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Abstract: Most trackers are only dependent on the first frame as a template to search for and locate the
target location in subsequent videos. However, objects may undergo occlusions and deformation over
time, and the original snapshot of the object can no longer accurately reflect the current appearance
of the object, which greatly limits the performance improvement of the tracker. In this paper, we
propose a novel Siamese tracking algorithm with symmetric structure called SiamRDT, which reflects
the latest appearance and motion states of objects through additional reliable dynamic templates. The
model decides whether to update the dynamic template according to the quality estimation score and
employs the attention mechanism to enhance the reliability of the dynamic template, adopting the
depth-wise correlation algorithm to integrate the initial template and the dynamic template and the
search area. Through reliable dynamic templates and credible initial templates, the model can fuse
initial-state information and the latest-state information of objects. We conduct sufficient ablation
experiments to illustrate the effectiveness of the proposed key components, and the tracker achieves
very competitive results on four large-scale tracking benchmarks, namely OTB100, GOT-10k, LaSOT,
and TrackingNet. Our tracker achieves an AO score of 61.3 on GOT-10k, a precision score of 56.5 on
LaSOT, a precision score of 69.3 on TrackingNet, and a precision score of 90.5 on OTB100.

Keywords: visual tracking; Siamese network; deep learning; computer vision

1. Introduction

Object tracking is a fundamental vision task. It aims to infer the location of an arbitrary
target in a video sequence, given only its location in the first frame. The main challenge
of tracking lies in that the objects may undergo heavy occlusions, large deformation, and
illumination variations [1,2]. Tracking at real-time speeds has a variety of applications,
such as surveillance, robotics, autonomous driving, and human-computer interaction [3–5].

For most of the popular trackers (such as SiamFC++ [6], SiamRPN++ [7], Ocean [8],
and TransT [9]), the first frame of the objects plays a decisive role in positioning the objects.
In other words, most trackers are only dependent on the first frame as a template to search
for and locate the target location in subsequent videos. However, objects may undergo
heavy occlusions and deformation over time, like Figure 1, and the original snapshot of the
object can no longer accurately reflect the current appearance of the object, which limits the
tracker to capture the similarities between the initial template and the current video image.

Both spatial and temporal information is important for object tracking. Therefore,
some trackers (such as Stark [10–12]) naturally add a template online update mechanism,
which continuously provides the status change information of objects across frames and
powerfully assists the task of classifying and locating objects. However, this also buries
a hidden danger, in that the updated template is predicted by the model rather than the
ground truth. If the updated template itself is not accurately located or cannot effectively
express object category information, it may mislead the tracker to capture real objects. More
importantly, the updated template contains not only foreground object information but
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also background interference information because of problems such as poor positioning
and illumination variations. This naturally introduces an interesting question: is there a
way to extract excellent quality dynamic updated template?
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Figure 1. Objects may undergo heavy occlusions, deformation, and rapid illumination variation
over time.

In this work, we employ a quality estimation head to estimate the IoU score between
the bounding box and the ground truth for updating the dynamic template with better
positioning quality. At the same time, inspired by Transformer [13], we resort to the trans-
former to integrate the initial target information and the dynamically updated information,
generating discriminative features, which have strengthened foreground targets and weak-
ened background information. These two parts form a pipeline for updating and enhancing
dynamic templates, introducing additional object information.

As shown in Figure 2, The entire tracking algorithm we proposed contains five major
components: the feature extraction part, feature enhancement part, feature fusion part,
prediction part, and dynamic template updating part. The feature extraction part accepts
the initial target object, the current image, and the dynamic update template as input. For
better performance, we use deeper ResNet instead of Alexnet as the backbone network of
feature extraction. The feature enhancement part enhances the features of the dynamic
template and the current search area through the cross-attention mechanism. The feature
fusion part has two key roles. One is to fuse the dynamic template and the current search
area to extract the deformation information of the target in the time dimension. The
other is to fuse the initial template and the current search area to extract the category and
boundary information of the target in the spatial dimension. The prediction part includes a
classification head to distinguish the foreground and background, a localization head for
predicting the boundary box of the tracking target, and a quality score head for judging the
accuracy of boundary prediction. The pipeline used to update the dynamic template uses
the output of the quality score head to judge whether to update the dynamic template.
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Figure 2. The architecture of SiamRDT. The blue dotted line box is the feature extraction part, the
orange dotted line box is the feature enhancement part, the green dotted line box is the feature fusion
part, and the black dotted line box is the prediction part. The red dotted box at the top is the whole
dynamic template updating part, which flows laterally through the above four parts.

To summarize, the main threefold contributions of this work are listed below:

• We propose a new pipeline for updating and enhancing dynamic templates. It can
predict the reliability of the current object state to decide whether to update the
dynamic template. Due to the introduction of Transformer, it can also refer to the initial
template to adaptively enhance the region of interest in the dynamic template, which
further improves the credibility of the dynamic template. Experiments demonstrate
that using the cross-attention mechanism to enhance the feature representation of
dynamic templates can improve the performance of the tracker.

• We propose a new tracker with a symmetric structure, which can accept input from
three aspects, dynamic template, initial template, and current image, and generate
output in three aspects: quality score, classification, and localization. It can combine
both spatial and temporal information in video sequences.

• Our method achieves favorable performance compared with the state-of-the-art on
four tracking challenge benchmarks and can run at real-time speed in GPU. In addition,
our proposed dynamic template pipeline can be flexibly applied to other trackers.

2. Related Work

In this section, we summarize the related work on updating the object template,
anchor-free mechanism, and transformer architecture in the tracking framework, as well as
briefly review recent Siamese trackers.

2.1. Siamese Trackers

In recent years, more and more trackers have adopted the Siamese network architec-
ture [6–9,13–16]. The pioneering work, SiamFC [14], combines feature correlation with
Siamese network to offline train a similarity metric between the object target and the
current image. However, before SiamRPN++ [7], Siamese trackers usually used shallow
backbone networks such as Alexnet [17] as feature extractors. Since SiamRPN++ breaks
the spatial invariance restriction of the Siamese tracker, deep feature extraction networks
such as Resnet [18] began to show brilliant performance superiority in the tracking field.
Following the high-performance universal object tracker design guidelines proposed by
SiamFC++, some further improvements such as decomposition of classification and state
estimation, estimation quality assessment, and non-ambiguous scoring have been widely
adopted. Our tracker performs three sub-tasks: classification, localization, and quality
assessment. In the field of object tracking, it is effective to divide classification, localization,
and quality assessment into three independent and related subtasks. The classification
task aims to determine whether a tracked object exists in a certain search area. The tracker
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relies on the classification head to separate the foreground from the background, but the
classification task cannot accurately delineate the boundaries of objects. Localization tasks
aim to capture accurate boundaries of objects that are constantly moving and deforming.
High-quality localization results require dynamic templates to provide up-to-date state
information for objects. Because dynamic templates need to be constantly updated, we
add a separate quality estimation task to control template updates. Experiments show
that using quality estimation scores to control template updates improves performance
compared to classification confidence.

2.2. Anchor-Free Tracking Mechanism

In recent years, the straightforward and effective anchor-free method [19–21] in the
field of object detection has gradually replaced the complex region proposal method and
has become mainstream. In addition, in the field of single object tracking, some trackers
have adopted anchor-free mechanisms and have achieved success. By directly predicting
the center point offset, width, and height, or predicting the top-left and the bottom-right
corners, the prediction and training time is greatly saved. Matching between objects and
anchors turns out to generate a false positive result, causing the tracking to fail. Instead of
adjusting the anchor box, we directly predict the corners of sub-windows corresponding to
the pixels in the target area.

2.3. Updating the Object Template

Trackers based on correlation operations and Siamese networks have been widely
studied and applied. They usually have clean architecture, higher frame rates, and better
tracking performance, but in the case of deformation or occlusion or illumination variation
or scale variation or fast motion, trackers lacking online update modules have difficulty
classifying objects and locating objects. In our work, we analyze the defects of existing
template update modules and design a novel pipeline for template update.

Accurately locating the object is a complex task. Accurate estimation of the bounding
box relies heavily on the state information of the object’s posture, shape, and angle of view.
It requires a wealth of prior knowledge about the target to be tracked. However, the single
target tracking task only holds the initial information of the object in the first frame. To
adapt to the object variations, some trackers have introduced a template update strategy.
Most of the sample and templates are updated at regular intervals. This update mechanism
is unreliable in some tracking situations. The updated template may not be accurately
positioned, and a large area of the object may be obscured. These reasons will cause the
updated template to not reflect the latest state change information of the object. SiamRCR
adds the quality evaluation branch to assist classification, and we use the output of the
quality score branch to judge whether to update the dynamic template. We only use the
latest dynamic template with the high score, which contains the latest shape and position
information of the current target. Too many historical templates will increase the algorithm
overhead and reduce the running speed.

2.4. Transformer in Tracking

Transformer is an architecture for machine translation proposed by Vaswani et al.
Transformer establishes the dependency relationship between word sequences through self-
attention and strengthens the expression of the corresponding word embedding according
to the degree of association. By establishing the relationship between all word embedding,
Transformer can understand the global information of the text sequence. The traditional
convolution method increases the receptive field by stacking convolution kernels, but it is
still difficult to cover the global information.

Inspired by the successful application of Transformer to natural language processing
tasks, many works combining Transformer have emerged in the field of computer vision,
such as ViT [22], DETR [23], and TransT [9]. ViT divides the two-dimensional image into
patches, and each image patch is flattened into a one-dimensional vector. Then the pure
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Transformer architecture can be used to directly model the relationship between image
patches. For the first time, DETR uses Transformer in the field of target detection, using
encoders, decoders, and CNN to establish the connection between the object and the global
context. TransT introduces the attention mechanism into the field of target tracking. The
self-attention is used to enhance the effective features of the current image and the initial
template image. The cross-attention is employed to establish the connection between the
two. In this work, inspired by cross-attention, we use the initial template as the query of
the cross-attention module and use the dynamic template as the key and value to enhance
the valuable foreground object information in the dynamic template, thereby enhancing
the credibility of the dynamic template.

3. Proposed Methods

In this section, we introduce the proposed Siamese tracker for visual tracking, called
SiamRDT. As shown in Figure 2, the network architecture consists of five major components:
feature extraction part, feature enhancement part, feature fusion part, prediction part, and
dynamic template updating part. It operates as follows. The tracker accepts three inputs:
current frame, initial template, and dynamic template. First, they are all fed into the feature
extraction backbone network to generate their corresponding features. Then, the features
of the initial template and the dynamic template are input into the cross-attention module
to directionally enhance the target feature expression in the dynamic template. In the same
way, the features of the initial template and the current image are input into the cross-
attention module to enhance the target information in the search area in advance. Then, in
the feature fusion module, the enhanced features are fused through deep cross-correlation
operation, the relevant feature map is created, and it is further input into the corresponding
quality evaluation, classification, and localization head. The quality assessment score
determines whether to update the dynamic template with the current picture. The key
components are shown in detail as follows.

3.1. Feature Extraction Part

We utilize the modified ResNet-50 as the backbone network of our SiamRDT. Choosing
the deeper network can extract deeper abstract semantic features. The performance of
the Siamese network-based tracking algorithm can be significantly boosted if it is armed
with much deeper networks, but the original ResNet-50 was designed for classification
tasks. It has a large stride of 32 pixels, which means that the generated feature maps have
fuzzy location information, which is not conducive to localization tasks. So, we reduce
the effective strides from 32 pixels to 8 pixels by removing the last stage of ResNet50
and modifying the fourth stage to have a unit spatial stride. Besides, we utilize dilated
convolution [24] in the fourth stage for the higher receptive field. To reduce the number
of subsequent parameters, we added a 1 × 1 convolutional layer at the end to reduce the
channel dimension of the feature map from 1024 to 256. Our tracker accepts three inputs:
an initial template image z ∈ R3×Hz×Wz , a dynamic template image y ∈ R3×Hy×Wy , and an
image of the current search area x ∈ R3×Hx×Wx . After extracting features through Resnet
with an equivalent stride of 8 pixels, the corresponding feature maps are fz ∈ R256× Hz

8 ×
Wz
8 ,

fy ∈ R256× Hy
8 ×

Wy
8 , fx ∈ R256× Hx

8 ×
Wx

8 .

3.2. Feature Enhancement Part

In this section, we take the enhanced dynamic template as an example to introduce
the feature enhancement part. The dynamic template features fy extracted by the backbone
network need to perform cross-attention enhancement operations with the initial template
features fz to highlight the tracking object features. As shown in Figure 3, our cross-
attention augmentation module consists of multi-head dot-product attention, feed-forward
networks, residual connection, layer normalization, and positional encoding. Unlike the
self-attention in [25], our residual connection part connects the key with the output of the
multi-head attention part because our key and query come from different matrices.
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3.2.1. Multi-Head Dot-Product Attention

We regard both fy and fz as a vector group with H
8 ×

W
8 256-dimensional vectors and

connect the feature vectors into a sequence as the input of the scaled dot-product attention
function, like Figure 4, which is defined as:

Att(Q, K, V) = so f tmax
(

QKT
√

dk

)
V (1)

where the query Q means the initial template sequence, the key K and value V mean the
dynamic template sequence, and dk is the dimension of the key.

As stated in [25], multi-head attention allows the model to jointly attend to information
from different representation subspaces at different positions. We project the query key
value into different subspaces for attention-weighted enhancement, then concatenate and
project the individual subspaces results back to the original dimension, resulting in the
final values. The multi-head attention is defined as:

Hi = Att
(

QWQ
i , KWK

i , VWV
i

)
(2)

MutiHead(Q, K, V) = Concat(H1, H2, . . . , Hn)WO (3)

where the projection matrix WQ
i , WK

i ∈ Rdm×dk , WV
i ∈ Rdm×dv , and WO ∈ Rndv×dm . In

our work, we employ n = 8 parallel attention heads, and dm = 256, dk = dv = dm
n = 32.

The input dimension is the same as the output dimension.
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3.2.2. Feed-Forward Network

We add a fully connected feed-forward network after the attention layer to enhance the
fitting ability of the model. It consists of two linear transformations with a ReLU activation
function in the middle.

FFN(X) = max(0, XW1 + b1)W2 + b2 (4)

where X means the output of the attention layer, W1, W2 means two different transformation
matrices, and b1, b2 are two bias vectors.

The module overview is as follows:

Yatt = fy + MutiHead
(

fz + PEsin, fy + PEsin, fy
)

(5)

Yout = Yatt + FFN(Yatt) (6)

where fz, fy ∈ R256×( H
8 ×

W
8 ) mean the extracted feature maps, PEsin is the positional

encoding using the sin function, Yatt is the output of the attention layer, and Yout is the
output after the feed-forward neural network.

3.2.3. Summary of Feature Enhancement Part

In fact, we stacked two cross-attention modules. As shown in Figure 5, Yout must
be fed into the cross-attention module again as K, V to get the final output. This section
describes how to use the fz to enhance the fy to obtain the Yout. We use the same method to
get Xout from fz and fx. Xout is the enhanced feature matrix of the current search area.

Send fy, fz, and fx into the feature enhancement part, and the obtained feature matrix
is Yout, Zout, and Xout. Because the feature enhancement part retains the original features of
the initial template, so Zout = fz.
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3.3. Feature Fusion Part

This work uses depth-wise cross correlation to fuse the feature matrix of the dynamic
template, initial template, and search area, like in Figure 6. In the tracking algorithm, the
cross-correlation algorithm is generally used to calculate the response map. The response
map shows the matching similarity of the template in different regions of the current
image. SiamFC uses the cross-correlation algorithm to calculate the result as a single
channel response map. The single-channel response map loses the rich features of different
channels, so this work adopts depth-wise cross correlation, which can capture multi-channel
correlation features between templates and search patches. In depth-wise cross correlation,
two feature maps with the same number of channels are correlated channel by channel.
Xout, Zout, and Yout have the same number of channels: 256 each. As shown in Figure 6, we
perform depth-wise cross correlation operations on Xout using Yout and Zout, respectively.
Then we concat the response matrix of the two branches. Traditional cross correlation relies
on stacking convolution kernels to increase the number of channels in the response map.
The advantage of adopting depth-wise correlation is that it consumes less computing cost
and memory to obtain a 512-channel response map. Through the correlation operations at
the channel level, the response map contains the semantic information of different channels.
By merging the two branches, the response map contains the spatiotemporal information
of the objects.
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3.4. Prediction Part

In our work, we adopt three prediction heads for three subtasks: quality estimation
head, classification head, and localization head. Our prediction head consists of a three-
layer perceptron of hidden dimension d with activation functions between the layers. Each
location (x, y) on the feature map output by the prediction head corresponds to an image
patch centered at location

( s
2 + sx, s

2 + sy
)

on the input image, and s means the backbone
strides of 8 pixels.

The quality score estimation head is used to evaluate the IOU score of the bounding
box predicted by the localization head for the corresponding coordinate position, and to
determine whether to update the dynamic template. Because [26] showed that classification
confidence is not well correlated with the localization accuracy, we do not use the confidence
score output by the classification head as the basis for whether to update the template. The
estimation head produces a feature map psco

x,y ∈ R1× Hx
8 ×

Wx
8 .

The classification head is used to evaluate whether the corresponding coordinate
position falls within the circle with the radius R of the center of the target. We insist that
feature pixels around the object center will have better class estimation quality than edge
pixels, so we identify pixels near the object center as foreground samples. The classification
head produces a feature map pcls

x,y ∈ R1× Hx
8 ×

Wx
8 .

Different from the quality estimation head and the classification head, the output
dimension of the three-layer perceptron of the bounding localization head is 4, which
represent the coordinates (x0, y0, x1, y1) of the upper left and lower right corners, respec-
tively. Different from anchor-based trackers, which treat the location on the input image
as the center of multiple anchor boxes and adjust the anchor points or anchor boxes, the
anchor boxes based on prior knowledge may result in unclear matches between anchors
and objects. The localization head produces a feature map Bx,y ∈ R4× Hx

8 ×
Wx

8 .

3.5. Loss Function

We design three loss functions corresponding to three branch tasks: localization quality
loss, classification loss, and localization loss. The localization quality score estimation head
is adopted to evaluate the IoU score of the bounding box. We only compute the localization
quality loss at positive sample locations close to the center of the object, and the loss is
defined as:

Lsco =
1

Npos
∑
x,y

1{c∗x,y=1} ∗ Lbce

(
psco

x,y, IoU
(

Bx,y, B∗x,y

))
(7)

where 1{c∗x,y=1} is the indicator function that takes 1 if c∗x,y = 1 and takes 0 if not. Lbce

denotes the binary cross-entropy loss, IoU means the IoU score, B∗x,y denote the coordinate(
x∗0 , y∗0 , x∗1 , y∗1

)
of ground-truth, and Npos is the number of positive samples.

We use the standard focal loss for classification, which is formulated as:

Lcls =
1

Npos
∑
x,y

L f ocal

(
pcls

x,y, c∗x,y

)
(8)

where L f ocal denotes the focal loss [27] for classification result pcls
x,y.

Inspired by [28], to obtain more accurate bounding boxes for locations with high
classification confidence, we use pcls

x,y to dynamically weight the localization loss, which is
defined as:

Lloc =
1

Npos
∑
x,y

1{c∗x,y=1} ∗ LIoU

(
Bx,y, B∗x,y

)
∗ pcls

x,y (9)

where LIOU denotes the IoU loss [29] for localization result Bx,y.
We define pixels near the object center as foreground positive samples:

c∗x,y =

{
1, i f (x, y)− (x∗, y∗) ≤ R

0, otherwise
(10)
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where (x∗, y∗) denote the center coordinates of ground-truth, and R means the radius,
which is used to distinguish positive and negative samples.

In general, we optimize the final objective function as follows:

L = Lcls + λ1Lloc + λ2Lsco (11)

where λ1 and λ2 are the tradeoff hyperparameters for balancing those three. Both are set to
1 in this work.

3.6. The Mechanism of Updating Dynamic Template

The XYZ response map output from the feature fusion part is sent to the quality score
convolution block to calculate the score map, as shown in Figure 7. Select the quality
score corresponding to the highest category score position. If the quality score exceeds
the threshold, intercept the new dynamic template from the original image to complete
the template replacement. Compared with category reliability, the quality score is more
suitable as a reference for updating the template. The quality score represents the reliability
of the current prediction and reflects the positioning quality of the object in the current
image. Better positioning quality ensures that the clipped template has more abundant
object information.
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4. Experiments

This section first introduces the experimental details of our proposed tracker. Then, ab-
lation experiments are presented to analyze the impact of key components in the proposed
network. Finally, the results of our tracker on multiple benchmarks are evaluated and our
method is compared with other benchmark methods to demonstrate its superiority.

4.1. Implementation Details

This work initializes ResNet-50 [18] with parameters pre-trained on ImageNet [30] and
employs it as the backbone network of our tracker. Other parameters of our model are ini-
tialized using He initialization [31]. We choose OTB100 [1], GOT10k [32], TrackingNet [33],
and LaSOT [34] to compose our base training dataset. Because our network accepts three
inputs, for the three video datasets we choose three image frames with an interval of
less than 100 as training triples. We employ translation, flipping, and brightness jitter to
expand the training set, and translation of tracked objects to edges helps reduce center bias.
The sizes of search images, initial templates, and dynamic templates are 256× 256 pixels,
128× 128 pixels, and 128× 128 pixels, respectively. We trained the network for a total of
200 epochs using the AdamW optimizer [35], setting the optimizer’s learning rate to 10−5,
weight decay to 10−4, and batch size of 64 triples per iteration. The experimental envi-
ronment is the CPU: i7-9700K GPU: NIDIA TITAN RTX 24G RAM: 32G OS: ubuntu20.04
programming language: python 3.8 main framework: pytorch 1.7, pytracking.

The cross-attention module includes two groups of multi-head attention layers and
feedforward network. The number of parallel heads of the multi-header attention layer
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is set to 8, and the hidden layer dimension of the feedforward network is set to 2048.
The feature correlation module between the template and the current search area adopts
depth-wise cross correlation [7], which fuses the current frame feature patch with the initial
template feature map and the dynamic template feature map, respectively, and then concat
the two fusion matrices. The prediction heads consist of a three-layer perceptron of hidden
dimension 2048. The dimension of both the quality estimation head and the classification
head is 1, except that the output dimension of the localization head is 4. The dynamic
template is initialized by the initial template, and in subsequent tracking, it is updated only
when the localization quality score of the current prediction result is above the threshold
γ, which is set to 0.5. Taking the predicted bounding box as the center, the template-sized
image is cropped from the original image as the dynamic template.

4.2. Ablation Study

To verify the efficacy of the proposed components, we perform a component-wise
analysis on the GOT-10k benchmark, as presented in Table 1.

Table 1. Ablation study on the GOT-10k test set. Cls means that the classification confidence is
directly used as the discriminant condition for updating the dynamic template, Qul means using
quality assessment scores as the discriminant condition for updating the dynamic templates, and
CA means employing the cross-attention module to enhance the foreground representation of the
dynamic template and the search area.

No. Post Processing Updating Pipeline AO

#1 No No 50.6
#2 Yes No 56.8
#3 Yes Cls 58.1
#4 Yes Qul 58.7
#5 Yes Qul+CA 61.3

As shown in Table 1, #1 is the baseline model we created, which has the same network
architecture as SiamFC++. #1, which has no post-processing, updating template pipeline,
or depth-wise correlation structure, has an average overlap (AO) score of 50.6.

When #2 adds post-processing schemes, including cosine window penalty and bounding-
box smoothing, the success rate increases significantly by 6.2%. In this way, bounding boxes
that are far from the center of the object or whose sizes change drastically will be severely
downweighed. Post-processing improves tracking accuracy because the moderated displace-
ment and size changes conform to the motion morphology of objects in the video.

#3 introduces the most simplified updating template pipeline, which directly uses the
classification confidence output by the classification head as the discriminant condition for
dynamic template update. Get a 128× 128 size image in the original image from the highest
classification score position. The average coincidence rate increased by 1.3% because of the
introduction of additional up-to-date object information into the network.

Compared with #3, #4 additionally uses the quality estimation score instead of the
classification confidence score as the discriminant condition for a dynamic template update.
Since the classification score does not accurately reflect the localization quality of the
bounding box, using the quality estimation score can select better prediction results to
update the dynamic template. More credible templates with better positioning quality
resulted in a 0.6% AO score improvement.

#5 borrows the core idea of the decoder in Transformer and uses the cross multi-head
attention module to enhance the foreground object features in the dynamic template and
the search area. Benefiting from the enhancement of foreground objects and the filtering of
background information, the network can adopt lower update thresholds and even utilize
lower quality dynamic templates. Using the initial template to enhance the features of the
dynamic template and the search area is also a process of feature pre-fusion. Compared
with the traditional correlation operation, this method of feature pre-fusion using attention
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mechanism can further improve the performance. Benefiting from more credible templates,
more frequent updating, and feature pre-fusion between search areas and templates, the
AO score of the tracker increased by 2.6%.

4.3. Results and Comparisons

In this subsection, we test the proposed tracker on four benchmarks (OTB-100, GOT-
10k, TrackingNet, and LaSOT) and compare it with some state-of-the-art methods.

GOT-10k [32] is a large-scale single-object tracking benchmark consisting of 10k video
sequences, covering a variety of common objects. We strictly follow the policy of using
only the training subset officially provided by GOT-10k to train the model. We test the
tracker on a test subset consisting of 180 video sequences and submit the tracking results to
the official online evaluation server. The evaluation indicators, average overlap (AO) and
success rate (SR), are published by the evaluation server.

As shown in Table 2 and Figure 8, our tracker (SiamRDT) achieves an AO score
of 61.3, an SR0.5 score of 72.5, and an SR0.75 score of 49.2. SiamRDT outperforms other
SiamRPN++ using the same ResNet-50 backbone by 9.5% in the AO score. Compared with
SiamFC++ and SiamRPN++, the tracker proposed in this paper introduces cross-attention
and dynamic templates, which are more computationally expensive, but still meet the
needs of real-time tracking.

Table 2. Comparison of tracking results on GOT-10k benchmark.

SiamFC [14] SiamFCv2 [14] ECO [36] ATOM [11] SiamRPN++ [7] SiamFC++ [6] Ours

AO 34.8 37.4 31.6 55.6 51.8 59.9 61.3
SR0.5 35.3 40.4 30.9 63.4 61.8 69.5 72.5
SR0.75 9.8 14.4 11.1 40.2 32.5 47.9 49.2
Fps 44.15 25.81 2.62 20.71 49.83 90 35.26
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LaSOT [34] is a large-scale high-quality long-term tracking benchmark consisting of
1400 challenging video sequences. The training set contains 1120 videos and the test set
contains 280 videos. It has 70 classes of objects, each class containing 20 videos with an
average length of more than 2400 frames.
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We follow the one-shot evaluation (OPE) on the LaSOT dataset to compare the success
and precision of different trackers. As shown in Table 3, our tracker (SiamRDT) achieves a
56.2 score for success and 56.5 for precision. SiamRDT with a dynamic updating template
pipeline outperforms SiamRPN++ by 7.1% and 6.9% in success and precision scores, respec-
tively. The results demonstrate the advantages of trackers with reliable dynamic templates
on long-term tracking benchmarks.

Table 3. Comparison of tracking results on LaSOT benchmark.

SiamFC [14] ECO [36] ATOM [11] SiamRPN++ [7] SiamBAN [37] SiamFC++ [6] Ours

Succ. 33.9 30.1 50.5 49.1 51.4 54.4 56.2
Prec. 33.6 32.4 51.5 49.6 51.8 54.7 56.5

TrackingNet [33] is a large-scale short-term tracking dataset whose test subset contains
511 sequences covering abundant objects and scenes. It uses an online server to evaluate
the tracking results of the tracker on the test split. The precision and success rates of several
advanced trackers are shown in Table 4.

Table 4. Comparison of tracking results on TrackingNet benchmark.

SiamFC [14] ECO [36] ATOM [11] D3S [38] SiamRPN++ [7] KYS [39] Ours

Succ. 55.9 55.4 70.3 72.8 73.3 74.0 74.6
Prec. 51.8 49.2 64.8 66.4 69.4 68.8 69.3

As shown in Table 4, it obtains 74.6% and 69.3% in terms of success and precision,
respectively. Compared with the online update tracker ATOM, success and precision are
improved by 4.3% and 4.5%, respectively. It shows that the proposed method also exhibits
certain advantages on short-term datasets.

The OTB100 contains 100 challenging video sequences. It focuses on testing and
analyzing the ability of the tracker to deal with different scenes, such as illumination
variation, deformation, occlusion, and fast motion. The evaluation is mainly based on
two criteria: precision and success rates. The accuracy measures the distance between the
tracking result and the ground-truth center, while the success rate measures the overlap
between the estimation boxes and the ground-truth boxes. The precision and success rates
of several advanced trackers are shown in Table 5.

Table 5. Comparison of tracking results on OTB100 benchmark.

SiamFC [14] CFNet [40] SRDCF [41] SiamDWfc [42] SiamRPN [15] Ours

Succ. 72.3 72.4 72.5 78.2 81.5 84.5
Prec. 76.5 77.4 78.7 82.3 84.9 90.5

As shown in Table 5 and Figure 9, it obtains 84.5% and 90.5% in terms of success
and precision, respectively. Compared with the SiamRPN, success and precision are
improved by 3% and 5.6%, respectively. As shown in Figure 10, our model shows excellent
performance in dealing with illumination variation, deformation, occlusion, fast motion,
and complex background.
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Figure 10. Comparison with other trackers on the OTB100 benchmark in the case of deformation or
background clutter or occlusion or illumination variation or scale variation or fast motion, respectively.
The comparison results show that the latest state information of the object provided by the additional
dynamic template can help the tracker adapt to complex environmental changes and increase the
robustness of the tracker.

4.4. Visualization of Tracking Results

In this subsection, we test and compare the proposed method with several advanced
methods on several challenging video sequences. The tracking results of the model under
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interference factors such as illumination variation, deformation, occlusion, fast motion, and
complex background are shown in Figure 11.
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Figure 11. The visual results show that the proposed tracker can track stably under a variety of
complex conditions.

As shown in Figure 12, including our proposed tracker, we lose targets when they
respond to rapid, irregular motion of the target. This is mostly due to post-processing
operations, where the model tends to generate higher weights near the location of the last
prediction. In addition, to reduce the computational cost and improve the prediction speed,
the size of the search area of most trackers including ours does not cover the entire image.
Most of the objects in the training dataset appear in the center of the image, and we apply
random cropping during training to try to avoid the positional bias of the tracker.
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when they respond to rapid, irregular motions of the target.
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5. Conclusions and Future Work

In this paper, we construct a feature enhancement pipeline based on the attention
mechanism and propose a novel anchor-free object tracker with symmetric structure based
on a reliable dynamic template. The feature representation of the dynamic template and
the search area is enhanced by using a cross-template attention mechanism. Through
reliable dynamic templates and credible initial templates, the model can fuse initial-state
information and the latest-state information of objects, which enables our model to combine
temporal and spatial information to improve its performance. Elaborate ablation studies
have demonstrated the effectiveness of key components of the model. Extensive experimen-
tal results on many benchmarks (OTB100, GOT10k, LaSOT, and TrackingNet) show that the
proposed tracker significantly outperforms some state-of-the-art algorithms and operates
at real-time speeds. In future work, the single dynamic template will be expanded into a
multi-template queue to completely record the state changes of objects over time for further
improve the long-term tracking effect. In addition, the multi-template queue will record
templates of various objects, extending single-object tracking to multi-object tracking.
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