layer (ModulConv) while upsampling. Thus, the Modulation
Conv layer able to further fuse the small-scale feature as a
coefficient with the upsampling result. This coefficient Ws

can be obtained as follows:

Ws = Sigmoid(ModulConv(GAP(F
′

i))) . (3)

After average pooling and channel modulation, the infor-
mation from the small scale can effectively enrich the feature
information of the object. Generally, the workflow of the
entire MS fusion block can be expressed as:

F
′

o = Ws ∗ ReLU(3DTransConv(F
′

i)) , (4)

where F
′

i and F
′

o represent the input and output feature maps
of the MS fusion block respectively.
Remark 2: Multi-scale fusion blocks can fully integrate
features of different scales. Subsequently, more multi-scale
feature information can be mined and retained to do better in
detail restoration. Consequently, the UAV tracking network
can extract more object details and improve accuracy.

3) Feature Transform Layers: Two 2D convolutional lay-
ers are employed to transform the last output feature map
from 3D to 2D which is suitable for tracking. The first
2D Conv layer can fuse temporal information along the
time dimension. Subsequently, the second 2D Conv layer
can integrate and restore information to obtain the predicted
latent frame with size H ×W × 3, where H and W are the
spatial dimensions of the input frame.
Remark 3: Through ClimNet, sufficient interframe informa-
tion is mined and integrated. Therefore, reliable information
is introduced to improve information continuity and effec-
tively mitigate the negative impact of object shape change,
strengthening the UAV tracking-oriented task robustness.
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B. Object Tracking Network
1) Feature Extraction Network: In order to provide a clear

explanation of the method, template, latent frame, and current
search are denoted by Z, L, and X, respectively. φk(Z)
represents the k-th layer output of the search branch.

2) Location-Continuity Transformer: The designed LCT
can be divided into two parts: location-aware explicit in-
formation encoder (LAEIE) and continuity-aware latent in-
formation decoder (CALID). Its structure is exhibited in
Fig. 4. Before being fed into LCT, the feature map will be
convoluted and reshaped to Mi ∈ RWH×C . The formulas to
obtain multi-layer similarity vector Mi are as follows: Mi

s =
φi(Z)⋆φi(X), i = 4, 5, Mi

t = φi(Z)⋆φi(L), i = 5, where ⋆
represents convolution and cross-correlation operation. Then,
M4′

s , M5′

s and M5′

t can be obtained by M4
s, M4

s and M5
t

plus a positional encoding.
Location-Aware Explicit Information Encoder: In order

to fully fuse multi-layer features, the features of the fourth
and fifth layers are preliminarily fused. Global average
pooling (GAP) and global maximum pooling (GMP) are
adopted to keep information and obtain a coefficient after
the convolution layer and sigmoid function:

W
′
= Sigmoid(Conv(GMP(M4′

s ) +GAP(M5′

s ))) . (5)

Then, the fusion result of multi-layer features M4&5
s is

obtained by M5′

s and W
′
:

M4&5
s = M5′

s +W
′
∗M5′

s . (6)

Finally, further feature fusion can be conducted through
multi-head attention [9]. M4&5

s is the query (Q) for shallower
layer features M4′

s . After that, some adjustments are made to
the output of multi-head attention by the convolution layer
and feed-forward network (FFN).
Remark 4: Attributing to LAEIE, the explicit spatial infor-
mation contained in multi-layers is fully explored, obtaining
a feature map with more effective information.

Continuity-Aware Latent Information Decoder: Two
multi-head attention are employed to perform efficient fea-
ture fusion. After self-attention enhancement, M5′

t is further
fused with the output of the encoder as Q. Eventually, the
decoded information Mst with rich spatial-temporal infor-
mation can be calculated through FFN and normalization.
Remark 5: CALID effectively fuses explicit spatial and
latent temporal information, smoothens the movement and
deformation of objects, and improves information continuity.
Besides, object information is effectively integrated, thereby
enhancing tracking robustness and accuracy.

C. Loss Function for Training
Pixel-level loss is used to train ClimNet while the combi-

nation of several loss functions is used for tracking net:

Lifm =
1

N

N∑
i=1

||F i
p − F i

t ||1 , (7)

where F i
p and F i

t are the predicted and ground-truth frames
of the i-th training clip, N represents the batchsize.

Ltrack = λ1Lcls1 + λ2Lcls2 + λ3Lloc , (8)
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Fig. 4. Detailed workflow of LCT. The left sub-window illustrates
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shows the structure of the continuity-aware latent information
decoder. Best viewed in color.

where Lcls1, Lcls2, and Lloc represent the cross-entropy,
binary cross-entropy, and IoU loss. λ1, λ2, and λ3 are the
weights used to control the entire loss function.
Remark 6: Two classification branches are applied for accu-
racy. The combination of two branches with different focuses
can achieve the expected classification effect.

IV. EXPERIMENTS

A. Implementation Details
Before commencing overall network training, this work

pretrains the ClimNet and the object tracking network re-
spectively. The equipment used for training is a PC with an
Intel i9-9920X CPU, 32GB RAM, and two NVIDIA TITAN
RTX GPUs. Specifically, three consecutive frames from the
Vimeo-90K dataset [31] are used for training ClimNet for
100 epochs with 16 batchsize for 5 days. For the object
tracking network, this work uses image pairs extracted from
COCO [32], ImageNet VID [33] and GOT-10K [34] to pre-
train it for 30 epochs with the batchsize of 128 over a period
of 20 hours. The learning rate is initialized as 5 × 10−4

and decreased in the log space from 10−2 to 10−4. After
pre-training, the two networks are integrated for end-to-end
training with the same training strategy as the pre-trained
tracking network for 40 epochs in 2 days.

B. Evaluation on Aerial Benchmarks
To assess tracking performance, the one-pass evaluation

(OPE) metrics [10] including precision and success rate are
applied. For overall evaluation, ClimRT is tested on three au-
thoritative aerial tracking benchmarks and comprehensively
compared with 13 SOTA trackers including HiFT [22], DaSi-
amRPN [14], UDT [35], UDT+ [35], TADT [5], SiamFC [4],
UpdateNet [7], SE-SiamFC [36], Ocean [25], SiamFC+ [37],
SiamRPN+ [37], ARCF [38], and AutoTrack [39]. For fair-
ness, all the Siamese trackers adopt the same backbone, i.e.,
AlexNet [40], pre-trained on ImageNet [33].

1) UAV123: UAV123 [10] is a large-scale UAV bench-
mark consisting of 123 high-quality sequences that contain
a diverse range of challenging aerial scenarios. As illustrated
in Fig. 5, ClimRT outperforms other SOTA trackers in both
precision (0.798) and success rate (0.596).
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correspond to person18, person23, and person12 1, respectively.

2) UAV123@10fps: UAV123@10fps [10] is created by
downsampling from the original 30FPS recording. As a
result, the continuity of information that can be extracted
from the network is lower compared to UAV123. The results
shown in Fig. 5 demonstrate that ClimRT can consistently
achieve satisfactory performance, achieving the best preci-
sion (0.760) and success rate (0.575).

3) UAVTrack112: UAVTrack112 [11] is designed for
aerial tracking and contains 112 real-world sequences with
aerial-specific challenges. As shown in Fig. 5, ClimRT yields
the best precision (0.770) and success rate (0.588). The
exceptional performance of ClimRT demonstrates that it is
competent for real-world aerial tracking scenarios.
C. Continuity-Aware Latent Interframe Information Mining

The qualitative results of using ClimNet on three se-
quences from UAV123@10fps [10] are presented in Fig. 6.
The latent frames indicate the remarkable continuity-aware
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Fig. 7. Qualitative comparison of the proposed ClimRT with the
other top 5 trackers on three challenging sequences (bike6, human5
from UAVTrack112 [11], and car7 from UAV123@10fps [10]).
Owing to the reliable information produced by ClimNet, ClimRT
can achieve robust performance under various challenges, especially
in the presence of occlusion and aspect ratio change.

latent interframe information mining capability of ClimNet.
Despite the low framerate limitation, ClimNet can still
achieve ideal interframe information mining results, provid-
ing additional reliable information to the tracking network.

D. Attribute-Based Comparison
To exhaustively evaluate ClimRT under various chal-

lenges, attribute-based comparisons are performed, as shown
in TABLE I. ClimRT ranks first place in terms of both
precision and success rate in comparison with other top 5
SOTA trackers. The satisfactory results demonstrate that the
ClimNet can provide sufficient and reliable information to
overcome mutation or even loss of object information. When
the objects are occluded, ClimRT can learn more spatial-
temporal information to discriminate the occluded objects.

TABLE I Attribute-based evaluation of top 6 SOTA trackers. The best two performances are respectively highlighted by red and green
color. ClimRT keeps achieving the best performance in typical UAV attributes.

Trackers
Attributes Aspect ratio change (ARC) Full occlusion (FOC) Partial occlusion (POC) Out-of-view (OV)

Prec. Succ. Prec. Succ. Prec. Succ. Prec. Succ.

SE-SiamFC [36] 0.698 0.471 0.584 0.325 0.684 0.456 0.665 0.459
SiamFC [4] 0.686 0.447 0.544 0.290 0.640 0.412 0.695 0.460
Ocean [25] 0.668 0.471 0.597 0.355 0.638 0.443 0.637 0.441
TADT [5] 0.666 0.455 0.608 0.338 0.693 0.472 0.625 0.444
HiFT [22] 0.733 0.536 0.586 0.358 0.684 0.487 0.700 0.522
ClimRT (Ours) 0.756 0.553 0.628 0.390 0.717 0.512 0.757 0.558
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Furthermore, ClimRT can effectively deal with the problem
of perspective change in aerial scenarios due to the full
mining of latent interframe information. This is supported
by its strong performance in aspect ratio change. Generally,
when encountering sudden changes in object state, ClimRT
can effectively smooth the mutation process and supplement
more information to enhance robustness. As shown in Fig. 7,
ClimRT also achieves impressive performance in qualitative
comparison with other SOTA trackers.
E. Ablation Study

To verify the effectiveness of each module of the proposed
method, studies amongst ClimRT with different modules
enabled are conducted on UAVTrack112 [11]. HiFT is con-
sidered as Baseline in this work. For fairness, each variant of
the tracker adopts the same training strategy and variables.

Discussion on Continuity-Aware Latent Interframe In-
formation Mining: As shown in TABLE II, the single LCT
outperforms Baseline slightly. However, when GSTC and MS
fusion blocks are integrated respectively, both precision and
success rate are further improved compared to Baseline. It
proves that continuity-aware latent interframe information
mining can efficiently enhance tracking robustness. The
adoption of ClimNet+LCT further results in the achievement
of the best performance, exhibiting a 3.8% increase in
precision and a 3.2% increase in success rate compared to
Baseline. These results all demonstrate the efficiencies of
ClimNet and LCT in improving UAV tracking.

Discussion on LCT: As shown in TABLE II,
ClimNet+HiFT can improve the tracking performance by
1.1% in precision. However, when ClimNet is combined with
LCT, the accuracy and robustness are significantly improved,
up to 2.7% compared to ClimNet+HiFT. This reflects the
strong applicability of LCT to the entire network and its
efficient information integration ability.
F. Parameter Analysis

The time spans between the previous and current search,
i.e., m, plays a crucial role in the reliability of ClimRT.
Setting a larger m can obtain information over a longer time
span, but it may also reduce the effectiveness of interframe
information mining. As illustrated in Fig. 8, the value of m
is set from 1 to 5. When m is set to 1, the precision and
success rate reach the highest score. Besides, as m continues

TABLE II Ablation study on various ClimRT components. ∆
denotes the improvement compared with the Baseline.

Trackers Prec. ∆Prec.(%) Succ. ∆Succ.(%)

Baseline 0.742 - 0.570 -
LCT 0.747 +0.7 0.573 +0.5
GSTC+LCT 0.754 +1.6 0.575 +0.9
MS fusion+LCT 0.759 +2.3 0.581 +1.9
ClimNet+HiFT 0.750 +1.1 0.577 +1.2
ClimNet + LCT (ClimRT) 0.770 +3.8 0.588 +3.2
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Fig. 9. Visualization of real-world tests. The tracking results are
marked with red boxes. The CLE score below the blue dotted line
is considered as reliable tracking in the real-world test.
to increase, the continuity between frames decreases. At the
same time, the change of object state is intensified, which
results in the lack of reliable object information, leading to a
decline in performance. Therefore, m = 1 is deemed optimal
for achieving the best performance.
G. Real-World Tests

The practicability of ClimRT is further testified in real-
world applications. A ground control station (GCS) with
an Intel i9-9920X CPU and an NVIDIA TITAN RTX GPU
receives and processes real-time images. Then the processed
tracking results are transmitted from the GCS to UAV for
control via WiFi. The proposed ClimRT achieves an average
speed of 19.7 FPS during the test. Fig. 9 presents three real-
world aerial tests. The three tests contain several typical
UAV tracking challenges, including occlusion and aspect
ratio change. It can be seen in Test 1 that when encountering
occlusion, the tracking results exhibit some fluctuations, but
are able to quickly restore stability. In Test 2 and Test 3,
ClimRT encounters object deformation caused by aspect ratio
change. Nevertheless, ClimRT can keep up with object even
if its appearance changes suddenly.

V. CONCLUSIONS

In this work, a novel framework with continuity-aware
latent interframe information mining is proposed to provide
reliable and consecutive information for UAV tracking. With
the robust information mining and effective feature restora-
tion capabilities of GSTC and MS fusion blocks, ClimNet
can achieve satisfactory performance even in challenging
aerial scenarios such as occlusion and aspect ratio change.
Besides, attributing to LCT, sufficient information can be ef-
ficiently integrated to improve information continuity. Com-
prehensive experiments provide strong evidence that ClimRT
can achieve robust performance in real-world and complex
aerial tracking scenarios. We are convinced that this work
will promote the development of UAV tracking and foster
the progress of autonomous UAV applications.
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