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Abstract— Visual object tracking is a very important task for
unmanned aerial vehicle (UAV). Limited resources of UAV lead
to strong demand for efficient and robust trackers. In recent
years, deep learning-based trackers, especially, siamese trackers
achieve very impressive results. Though siamese trackers can
run a relatively fast speed on the high-end GPU, they are be-
coming heavier and heavier which restricts them to be deployed
on UAV platform. In this work, we propose a lightweight aerial
tracker based on the siamese network. We use EfficientNet as
the backbone, which has less parameters and stronger feature
extract ability compared with ResNet-50. After a pixel-wise
correlation, a classification branch and a regression branch
are applied to predict the front/back score and offset of the
target without the predefined anchor. The results show that our
tracker works efficiently and achieves impressive performance
on UAV tracking datasets. In addition, the real-world test shows
that it runs effectively on the Nvidia Jetson NX deployed on
DJI UAV.

I. INTRODUCTION
Due to the lower cost and higher flexibility, the unmanned

aerial vehicle (UAV) is widely used in various missions, and
the market size continues to grow yearly. More specifically,
good processing performance and rich payloads make it an
ideal tool in military and civilian surveillance system. Com-
pared with humans, UAV can easily, safely and efficiently
perform tasks including but not limited to disaster rescue,
power line inspection, and traffic monitoring[1]. Object
tracking is one of the hot spots and fundamental problems
in computer vision research. As a branch of object tracking,
aerial tracking has received extensive attention due to its
broad application prospects[2]. The task of aerial tracking
is to give the position of the object in the initial frame, and
then predict the position of the object in subsequent frames.
A significant difference between aerial tracking and other
tracking tasks is that the limited payload capacity and fast
flight speed make it require real-time speed and low resource
consumption. Besides, the object tracking tasks in the UAV
remote sensing also face a number of challenges, such as
image degradation, variable object intensity, small object
size, background complexity, motion blur etc[3]. Obviously,
an efficient and effective aerial tracker needs to be developed.

Generally, object tracking methods are mainly divided into
two categories: correlation filter-based online trackers and
deep learning-based offline trackers. In contrast, The for-
mer method is CPU-friendly[4][5] while the latter approach
requires GPU[6]. In the past few years, methods based on
discriminative correlation filtering (DCF) have been widely
used on aerial platforms[7]. The most important feature and
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amazing highlight of DCF-based methods is the transfer of
calculation into Fourier domain, which significantly increases
the speed of DCF-based trackers[8]. Among them, most
trackers can reach 30 frames per second (FPS) on a single
CPU platform, which ideally meets the need of UAV. The
most representative DCF-based tracker is KCF[9], which
trains an object detector during the tracking process and uses
the object detector to detect whether there is an object at
the predicted position of the next frame. On the one hand,
methods based on correlation filtering have the advantages
of low cost and high efficiency. On the other hand, they
cannot achieve good results in some challenging scenarios,
such as occlusion, deformation, and motion blur, which still
have a clear gap compared with offline trackers based on
deep learning. However, the latter suffers from inefficiencies
and needs to achieve a satisfactory balance.

Among the deep learning-based trackers, siamese tracker
plays a significant role in object tracking. The pioneer works
of siamese tracker are SINT[10] and SiamFC[11]. which
utilize siamese network to learn the similarity of the object
and search area and make the tracking problem a search
problem of the target in the hole image. Based on this, a
large number of follow-up siamese trackers have been pro-
posed and achieved tremendous performance. SiamRPN[12]
introduces region proposal network into tracking and uses
anchor-based approach to predict the location of object.
Then following studies are mainly divided into two parts:
designing more powerful backbone network[13][14] and
proposing more effective proposal network[15]. In the mean-
while, anchor-free methods have been proposed, such as
SiamBAN[16], SiamCAR[17], Ocean[18], SiamFC++[19],
etc. which have been well applied. These efforts have indeed
achieved remarkable results. However, these models are
becoming increasingly heavy and expensive compared with
early methods and cannot be deployed on embedded systems.
Table I shows the difference in hardware metrics between
desktop GPUs and embedded devices.

TABLE I
COMPARISON OF NVIDIA JETSON XAVIER NX AND RTX TITAN

Device RTX TITAN Jetson Xavier NX
CUDA Cores 4608 384
Tensor Core 576 48

Total Video Memory 24GB 8GB
Memory Interface 384-bit 128-bit

Total Memory Bandwidth 672 GB/s 59.7 GB/s
Thermal Design Power 280Watts 20Watts

In this work, a lightweight aerial tracker based on siamese
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network is proposed. An anchor-free method is adopted for
the generation of the location of the object. In more detail,
the framework consists of a siamese network backbone and
a fully convolutional prediction head. Unlike most of the
siamese trackers, the backbone chooses EfficientNet[20],
instead of modified ResNet-50[13]. The predict head has two
branches, one for classification and the other for regression.
The classification branch predicts the foreground-background
category score, and the regression branch predicts the relative
offset from the four sizes of bounding boxes. With a small
size, the model only has 1.08M parameters and 408.66
MFlops and can be deployed on embedding system like
NVIDIA Jetson Xavier NX, a widely used onboard computer
that can run deep neural networks.

The contributions of this work are as follows:
• A simple and efficient lightweight aerial tracker based

on siamese network is proposed, which can significantly
improve the usability and generality of siamese tracker
in aerial scenarios.

• Extensive experiments show that the proposed method
is effective and efficient. Competitive performance is
observed based on three challenging aerial tracking
datasets. According to the real-world experiments on
NVIDIA Jetson Xavier NX, this tracker still maintains
robustness for aerial tracking, with a running speed
exceeding 20 FPS.

II. RELATED WORKS

Generally, discriminative correlation filter (DCF)-based
trackers are widely used in the tracking of UAV[7], due to
the advantages of high speed and outstanding performance.
DCF-based approach takes the object tracking algorithm into
a new level. Robustness and accuracy are significantly im-
proved with high processing speed. In recent years, siamese-
based trackers have received increasing attention due to
their state-of-the-art performance. Therefore, efficient and
effective siamese-based tracker is an ideal choice for aerial
tracking.

With the development of convolutional neural network
(CNN), deep learning shows strong power in computer
vision. SINT[10] first introduce siamese network into object
tracking. It transfers tracking into a matching problem.
SiamFC[11] proposed an end-to-end fully convolutional net-
work approach to learn the similarity of the template and
search area. It runs efficiently at 86 FPS due to its simple
structure and no runtime updates. DSiam[21] learns feature
transformation to handle the object variation and inhibiting
background. However, these methods require a multi-scale
testing to detect scale variation. Also, they cannot handle
aspect ratio changes. In order to get more precisely bounding
boxes, SiamRPN[12], inspired by Faster R-CNN[22], intro-
duce region proposal network (RPN) into object tracking.
Tracking issues are considered one-time detections. Then
SiamRPN++[13], SiamDW[14] and SiamMask[23] remove
the influence of factor such as padding in different ways
so that siamese network benefit from deep network such as
ResNet-50[24], MobileNet[25] or deeper networks instead of

AlexNet[26]. Besides these offline trackers, online trackers
like PrDiMP[27] achieve better results due to its online
update strategy. Anchor-based methods need to carefully
design and fix the parameter of anchor boxes to address the
scale and aspect ratio of the objects, In other words, they
require a lot of tricks to achieve good results. Anchor-free
methods are proposed to solve these problems. Ocean[18]
builds the object-aware anchor-free network. SiamBAN[16]
propose a box adaptive network (BAN) that makes use
of the expressive power of the fully-convolutional network
(FCN). SiamCAR[17] decomposes the visual object tracking
into two sub-problems: pixel category classification and
object bounding box regression at this pixel. SiamFC++[19]
proposed a set of generic object tracker design guidelines.
Briefly, the tracking task is viewed as a combination of a
classification task and an estimation task, where the classi-
fication task determines the location of the object, and the
estimation task obtains the state of the object.

To meet the needs of UAV tracking, some studies propose
efficient tracking methods. SiamAPN[28] used anchor pro-
posal network to precisely generate anchor. SiamAPN++[29]
conducted a special attention aggregation network. These
adaptive anchor generation methods improve the robustness
and generalization in some challenging scenarios and de-
crease the number of anchor, thereby reducing computing
stress. LightTrack[30] designed a lightweight and efficient
object tracker using neural architecture search, which bridges
the gap between academia and industry.

III. PROPOSED METHOD

In this section, the proposed aerial tracker will be intro-
duced in detail. As shown in Fig. 1, the aerial tracker consists
of three sub-networks, namely the feature extraction network,
the correlation network, and the prediction head network.

A. Feature Extraction Network

Following the architecture of siamese tracker, feature
extraction network has two branches that shared the same
architecture and weight. The proposed model takes an image
pair as input, namely, an exemplar image and a search image.
The exemplar image represents the target, usually the crop of
the target in the initial frame. The search image represents the
search area in subsequent frames. EfficientNet-B0 is used as
the backbone, instead of ResNet-50. Compared with ResNet-
50 EfficientNet has fewer parameters and FLOPs, as shown
in Table II. Appropriate network stride plays an essential role
in the tracking task, as the tracker requires detailed spatial
information to make predictions. Most Siamese trackers
reduce the backbone network stride in the last few layers
and use atrous convolution to increase the receptive field,
we simply use the first 6 stages of EfficientNet-B0 shown in
TABLE III as our backbone.

B. Correlation Network

Generally, Siamese trackers use naive cross correlation
or depth-wise cross correlation to aggregate features of the
exemplar image and search image. The above two correlation
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Fig. 1. Network Structure

TABLE II
PARAMETER AND FLOPS COMPARED BETWEEN

EFFICIENTNET-B0 AND RESNET-50

Model Top1-acc Top5-acc Parameters FLOPs
EfficientNet-B0 76.3% 93.2% 5.3M 0.39B

ResNet-50 76.0% 93.0% 26M(4.9×) 4.1B(11×)

TABLE III
STRUCTURE OF EFFICIENTNET-B0

Stage Operator Resolution Channels Layers
1 Conv3x3 224 × 224 32 1
2 MBConv1, k3x3 112 × 112 16 1
3 MBConv1, k3x3 112 × 112 24 2
4 MBConv1, k5x5 56 × 56 40 2
5 MBConv1, k3x3 28 × 28 80 3
6 MBConv1, k5x5 28 × 28 112 3
7 MBConv1, k5x5 14 × 14 192 4
8 MBConv1, k3x3 7 × 7 320 1
9 Conv1x1 & Pooling & FC 7 × 7 1280 1

methods use the whole exemplar features as the kernel to
correlate with the search region features, and generate the
response map. Different from previous methods using multi-
scale features, this method only uses single-scale features.
In this work we adopt pixel-wise cross correlation[30] as
our correlation network. K ∈RC×Hz×Wz is used to denote the
features of exemplar and S ∈ RC×Hx×Wx for the feature of
search region. Pixel-wise cross correlation decomposes the
exemplar features into HzWz small kernels K j ∈RC×1×1 and
then correlate with the features of search region to generate
the correlation maps C ∈ RHzWz×Hx×Wx . The process can be
described as:

C = {C j|C j = K j ∗S} j ∈ {1, . . . ,Hz ∗Wz} (1)

where ∗ denotes naive correlation. Pixel-wise correlation
ensures that each correlation map encodes information of a

local region on the target and avoids blurring features. After
the correlation a channel attention module is used to adjust
the weights of each channel, which can enhance features
distinguishably.

C. Prediction Head

As shown in Fig. 1, the prediction head has two
branches, a classification branch and a regression branch.
Both branches receive the features from response map. The
feature maps are processed using multiple SepConv blocks,
and the prediction head uses 1x1 Conv layer to output pre-
diction result. SepConv consists of two convolution layers,
one BatchNorm layer and one ReLU6 layer, as shown in
Fig. 2. By design, the classification branch needs to output
two channels for foreground-background classification, and
the regression head needs to output four channels for the
prediction of bounding box’s offset.

DSConv2d kernel=(3, 5)

Conv2d kernel=1

BatchNorm

ReLU6

input

output

Fig. 2. SepConv Structure

The two prediction branches have different numbers of
network blocks, including four blocks in classification branch
and five blocks in regression branch, because the regression
branch needs more information to generate bounding boxes.
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The SepConv block has two different kernel sizes of 3 and
5, with padding operations of 1 or 2 to maintain the size of
feature map. In general, the larger the convolution kernel, the
larger the receptive field, the more information can be seen
in the image, and the better the global features obtained.
In the classification branch, two SepConv blocks with the
kernel of 5 are first adopted to better obtain the information
of the object. Then, two SepConv blocks with the kernel of
3 are adopted to enable better aggregation of information
about the object. The channel of classification branch is set
to 192. For the regression branch, three SepConv blocks with
the kernel of 3 are used first, and then two SepConv blocks
with the kernel of 5 are used, because generating prediction
frames requires more confidence in local details. The channel
of regression branch is set to 128. After these treatment, a
convolution layer is used to change the network channels to
fit the output shape.

The output of the prediction head is shown in Fig. 3.
Each of the point on the classification map Pcls

w×h×2 or
the regression map Preg

w×h×4 can be mapped to the input
search image. Assuming that there is a point marked (i, j)
on classification map, its corresponding coordinates on the
search image can be expressed as:

Pi = w− (
⌊w

2

⌋
− i)× s

Pj = h− (

⌊
h
2

⌋
− j)× s

(1)

where w and h represent the width and height of the search
image, and s denotes the total strides of the feature extraction
network. For the regression map, he offset of the bounding
box is calculated directly. Since the regression target is a
positive real number, exp(x) is applied at the last stage of
the regression branch, to make sure the output d ∈ (0,+∞).

Classification Map

Regression Map
dl

dr
dt

db

front

back

Search Result

+

Fig. 3. Illustrations of Prediction Head

D. Ground-truth and Loss

Following the design of SiamBAN [16], let gw, gh,
(gx1,gy1), (gxc,gyc), (gx2,gy2) represent the width, height,
top-left point, center point and bottom-right point. the point
falls in

(pi −gxc)
2

( gw
4 )2 +

(p j −gyc)
2

( gh
4 )

2 = 1 (2)

signed with a positive label, and the point falls out of

(pi −gxc)
2

( gw
2 )2 +

(p j −gyc)
2

( gh
2 )

2 = 1 (3)

signed with a negative label. For a point (Pi,Pj) with positive
label, the regression targets are:

dl = Pi −gx1

dt = Pj −gy1

dr = gx2 −Pi

db = gy2 −Pj

(4)

The loss function is defined as follows:

Ltotal = αLcls +βLreg (5)

where the Lcls is cross entropy loss and Lreg is IoU loss,
and the coefficient is simply set to 1.

IV. EXPERIMENTAL RESULTS

A. Training And Inference

1) Training details: Our backbone network is initialized
with the weight pre-trained on ImageNet for image clas-
sification, which has proven to be a very important step
for tracking[30]. We used COCO[31], ImageNet DET[32],
ImageNet VID[32], YouTuBe-BoundingBoxes Dataset[33],
LaSOT[34] and GOK-10K[35] as our training datasets. In
both training and testing, we used single scale images with
128 pixels for exemplar image and 256 pixels for searching
image.

Stochastic gradient descent (SGD) is used to train our
trackers. The training machine has dual RTX TITAN GPUs.
we use synchronized SGD over two GPUs with a total of
32 pairs per minibatch (16 pairs per GPU). We trained the
network with 50 epochs in total, for the first 10 epochs,
the backbone is frozen. We use a warmup learning rate of
0.001 to 0.005 in the first 5 epochs. For the rest epochs, the
network is trained with learning rate exponentially decayed
from 0.005 to 0.00005 while in the last 10 epochs fine-tuned
the backbone network with one-tenth of the current learning
rate. Weight decay of 0.0001 and momentum of 0.9 are used.

2) Inference: During the inference, the exemplar frame’s
feature is initiated by the first input frame, the features of
exemplar are stored and do not update during the entire
tracking process. For the following frames, we crop the
search image and extract the feature based on target position
in previous frame, and predict the location and the offset of
the target based on classification map and regression map.
The bounding box can be calculated by the formula:

Px1 = Pi −dreg
l

Py1 = Pj −dreg
t

Px2 = Pi +dreg
r

Py2 = Pj +dreg
b

(6)

After generating the prediction bounding box, a cosine
window and scale change penalty is used to smooth the
output, which is essential for object tracking.
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B. Evaluation
1) Evaluation method: The experiments are based on one-

pass evaluation (OPE)[36]. Success and precision are used
to measure the performance of the tracker. The precision
of the tracker is measured by center location error, which
the Euclidean distance between center of the ground truth
and prediction box. Precision plot reflects the percentage of
pictures that meet the condition that the Euclidean distance
between the center point of the prediction box and the ground
truth is less than the specified threshold, generally 20 pixels.
Success rate is measured by intersection over union (IoU)
between prediction box and ground truth. Area-under-the-
curve (AUC) on the success plot is used for ranking.

2) UAV dataset benchmark: We use three UAV tracking
datasets to evaluate our tracker, namely DTB70[37],
UAV123 10fps[3], and UAVDT[38]. We compare our
tracker with 11 state-of-the-art trackers: SiamRPN Alex[12],
AutoTrack[39], ARCF[4], BACF[40], ECO HC[41],
DaSiamRPN[21], SiamDW RPN Res22[14], SeSiamFC[42],
SiamAPN[28], SiamDW FC Res22[14], SiamAPN++[29].

DTB70 dataset is high diversity, consisting of 70 short
term videos captured by drone cameras. Most of the image
sequences focus on tracking people and cars with specially
camera motion designed. The success and precision plots
are shown in the Fig. 4. Compared with the algorithms
for correlation filtering, our algorithm performs much better
than them, both in success and precision. Specifically, our
tracker achieves a success score of 0.611, which outperforms
SiamAPN++ (0.594) and SiamRPN alex (0.586) with a large
margin.

(a) Success Plot (b) Precision Plot

Fig. 4. Success and precision plots on DTB70

UAV123 10fps is downsampled from UAV123 dataset.
The original UAV123 dataset includes 123 sequences with
average sequence length of 915 frames. This dataset is char-
acterized by clean background and high perspective variation.
As the distance between frames becomes larger, some of the
original challenges will become more difficult. Fig. 5 shows
the result of success and precision on UAV123 10fps. The
AUC of success 0.577 is higher than most of the trackers,
while the precision is only 0.001 lower than SiamAPN++
(0.764).

UAVDT dataset consist 80k frames captured by an UAV
platform at various urban locations. The sequences contain
between 83 and 2970 frames. The videos sequences are

(a) Success Plot (b) Precision Plot

Fig. 5. Success and precision plots on UAV123 10fps

recorded at 30 frames per seconds with the resolution of
1080×540 pixels. The tracking performance of all trackers
are shown in Fig. 6. Our method ranks the first in terms of
success 0.570, while maintaining superior performance on
precision 0.778.

The test results of the above three datasets show that our
tracker is able to demonstrate excellent performance in UAV
tracking scenarios. Besides, some qualitative evaluations are
shown in Fig. 7. It clearly shows that our tracker maintains
remarkable performance under fast motion and illumination
variation scenes with other trackers.

(a) Success Plot (b) Precision Plot

Fig. 6. Success and precision plots on UAVDT

C. Speed Test
Our approach aims to design an efficient and effective

tracker and handle the challenges in aerial tracking. In UAV
tracking missions, speed is a critical evaluation as both the
UAV and the target are moving continuously. Therefore, in
order to better illustrate the performance and performance of
our tracker compared to other deep learning-based trackers,
we conducted a further study on NVIDIA Jetson Xavier NX.
It brings supercomputer performance to the edge in a small
form factor system-on-module (SOM), and it is a common
onboard computer for small UAV. DTB70 is used to test
the processing speed and prediction precision. The results
are shown in Fig. 8. Our tracker achieves the fastest speed
among the others. While the precision is a little bit lower
than SiamBAN, our tracker’s is nearly 5 times faster than it.
In addition, owing to the lightweight and efficient design, our
tracker can run real-time and maintain impressive precision
in aerial tracking.

3279



Fig. 7. Visualization of the tracking results of EFTrack and other trackers on some challenging sequences, where the green boxes indicate our tracker’s
results and the pink boxes indicate ground truth. From top to bottom, the sequences are car3 s and group1 1 from UAV123 10fps. Our tracker shows
remarkable aerial tracking performance.
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Fig. 8. Comparisons to trackers with siamese tracker on DTB70 using
NVIDIA Jetson Xavier NX. Our tracker achieves nice results compared
with other trackers and processes quickly.

D. Real world experiment

In this subsection, we deploy our tracker on the UAV
platform to test its effectiveness in a real-world application
scenario. NVIDIA Jetson Xavier NX and DJI M100 are used
as our onboard computer and UAV platform as shown in
Fig. 9. A flying UAV is used as our tracking target. The
whole tracking process faces three main challenges: fast
moving target, camera motion and scale change. During
the real-world UAV tests, the utility of GPU maximum
to 40%@1.1GHz with Jetson Clocks activating, and power
consumption has an average of 7 watts, and there is no
noticeable lag, which can meet the requirements of aerial
tracking. The real-world tests on our UAV demonstrate the
usefulness of our trackers.

V. CONCLUSIONS AND DISCUSSION

In this work, we propose a lightweight aerial tracker based
on siamese network architecture. The simplicity of network
structure as well as the employment of siamese backbone,
correlation and prediction head can handle most scenarios

(a) Real world test platform (b) Init target

(c) Camera motion (d) Scale change

Fig. 9. Real-world test on UAV.

during aerial tracking. Tracking is not required to know the
target class, similarly to solving a comparison problem, a
simple comparison problem with a tiny network is sufficient.
Consequently, this work can bring some new insights into
tracking task development.

Limited by the short-term training method, our network’s
performance on long-time tracking still needs to be im-
proved. During the inference time, The arithmetic power of
the GPU is not fully utilized. The characteristic of a network
like EfficientNet is the use of a large number of low FLOPs
and heavy data read and write operations. These operations
with high data read and write volumes, and the GPU’s access
bandwidth limitations, lead to excessive time for the model
reading and writing data from the video memory. For further
works, TensorRT and ONNX can be used in these studies to
accelerate the inference speed.
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