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Abstract: Siamese networks have proven to be suitable for many computer vision tasks, including
single object tracking. These trackers leverage the siamese structure to benefit from feature cross-
correlation, which measures the similarity between a target template and the corresponding search
region. However, the linear nature of the correlation operation leads to the loss of important seman-
tic information and may result in suboptimal performance when faced with complex background
interference or significant object deformations. In this paper, we introduce the Transformer structure,
which has been successful in vision tasks, to enhance the siamese network’s performance in chal-
lenging conditions. By incorporating self-attention and cross-attention mechanisms, we modify the
original Transformer into an asymmetrical version that can focus on different regions of the feature
map. This transformer-like fusion network enables more efficient and effective fusion procedures.
Additionally, we introduce a two-layer output structure with decoupling prediction heads, improved
loss functions, and window penalty post-processing. This design enhances the performance of both
the classification and the regression branches. Extensive experiments conducted on large public
datasets such as LaSOT, GOT-10k, and TrackingNet demonstrate that our proposed SiamUT tracker
achieves state-of-the-art precision performance on most benchmark datasets.

Keywords: computer vision; object tracking; siamese; transformer

1. Introduction

Visual object tracking is a fundamental task in computer vision. Research on visual
tracking has received increasing attention during the past decade. With the development
of artificial intelligence and modern neural networks, many new methods sprang up and
helped researchers achieve lots of significant breakthroughs in this area. Although such
great progress has been made recently, single-object tracking is still considered a rather
challenging and complex problem. Single-object tracking aims to predict the location and
outline of a moving target given in a certain frame of a video in advance. There are lots of
challenges, such as deformation, occlusion, clutter, scale variation, and so on, which make
it even more difficult to predict precisely [1,2].

Trackers with the siamese network structure have been widely applied to improving
tracking accuracy. Based on the siamese structure, a large number of modified models
occurred in order to decrease the side-effects of the linear computation in the siamese
network. Correlation-based networks tend to fall into the local optimum in that they are not
good at making use of global context in the given region. In addition, when it comes to the
target’s boundaries, the loss of semantic information through correlation eventually results
in imprecise predictions. These mentioned models promote the performance of siamese
trackers by using trending structures [3–6] or adding an additional online updater [7–9].
However, due to the inherent defect of the siamese network, which applies correlation as the
representation of similarity between the given target and its template, these trackers are not
able to achieve a high-level result in most single-object tracking (SOT) benchmarks [10–12].
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This linear operation becomes an obstacle when sharp deformation of the object or severe
interference from the complex background exists.

To avoid these problems and in pursuit of better speed and accuracy, Transformer [13]
and transformer-like structures, which have been proven very efficient in computer vision
tasks, are a good choice. Thus, some transplants from picture classification to object
tracking were made. The transformer structure overcomes the bottleneck of traditional
siamese-based methods, leading to high speed and high accuracy in tracking.

Against the background interference and the object deformation, as Figure 1 shows, we
introduce a highly specialized feature fusion network based on Transformer. Transformer-
based networks improve the tendency toward local optimum and loss of semantic infor-
mation necessary for accurate boundary prediction brought about by correlation. This
new mechanism improves the quality of similarity representation in many extreme circum-
stances. Our proposed feature fusion network is based on total attention and applies an
unsymmetrical structure that utilizes two different branches in the feature fusion process.
For better representation of similarity instead of correlation, our network consists of a
direct attention strengthening module and a cross region fusion module in each layer. Our
new fusion mechanism not only actively integrates the features of the region of interest
and the template but also effectively avoids the mutual interference between them while
computing attention. In addition, in order to utilize information from different dimensions,
we design a unique combination of the two-layer output of the backbone extractor and
decoupling prediction heads in order to achieve better classification and regression. In
summary, our main contributions are listed below:

1. We propose a transformer-like feature fusion network based on pure utilization of
attention mechanisms, combining the template and the search region instead of a
cross-correlation operation;

2. We develop two highly specialized attention modules: a direct attention strengthening
module based on self-attention and a cross-region fusion module with cross attention,
enabling the tracker to focus on useful information and establish long-term feature
associations;

3. We propose decoupling prediction heads for both classification and regression along
with the two-layer output mechanism to enhance the results of the previous attention
map. Furthermore, we replace the basic GIOU loss with DIOU, which is more suitable
for single object tracking.
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2. Related Works

In this section, we briefly introduce recent siamese trackers since the siamese structure
has been found to be especially efficient in visual tracking tasks. In addition, we also
present Transformer and attention-based networks that are relevant to our work.

2.1. Siamese Networks Based on Cross-Correlation Operation

In recent years, siamese networks have been a hotspot in visual object tracking [14–18].
Trackers based on the siamese network achieved a good balance between tracking accuracy
and efficiency [19–22]. These siamese trackers consider the task a cross-correlation problem
between the given search region and the template. Mainstream siamese tracking architec-
tures contain a backbone feature extractor and a correlation-based network to compute
similarity between the target and the search region.

SiamFC [14], the pioneer of siamese trackers, first extracts deep features from both
the template and the search region with the same trained CNN backbone, then calculates
the cross-correlation between the two feature maps to compute the matching scores for
target localization. SiamRPN [16], adding the RPN structure [23] widely in order to
directly obtain the regression of the bounding box as well as conducting depth-wise
correlation. SiamRPN++ [3] proposes a layer-wise feature aggregation structure for the
cross-correlation operation and a depth-wise separable correlation structure to produce
multiple similarity maps. In addition to these mentioned networks, other popular trackers,
including ATOM [24] and DiMP [25], are also highly dependent on the cross-correlation
operation. The methodology of these trials is to deepen the feature extractor for better
feature maps with the same similarity core—cross-correlation.

However, the cross-correlation itself has two overlooked drawbacks. One defect of
this mechanism is that networks using cross-correlation tend to fall into local optimums
because of the inability to fully utilize the global context in the designated region from
one frame. The other defect is that the cross-correlation operation itself is bound to lose
semantic information to some degree. When it comes to the boundaries of the object, this
inevitable loss of high-level information is the reason for imprecision. To avoid these
mentioned issues, our work introduces a Transformer-like feature fusion network using
attention mechanisms instead of cross-correlation.

2.2. Transformer and Transformer-like Networks

Transformer is first applied in machine translation in the field of NLP. It has replaced
RNN in many tasks, like language and speech processing [26–28]. Briefly, Transformer has
encoders and decoders, both based on attention. These modules transform one sequence
into another and generate output tokens one by one. In computer vision, the parallel
encoders and decoders based on attention mechanisms help Transformer function as well
as in NLP.

DETR [29], a Transformer encoder-decoder architecture that forces unique predictions
via a bipartite matching procedure. On the challenging COCO [30] dataset, DETR performs
much better in comparison to the Faster R-CNN baseline [23]. Motivated by the success
of DETR in detection, Transt [31] attempts to bring Transformer into the tracking field,
considering the similarity between detection and tracking. Transt does not simply copy
the encoder-decoder architecture. To apply Transformer to tracking, Transt designs a
symmetrical module that is a combination of self-attention and cross attention for both the
template and the search region to be input. Other efforts have also been made to introduce
the attention mechanism into tracking tasks, such as SiamAttn [9], which also combines the
self-attention branch and the cross-attention branch but still applies depth-wise correlation,
and SparseTT [32], which relieves the problem that self-attention lacks focus on the relevant
information by modifying the network with a sparse attention mechanism.
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These methods replace correlation with transformer-like structure in feature fusion
networks. However, there is still one deficiency that has not been solved by the introduction
of Transformer yet. The problem lies in that during the symmetrical self-attention and
cross-attention operations for both the template and the search region, the feature map
of each layer mingles relevant and irrelevant information together equally, causing the
attention mechanism to become confused about what to focus on. That is to say, at certain
locations in the transformer-like architecture, the two branches have to be different from
each other. Inspired by this concept, we preserve the vital idea and aspects of Transformer
and design a new unsymmetrical feature fusion network based on attention mechanisms.

3. Model

In Figure 2, we present the SiamUT in the form of a flow chart. Our framework consists
of three important components: a feature extractor using the ResNet50 backbone [33], a
feature fusion network, and a decoupling prediction head network for localizing the target.
In the beginning section, we introduce the details of the feature extractor. Afterwards,
we demonstrate how the feature fusion network, based entirely on attention, and the two
significant modules work to process the features. At the end of this chapter, we have some
discussion about the advanced decoupling head network.
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feature extractor (ResNet50 Backbone), a feature fusion network (both layer 3 and layer 4 output),
and prediction heads.

3.1. Feature Extractor

The proposed SiamUT network operates like some siamese-based trackers. Its feature
extractor first crops a pair of image patches as the original input of the backbone, i.e., the
template image Z ∈ Rhz×wz×3 and the search region image X ∈ Rhx×wx×3 as well. In
order to obtain both appearance information from the target object and some necessary
background information from its surroundings, the template image is expanded by twice
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the side length from the center of the given object in the first frame of its video sequence.
For the search region, it is required to cover as much of the target-accessible area as possible.
So that the search region image is expanded by four times the side length from the center
of the coordinate object in the previous frame.

In order to obtain both appearance information from the target object and some
necessary background information from its surroundings, the template image is expanded
by twice the side length from the center of the given object in the first frame of its video
sequence. For the search region, it is required to cover as much of the target-accessible area
as possible. So that the search region image is expanded by four times the side length from
the center of the coordinate object in the previous frame. After that, feature maps Fz and
Fx of the template and the search region are generated by the backbone. It is noted that
FZ ∈ Rhzl×wzl×cl and Fx ∈ Rhxl×wxl×cl , hzl, hxl, wzl, wxl, and cl are constants in coordinate
with their layers in the backbone.

There are lots of optional backbones for feature extractors such as AlexNet [34], ResNet,
DenseNet [35], and huge structures using attention. As described in [36], among these
backbones, ResNet is not that complicated and rich in both semantic and localization
information due to its multi-layer output, which is able to assist subsequent networks in
classification and regression. Thus, we chose ResNet50 for the feature extractor. Especially,
layers 3 and 4 are both selected as the output layers. The deeper layer, rich in semantic
information, provides regression vectors only, while the other one provides classification
vectors only.

3.2. Feature Fusion Network

Different from the traditional symmetrical transformer-like structure [31], we propose
an unsymmetrical feature fusion network with direct attention strengthen modules (DAS)
and cross-region fusion modules (CRF).

Before entering the feature fusion network, the channel dimensions of Fz and Fx need
to be reduced. Here we use a common 1 × 1 convolution to accomplish that. In the two
low-dimensional feature maps F’

z and F’
x, F

′
z ∈ Rhzl×wzl×d, F

′
x ∈ Rhxl×wxl×d, d is the default

compact number of dimensions. The succeeding transformer-like feature fusion network
takes vectors as input, so the two low-dimensional feature maps also have to become
feature vectors. F’

z and F’
x are flattened in spatial dimension, obtaining the required feature

vectors fz and fx, fz ∈ Rhzl×wzl×d, fx ∈ Rhxl×wxl×d. Both fz and fx can be considered piles of
vectors of the same length d.

As shown in Figure 2, the two outputs of the feature extractor (taken layer 4 as an
example) are sent into the template branch and the search branch as the input correspond-
ingly. In the template branch, the DAS module with multi-head self-attention focuses
on the template object itself and its surroundings. The output feature vectors containing
information about the template and its background in this branch are also the input of the
CRF module in the search branch and the decoder. In the search branch, the incoming
feature vectors are also processed by the DAS module at first. Then the processed search
region feature vectors, together with the processed template feature vectors, are taken into
the CRF module. The CRF module receives feature vectors from the two branches at the
same time and fuses these different features with its built-in multi-head cross attention.
The two DAS modules and the CRF module function as a feature fusion layer, as well as the
encoder in the origin transformer. After that, the fused feature vectors of the CRF module
and the template vectors of the DAS module are sent into the decoder. The decoder uses
multi-head cross attention to process the two inputs from the two branches and eventually
obtains the regression vectors or classification vectors.

Multi-head attention is a significant mechanism in our proposed feature fusion net-
work. Since the scale dot-product attention function is the basic attention mechanism, the
details of it are not repeated here. [13] developed the basic attention into a multi-head
version. For a better understanding of our network, we present the detailed descriptions of
multi-head attention according to [13].
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Multi-head attention is able to take various attention distributions into consider-
ation and focus on different regions of the input. Multi-head attention is defined in
Equations (1)–(3), where Q represents queries, K represents keys, V represents values,
weight matrices WQ

i ∈ Rdm×dk , WK
i ∈ Rdm×dk , WV

i ∈ Rdm×dk and WO ∈ Rdm×dv×nh ; nh, dm,
dk = dv = dm/nh are default values.

Multi− head(Q, K, V) = Concat
(

H1, . . . , Hnh

)
WO (1)

Hi = Attention
(

QWQ
i , KWK

i , VWV
i

)
(2)

Attention(Q, K, V) = So f tmax
(

QK√
dk

)
V (3)

The structure of DAS is shown in Figure 3. The main function of the DAS module is to
integrate information from various parts of the feature map. Combining the residual [33]
formation and multi-head attention, DAS is able to strengthen the given feature map
according to the default number of channels. Due to the lack of ability to distinguish
positional information, DAS inputs should be positional encoded first. Our method for
generating positional encoding is a sine function. The following Equation (4) is the summary
of the DSA mechanism, where PY ∈ Rd×NY is the outcome of the sine positional encoding
module and YDAS ∈ Rd×NY is the output of the whole DAS module.

YDAS = Y + Multi− head(PY, PY, Y) (4)
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The structure of CRF is shown in Figure 4. The main function of the CRF module is to
fuse feature vectors from both branches. The CRF module takes the output of its previous
DAS module in the search branch and the output of the DAS module in the template
branch as its input. Because of the similar attention structure, inputs to CRF also need to be
sine-positional encoded before calculating. As described in [37], it is helpful in promoting
the fitting ability of the model to add an additional fully connected feed-forward network
module (FFN) after the attention part. Considering the balance between the benefit of FFN
and the increase in parameters by adding FFN, we only plant a FFN module in CRF. The
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FFN module in CRF is a 3-layer linear transformation with rectified linear units (ReLU).
The following Equations (5)–(7) are a summary of the CRF mechanism.

∼
YCRF = YS + Multi− head

(
PYs , PYT , YT

)
(5)

YCRF =
∼

YCRF + FFN
( ∼

YCRF

)
(6)

FFN(x) = max(0, max(0, xW1 + b1)W2 + b2)W3 + b3 (7)

where YS ∈ Rd×Ns is the output of the previous DAS module in the search branch,
YT ∈ Rd×NT is the output of the DAS module in the template branch, PYS ∈ Rd×Ns is
the outcome of sine positional encoding of YS in the search branch, PYT ∈ Rd×NT is the

outcome of sine positional encoding of YT in the template branch,
∼

YCRF is the outcome of
the multi-head attention stage, YCRF is the output of the CRF module. W1,2,3 and b1,2,3 are
weight matrices and bias matrices in different layers of the FFN module.
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CRF integrates the features of the template and the search region. Two DAS modules
and one CRF module constitute a feature fusion layer where features of the given object
and the background of the search area are integrated. More feature fusion layers improve
the result of fusing feature maps and slow down the speed of operation at the same time.
In our experiment, we used two feature fusion layers. Also, the feature fusion layers act
as the encoder in the transformer structure. The following decoder takes the output of
previous feature fusion layers as input. Finally, the output of the decoder can be used by
the decoupling prediction head.

3.3. Prediction Heads and Training Loss

Our prediction network consists of two decoupling prediction heads in two different
branches: one is the classification branch, and the other is the regression branch. In
convolutional networks, deeper layers have more semantic information, while shallow
layers have more mechanical information like location and color. Thus, we allocate different
output layers to different branches. As shown in Figure 2, the regression branch receives
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the layer 4 output of the feature extractor, while the classification branch receives the layer 3
output of the feature extractor.

Our prediction network completely abandons the anchor points, or anchor boxes,
based on prior knowledge. The decoupling prediction heads of two branches generate
predict logits, which contain foreground/background classification results and normalized
coordinates on the basis of the original size of the search region from the feature vectors of
the feature fusion network. The tracker can compute the ultimate bounding box by predict-
ing logits directly. That is why our 2-layer decoupling prediction heads could enhance the
precision of the whole tracking network. Each of them is a multi-layer perceptron (MLP).
In our implementation, the number of MLP layers is three.

Receiving feature vectors from the previous feature fusion layer, each prediction head
generates binary prediction logits containing classification or regression results according
to which branch the head is in. For classification, positive samples are the predictions
of feature vectors relevant to the pixels in the given ground-truth bounding box, while
negative samples are the rest. In the regression branch, only positive samples have an
effect on the total regression loss. In the classification branch, the total classification loss is
relevant to all the positive and negative samples. We define our classification loss with the
standard binary cross entropy loss in Equation (8) as follows:

Losscls = −∑
i
(1− zi)log(1− pi) + zilog(pi) (8)

where zi is the i-th sample’s ground truth label, zi = 1 when it is in the foreground, and
zi = 0 when it is in the background. Pi is the probability belonging to the foreground of the
prediction generated by the prediction head.

Also, for bounding box regression, we define our regression loss with a linear com-
bination of the L1-norm loss [38] and the Distance-IoU (DIoU) loss [39] in Equation (9)
as follows:

Lossreg = ∑
i

F{zi∈P}

[
ρdLDIoU

(
zi,

ˆ
z
)
+ ρ1L1

(
zi,

ˆ
z
)]

(9)

where F is the indicator function, P is the set of positive samples, zi denotes the i-th
predicted bounding box, ρd is the weight of DIou loss in the total regression loss, and ρ1 is
the weight of L1-norm loss in the total regression loss.

4. Experiments
4.1. Implementations

In the offline training stage, we train the SiamUT model on LaSOT [40], GOT-10k [41],
and TrackingNet [42] datasets. For these video datasets, we split and sampled the videos for
training. First, the dataset is selected at random. Next, from that chosen dataset, we pick a
sequence. Then the base frame is sampled from the sequence. After that, the set of template
frames and search frames are sampled from the sequence in a default range, respectively. It
should be noted that only the frames in which the given target is at least visible to some
extent could be sampled. Actually, the training is based on these sampled data splits. For
LaSOT, we divide it into three parts: training, validation, and testing. The proportion is
3:1:1. For TrackingNet, in which the testing set is given, we only need to divide the rest of
it into 2 parts by 5:1. Especially, 1000 videos are removed from the GOT-10k dataset. This is
a fair comparison, according to [43]. As well as TrackingNet, we still use the given testing
set, and the proportion between training and validation is 4:1.

We follow the common processing rules [14] for siamese-based tracking. The search
region is cropped from the current frame, and its center is the predicted position of the last
frame. For the search region patch, the size is 256 × 256, while the size of the template
patch is 128 × 128. The parameters of our ResNet-50 backbone are initialized with the
one pretrained on ImageNet [44], and the parameters of other parts of our model are
initialized with Xavier [45]. The optimizer in training is AdamW [46], in which the learning
rate of the backbone is 2 × 10−5, the learning rate of other parts is 2 × 10−4, and the
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weight decay is 1 × 10−4. We train the network on one GTX 3080 GPU for 800 epochs with
1000 samples per epoch. The learning rate drops by a factor of 10 after 400 epochs. In respect
of hyperparameters in our model, length d = 256 after output layer 3. In both the DAS
module and the CRF module, nh = 8, dm = d, dk = dv = 32. In the loss function, weight factors
ρd = 4.5 and ρ1 = 2.3.

In the online tracking stage, we use the window penalty to post-process the output
bounding boxes of the prediction head. In the penalty function, we apply a 32 × 32
Hanning window weighted by 0.49 to the confidence scores of those boxes. According to
the penalty, feature points far from the target in the previous frame become punished in
their confidence scores, so those unlikely bounding boxes could be excluded. The ultimate
tracking result is the bounding box with the highest confidence score.

4.2. Evaluation

In this subsection, we conduct experiments and compare the performance of SiamUT
with other state-of-the-art trackers on three benchmarks.

LaSOT [40] is a dataset consisting of 1400 video clips with more than 3.5 million frames
in total. This benchmark is widely applied in measuring trackers long term capability. The
average video length in LaSOT is 2500 frames. Each of the video sequences comprises
up to 15 challenging attributes. A one-pass evaluation protocol (OPE) is used to measure
the normalized precision PNorm and the area under the curve (AUC) of the success plot.
Table 1 shows the comparison between our model, SiamUT, and other SoTA trackers on the
LaSOT benchmark.

GOT-10k [41] is also a large-scale dataset. It contains ten thousand training video
sequences and 180 clips for testing. In this benchmark, the average overlap (AO) and
the success rate (SR) at overlap thresholds of 0.5 and 0.75 are adopted. Our model is
retrained on GOT-10k train splits following its unique evaluation protocol. Table 2 shows
the comparison between SiamUT and other SoTA trackers on the GOT-10k benchmark.

TrackingNet [42] is another large-scale dataset with about 30,000 training video se-
quences and 511 testing splits. All the trackers are evaluated under the same two indicators
as LaSOT on the test splits through its evaluation server. Table 3 shows the comparison
between our model and other SoTA trackers on the TrackingNet benchmark.

Table 1. Comparison with state-of-the-art trackers on LaSOT (The best results are shown in bold).

Trackers AUC (%) PNorm (%)

SiamRPN++ [3] 49.6 56.9
SiamFC++ [4] 54.4 62.3
PACNet [47] 55.3 62.8
Ocean [5] 56.0 65.1
DiMP50 [48] 56.9 64.3
Transt [31] 64.7 73.8
SiamR-CNN [49] 64.8 72.2
STARK-ST50 [43] 66.1 76.3
Ours 66.5 75.5



Electronics 2023, 12, 3133 10 of 16

Table 2. Comparison with state-of-the-art trackers on GOT-10k (the best results are shown in bold).

Trackers AO (%) SR0.5 (%) SR0.75 (%)

SiamRPN++ [3] 51.7 61.6 32.5
SiamFC++ [4] 59.5 69.5 47.9
SiamCAR [50] 56.9 67.0 41.5
Ocean [5] 61.1 72.1 47.3
DiMP50 [48] 63.4 73.8 54.3
Transt [31] 66.2 75.5 58.7
SiamR-CNN [49] 64.9 72.8 59.7
STARK-ST50 [43] 68.0 77.7 62.3
Ours 67.5 76.5 60.3

Table 3. Comparison with state-of-the-art trackers on TrackingNet (the best results are shown
in bold).

Trackers AUC (%) PNorm (%)

SiamRPN++ [3] 73.3 80.0
SiamFC++ [4] 75.4 80.0
SiamAttn [9] 75.2 81.7
CGACD [8] 71.1 81.0
DiMP50 [48] 74.0 80.1
Transt [31] 81.4 86.7
SiamR-CNN [49] 81.2 85.4
STARK-ST50 [43] 81.3 86.1
Ours 82.4 87.0

It should noted that our model SiamUT achieves comparable performance with all
other state-of-the-art trackers on the LaSOT and TrackingNet benchmarks, while on the
GOT-10k benchmark, STARK-ST50 obtains the best score. In our view, this result is probably
due to the different evaluation protocols mentioned between GOT-10k and the other two
benchmarks. Figures 5–7 show the tracking results of our model and other state-of-the-
art trackers in three challenging conditions, including sharp deformation of the object,
interference from the background, and occlusion of the object. These video clips are
selected from the mentioned datasets at random. Our SiamUT merely has no error with the
ground truth bounding box compared with other trackers. Table 4 shows the AUC scores
of our model as well as those of some other state-of-the-art trackers in several challenging
scenarios on the LaSOT dateset. This experiment proves that our tracker is more precise
when dealing with complicated tasks, including partial/full occlusion, background clutter,
and deformation. In general, our tracker, SiamUT, achieves state-of-the-art performance in
both benchmarks and shows superior results by a large margin when compared to other
recently proposed models.

Table 4. AUC score comparison of challenging attributes on LaSOT (The best results are shown
in bold).

Trackers SiamRPN++ [3] STARK-ST50 [43] ATOM [24] DiMP [48] Ocean [5] Ours

Partial Occlusion 46.5 58.2 47.4 51.5 50.9 62.1
Full Occlusion 37.4 52.4 41.8 51.0 42.3 55.5
Deformation 53.2 62.8 52.2 57.1 62.5 66.9
Background Clutter 44.9 55.0 45.0 48.8 54.3 56.4
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4.3. Ablation

In order to indicate the superiority of our designed feature fusion network using
DAS and CRF modules, we compare our tracker with the transformer using the original
structure in tasks of computer vision. Our feature fusion network with built-in multi-head
self-attention (in DAS) and built-in multi-head cross region attention (in CRF) is quite
different from the original structure. To build the original transformer model, the encoder
obtains the template features as input and the decoder obtains the search region features
as input. For that reason, the output size of the encoder should be correlated with the
input size of the decoder. Results of this comparison are shown in Table 5, where the
transformer denotes the basic and original transformer structure while DAS and CRF
denote our modified modules.

The next is the comparison between our two-layer output and the ResNet50 backbone.
The original structure only uses the output of layer 3. Both the template features and search
regions are generated from layer 3, and the succeeding feature fusion network and the
prediction head operate on this base. That is to say, the unified prediction head only utilizes
the information from the layer 3 of the backbone for both classification and regression.
Our two-layer output and decoupled prediction heads improve information efficiency.
The features of the two branches from layer 3 are for the classification prediction head.
Template and search region features from the deeper layer 4 containing more semantic
information are for the regression prediction head. Results of this comparison are in
Table 5, where the two-layer output and decoupling prediction heads denote the special pre-
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processing operation before the feature fusion network and our modified structure in the
prediction head.

Table 5. Ablation results on LaSOT and TrackingNet (the best results are shown in bold).

Method LaSOT TrackingNet

Transformer DAS
and CRF

Two-
Layer
Output

Decoupling
Prediction
Heads

GIoU DIoU AUC
(%)

PNorm
(%)

AUC
(%)

PNorm
(%)

√ √
64.2 73.7 81.1 86.8√ √
65.1 74.0 81.6 86.6√ √ √
63.0 71.3 80.7 85.1√ √ √
63.9 73.1 80.9 86.2√ √ √ √
66.3 75.5 82.3 86.8√ √ √ √
66.5 75.5 82.4 87.0

The last comparison is between the Distance-IoU loss and the generalized IoU loss
(GIoU) [51]. Bounding box regression is one of the fundamental components of many
2D/3D computer vision tasks. Generalized IoU loss is widely proposed to the benefit of
the IoU metric. In the algorithm of the generalized IoU loss function, GIoU is attained
by subtracting the ratio from the IoU value, keeping the major properties of IoU while
rectifying its weakness. Therefore, GIoU is a proper substitute for IoU in our single-object
tracking task. The DIoU loss in incorporating the normalized distance between the given
target bounding box and the predicted one. By directly minimizing the normalized distance
between the central points of the two bounding boxes and providing moving directions for
bounding boxes when non-overlapping, DIoU loss has several merits over the original IoU.
Summarizing geometric factors including overlap area, central point distance, and aspect
ratio, DIoU overcomes common problems like slow convergence and inaccurate regression
and converges much faster in training. The result of the comparison between adopting the
GIoU loss and the DIoU loss is shown in Table 5.

According to Table 5, the insertion of DAS and CRF modules increases the area under
the curve of both LaSOT and TrackingNet benchmarks by 0.7% on average, with almost
no negative effect on normalized precision. This proves that our specialized modules for
single object tracking are better than the original transformer structure to some extent.
In the next few lines, statistics show that inserting the two-layer output separately leads
to a discriminating decrease on both AUC and normalized precision, while the decrease
of applying the decoupling prediction heads is much smaller. Compared to the results
of using the two-layer output together with the decoupling prediction heads, we found
that the separation of these two modules deconstructs the consistency within the model,
which leads to poor performance on both benchmarks. That is to say, the two-layer
output module needs to be paired with its proceeding module, the decoupling prediction
heads. The unification of this two modules increases about 2% on both indicators on
LaSOT benchmark, which is a significant improvement. The last two lines compare the
Distance-IoU with the generalized IoU. It is obvious that the updated DIoU is more suitable
for single-object tracking tasks. The utilization of DIoU brings a 0.2% improvement on
both benchmarks.

5. Conclusions

In this work, we propose an unsymmetrical siamese structure with a Transformer-like
feature fusion network based on attention mechanisms. We also modify the backbone
feature extractor and the prediction network in coordination with the feature fusion stage.

Extensive experiments prove the effectiveness of our design. Compared with other
state-of-the-art trackers, our model is more robust and accurate when handling various
challenging tracking tasks. Especially when dealing with severe background interference,
including similar objects along with occlusion and deformation, our SiamUT has been
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proven to have certain advantages in accuracy. Our design could be applied to monitor
systems both in cities and in the wild. Tracking a vehicle, person, or animal from its kind
via a monitor is an appropriate application of our design.

Furthermore, we are going to improve our method in two aspects. One is adapting
our model to multiple object tracking (MOT) for practical tracking tasks. This could make
our method a unified tracking algorithm. The other is applying simulated data. As proved
in [52,53], simulated data could be appropriate for highly specialized tracking objects. The
application of simulated data including pedestrians or vehicles may be helpful given the
scarcity of such objects in the datasets mentioned in Section 4.

Finally, we hope our work can be helpful to future research and industrial applications.
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