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Abstract—Anchor-free based trackers introduce an extra
branch in addition to classification and regression branches in the
network to achieve comparable performance with anchor-based
trackers. This extra branch is usually trained independently
in the training phase and is used in combination with other
branches in the inference phase. However, this can increase
the inconsistency between the inference phase and the training
phase, potentially degrading the tracking performance. To ad-
dress this problem, we propose a new Siamese network-based
object tracking framework that eliminates this inconsistency by
unifying classification and additional branch tasks to achieve
learning location quality estimation. Furthermore, regression
tasks for bounding boxes are widely formulated based on Dirac
δ Distribution. Though this assumption works well for many
scenarios, it restricts the prediction of regression branches. To
overcome this restriction, we propose discretizing the continuous
offset of the regression branch into multiple offset predictions,
which enables the network to learn more flexible distributions
automatically. Meanwhile, the discrete distribution prediction of
regression branches is utilized to further guide the classification
of the trackers. Extensive experiments on the widely accepted
benchmarks demonstrate the effectiveness and efficiency of the
proposed model.

Index Terms—Object tracking, Siamese network, Anchor-Free,
Distributed guidance, IOU-aware classification.

I. INTRODUCTION

MOTION analysis based on video scenes is one of the
basic tasks in computational vision, including behavior

recognition [1], video semantic segmentation [2], object track-
ing [3]. Currently, object tracking has been widely used in
various fields, such as automatic driving [4], human-computer
interaction [5] [6], video annotation [7], intelligent surveil-
lance [8], [9]. However, there are many challenges, especially
for the application of real-life scenes. Trackers usually suffer
from their uncontrollable surroundings and are vulnerable to
illumination variation, random occlusion, deformation, distur-
bance dlur, and human factors such as adversarial attacks.

In past decade, deep learning-based methods have demon-
strated exemplary performance on artificial intelligence [10]–
[14]. In the object tracking field, deep learning-based meth-
ods, especially Siamese network-based methods have recently
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attracted more attention [15]–[18]. Siamese network-based
trackers formulate tracking as a feature matching task, which
is performed by calculating the cross-correlation between the
features of the target template and the search region extracted
by the backbone network. Sequentially, the matched features
learned by cross-correlation are used to predict the location
and bounding box of the target. For scale estimation, the multi-
scale search strategy [15], [19], [20] is usually adopted, but
this strategy significantly slows down the speed of the tracker.
Some works [16], [17], [21], [22] estimate the scale of the
target by establishing some prior boxes, which can improve
the accuracy and tracking speed. However, this strategy in-
troduces a large number of hyper-parameters, which reduces
the robustness of the tracker for multiple-scale scenes. At
present, some methods [18], [23]–[25] adopt the anchor-free
strategy, which solves the hyper-parameters problem of target
scale estimation and improves the robustness of the trackers.
Unfortunately, these algorithms also introduce an additional
branch [18], [24] or a more complex structure [25] to achieve
comparable accuracy to anchor-based trackers.

To tackle these issues, we present a flexible anchor-
free based object tracking algorithm with a dual-branch
Siamese network called Flexible Dual-branch Siamese net-
work (SiamFDB) in this paper. In essence, we formulate the
tracking problem as two tasks: classification and regression,
which can be solved by two corresponding network branches.
The classification branch is used to distinguish the foreground
and background and obtain the coarse location of the target.
And the regression branch is utilized to obtain the accurate
bounding box of the target. However, the classification branch
of our proposed model is employed not only to distinguish
the background and foreground, but also to estimate the
IOU score of the bounding box regression in the foreground
region, which simplifies the traditional three-branch structure.
The regression branch, unlike methods using the traditional
Dirac δ distribution, can autonomously learn the distribution
of the bounding box, which overcomes the limitation of the
traditional bounding box regression method. In summary, the
contributions of the proposed method can be summarized as
follows:
• We propose a flexible anchor-free object tracking algo-

rithm with a dual-branch Siamese network, which integrates
additional branch tasks into classification tasks and reduces
the inconsistency between training and inference of traditional
anchor-free based tracking networks.
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• The proposed method enables the regression branch to
learn autonomously the distribution of the bounding box,
which solves the limitation of the traditional method in predict-
ing the bounding box regression. Furthermore, this distribution
is utilized to guide the classification network, which further
improves the performance of the algorithm.

• The proposed tracker has been tested on multiple bench-
marks and achieved the-state-of-art performance.

II. RELATED WORK

In this section, we provide a brief review on works closely
related to the Siamese network-based visual object tracking.

A. The Anchor Based Trackers

SINT [26] and SiamFC [15] pioneer the Siamese tracker
that subsequently attract increasing attention for their out-
standing performance in terms of speed and accuracy. Re-
cently, anchor-based trackers have shown great potential for
object tracking. SiamRPN [16] is one of the earliest trackers
inspired by anchor-based ideas in the object tracking field.
It solves the scale estimation problem by introducing the
RPN structure. It determines the approximate size of the
target by presetting some prior boxes and then performs fine
tuning in the regression branch. The introduction of the RPN
network enables the improvement in the accuracy and speed
of the tracking network. However, recent works [16], [19],
[27] adopt a shallower network structure than AlexNet [28],
which indicates that shallower networks can also have better
performance. SiamDW [29] promotes the performance of the
deeper Siamese network by removing the zero padding in
the network. SiamRPN++ [17] further explains why Siamese
network-based object tracking can employ shallow structures
with improved performance. Unfortunately, due to the use of
priori boxes, anchor-based trackers introduce numerous hyper-
parameters and can thus only be applied to tasks in specific-
scale scenes.

B. Anchor-free based Tracker

Contrary to the idea of anchor-based methods, anchor-
free based methods directly regress the bounding box of
the target without presetting prior boxes or introducing ad-
ditional hyper-parameters. Inspired by FCOS [30], the works
[18], [31] introduce a quality evaluation module to achieve
comparable accuracy with anchor-based trackers. AFSN [24]
achieves comparable accuracy by introducing an offset branch.
However, the additional branches introduced in [18], [31]
need to be trained independently, and they are also used
in combination with another branch in the inference phase,
which increases inconsistency between the training phase
and the inference phase. Moreover, subject to discrete and
deterministic regulations, one-hot label is used for training
in the classification branch. And the floating-point label is
adopted for training in the additional branch, which makes
it difficult to integrate the two branches.

C. Classification Branch
Generally, the classification branch of anchor-based trackers

not only conducts coarse location but also represents the scale
information of the target. It shows that the function of the
classification branch of the anchor-based tracker has been
widened. However, for the anchor-free based trackers [18],
[24], [32], the definition of classification branches is still con-
fined to the coarse location of the target without an extended
definition. Therefore, to address the issues raised above, we
introduce a different methodology for the classification branch
of the anchor-free based tracker, and a solution to the problem
of inconsistency between the training and inference phases.

D. Regression Representation of Bounding Boxes
Generally, anchor-based trackers can obtain the distribution

of samples in advance by presetting the prior anchor boxes,
which facilitates model training [30], [33]. Contrastively,
anchor-free based trackers need to formulate the regression
branch as a representation of the Dirac δ distribution due to
a lack of prior information about the bounding box distri-
bution [31]. Consequently, it is difficult for the anchor-free
based model to learn the sample distribution in some specific
scenarios, which reduces the flexibility of the regression
representation of the bounding box. It is necessary to design
a reasonable and effective bounding box regression method
[32]. In this paper, the proposed regression branch can learn
the distribution of the boundary box, which overcomes the
limitations of the traditional methods in predicting boundary
box regression. More details are described in Section III-C.

III. METHOD

Fig. 1. shows the basic structure of the proposed tracker,
which consists of the following three main parts: Siamese
Subnetwork, Feature Combination Subnetwork, and Tracking
Head Subnetwork. In this section, we give a detailed descrip-
tion of the three parts of SiamFDB.

A. Feature Extraction
We adopt ResNet50 [34] based on ImageNet [35] as the

backbone network for feature extraction. In the tracking field,
the Siamese network is usually employed as a subnetwork,
where the Siamese subnetwork is composed of two branches:
One is the template branch, which is utilized to extract the
features of the template Z. The other is the search branch,
which extracts the features of the search region X. The
two branches are composed of a set of Weight-Shared CNN
networks, and features extracted by these two branches are
presented as φ(Z) and φ(X) respectively. In this paper, inspired
by the Ocean [36], we employ the modified ResNet as our
backbone shown in Fig. 2. For the first three stages, we adopt
the same main structure as ResNet50 [34]. For the fourth
stage, we revise the stride of down sampling to 1 and revise
the strides of all 3×3 convolutions to 2, which increases the
receptive field. Consequently, the feature dimensions of the
third and fourth stage outputs differ only in the number of
channels. The fifth stage is then removed. Meanwhile, we
select the revised fourth stage as the output of the backbone
network.
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Fig. 1: The overall structure of SiamFDB is proposed. The ⋆ in Feature Combination Subnetwork represents the depth cross-
correlation, and the integral in Head Subnetworks represents the n probability prediction results predicted in each direction
vector, which is summed up according to the discrete integration method.
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Fig. 2: the structure of backbone in SiamFDB

B. Feature Aggregation Subnetwork

Generally, Siamese network-based methods formulate the
target tracking problem as a feature matching issue. Se-
quentially, the features learned from the template branch are
usually utilized as the convolution kernel to conduct cross-
correlation operations in the search region for obtaining the
fusion response map. Given that the number of channels of
output features map of the modified ResNet is 1024, we
utilize the 1×1 convolution to reduce the number of features
map channels of the template branch and search branch to
256 respectively. Moreover, the downsampled features are
input into the feature aggregation network that corresponds
to the classification and regression branches, respectively. We
employ the depth-wise cross-correlation procedure to reduce
the computational cost. The formula is presented as follows:

R = φ(Z) ⋆ φ(X) (1)

where, ⋆ represents depth-wise cross-correlation, R denotes
the response map with the same number of channels as that
of φ(Z). Moreover, φ(Z) and φ(X) denote features aggregated
by classification branch and regression branch respectively.

C. Head Subnetwork

Regression Branch: In contrast to traditional anchor-free
based methods using the Dirac δ Distribution, we discretize the
continuous offset of prediction of the bounding box regression

into multiple offsets similar to [37] and predict the distribution
of multiple discrete offsets to overcome limitations of Dirac
δ Distribution prediction used by the traditional tracking
network.

Firstly, for location (i, j) of the targets on the foreground
score map Rf , the coordinates mapped to the search region
is Pi,j = (pi,jx , pi,jy ), and the bounding box of the target is
presented as Bi,j = (xi,j

0 , yi,j0 , xi,j
1 , yi,j1 ). Finally, the distance

of the border relative to candidate location Pi,j is presented
as Ti,j = (li,j , ti,j , ri,j , bi,j):

li,j

ti,j

ri,j

bi,j

 =


pi,jx − xi,j

0

pi,jy − yi,j0

xi,j
1 − pi,jx

yi,j1 − pi,jy

 (2)

Generally, in the traditional Dirac δ Distribution, we assume
that the component in a certain direction of the vector Ti,j to
be regressed is provided as g and defined as:

g =

∫ +∞

−∞
δ(x− g)xdx (3)

where, x denotes all possible positions in this direction.
According to the characteristics of Dirac δ distribution, it
satisfies condition

∫ +∞
−∞ δ(x− g)dx = 1. For a tracker with a

stride of s, we mark width and height of the search region as
(W,H), and assume that the targets are distributed over the
whole search region. Consequently, the maximum regression
value of the regression branch ymax satisfies:

ymax = ⌈max(Ti,j)/s⌉
ymin = ⌊min(Ti,j)/s⌋

(4)

where, max(Ti,j) is assigned to half of max(W,H), and the
min(Ti,j) is assigned to 0.

Consequently, the range of the regression value is
[ymin, ymax]. In the proposed method, we discretize the region
to {ymin, ymin + 1, ..., ymax − 1, ymax} at a fixed interval ∆



(for simplicity, we set ∆ = 1). The set of discretized values
is described as Y , and the number of values is defined as n.
Meanwhile, the distribution function of the data in this region
is defined as I(x). Referring to the Dirac δ distribution and
the discretized representation of the integral, we transform the
vector g into the following equation form:

g =

∫ ymax

ymin

I(x)xdx =

n−1∑
i=0

I(yi)yi (5)

To restrict the regression values to [ymin, ymax], the distri-
bution function I(x) needs to satisfy condition

∑n
i=0 I(yi) =

1. Given the characteristics of distribution function I(x), the
regression task is formulated as a probabilistic prediction
problem for a series of discrete variables Y . Consequently,
normalizing representation of the regression values can be
implemented. Where, the distribution function I(x) is learned
from the model, which solves the limitations of the Dirac δ
Distribution.

For the discrete representation of regression, in order to
predict this distribution and guide the bounding box to regress
in a more accurate direction, we introduce Cross Entropy Loss
to guide this distribution, The formula is presented as follows:

LI = −1

4

∑
i∈{l,t,r,b}

n−1∑
j=0

Ĩi,j ∗ log(Ii,j) (6)

where, I denotes the probability prediction of the regression
values, Ĩ denotes the label of the probability prediction.

For the representation of the bounding box, we use the IOU
Loss [38] for guidance, and the loss function is presented as:

Lreg = −log(IOU(Tp, T̃ )) (7)

where, Tp denotes prediction values of the bounding box from
the distribution prediction of the regression branch, T̃ denotes
the label of the corresponding bounding box, and IOU denotes
the IOU score calculated between the prediction values and
ground truth.

Classification branch: For the classification branch, in
contrast to other trackers [17], [18], [24], we propose a joint
IOU-aware classification strategy for classification branches.
Firstly, we employ one-hot label to train the network for
the score map of the background area since the background
region is in an open space with no bounding boundary. Then,
for the foreground score map, we proposed a joint strategy,
namely, the IOU-aware classification joint representation. In
the proposed strategy, the foreground score map is used to
describe the region of the foreground target. It can also be
seen as an IOU score prediction of the target location in
a broad sense. Consequently, for the foreground out of the
classification branch, we use floating-point labels for training.

Inspired by the object detection network [39] and the Ocean
[36], we introduce a Distribution-Guided Subnetwork (DGSN)
that guides the prediction of classification subnetworks by
exploiting the probability distribution predictions of regression
branches. DGSN can be used to guide the classification branch
during the offline inference phase, and indirectly guide the
training of the regression branch during the online training

phase. The overall architecture of the proposed method is
illustrated in Fig. 1. The DGSN structure can be presented
as follows.

clsiou = cls⊗ σ(W2 ∗ (δ(W1 ∗ (topkm(I))))) (8)

where, topkm(•) ∈ R4(k+1) is composed of the first k
maximum values of the predicted probability in the four
directions and the mean value of these k maximum values. In
addition, W1 and W2 denote the convolution kernels of two
point-wise, respectively. And δ denotes the ReLU activation
function, σ denotes the Sigmoid activation function, cls is the
output of the original classification prediction network, and
clsiou is the result of IOU-aware classification fusion.

For the training of IOU-aware classification branches, we
use Quality Focal Loss [37]:

Lcls = |ỹ − yp|β (ỹ ∗ log(yp) + (1− ỹ) ∗ log(1− yp)) (9)

where, β is a hyper-parameter. ỹ and yp denote respectively
the label for each location and classification prediction in the
score map. The label ỹ is presented as:

ỹ(c) =

{
IOU ∗ y if c=1 and y=1
y otherwise

(10)

where, c denotes the index of the output score map of the
classification branch. When c = 1, it denotes the score map of
the foreground, and it denotes the score map of the background
when c = 0. Furthermore, y means one-hot label. Where,
IOU denotes the IOU scores calculated between the regression
prediction bounding box and the ground truth.

Finally, the Multi-Tasking Loss Function is presented as:

L = Lcls + λ1LI + λ2Lreg (11)

where, λ1 and λ2 are hyper-parameters with values of 0.25
and 3, respectively.

Tracking stage: In the tracking stage, we introduce the
cosine window, scale penalty and scale smoothing [16]–[18].
For the coarse location of the joint branch of the IOU-aware
classification, the location is presented as follows:

ps = pos(argmax
i,j

{pk(1− λc)cf
i,j + λcH}) (12)

where, pos(•) is the location function of the score map of
the joint branch of the IOU-aware classification mapped to
the search area, λc is the cosine window coefficient, pk is the
scale penalty map [16], and cf is the score map of foreground
of the IOU-aware classification branch.

For the regression branch, since there are only slight scale
changes between two consecutive frames, the scale smoothing
coefficient wk is introduced into the regression. Consequently,
the scale estimation for the regression branch is presented as:

ll = wk ∗ ll + (1− wk)ll−1 (13)

where, ll denotes the scale estimation of current frame in the
search area, ll−1 denotes the scale estimation of the previous
frame, and wk is the scale smoothing coefficients .
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Fig. 3: Success and precision plots on OTB100. (a).Precision
plots.(b).Success plots.

IV. EXPERIMENTS

A. Experimental Details

The proposed SiamFDB is performed on a computer with
a RTX3090 graphics card. To facilitate training and testing,
the data processing and hyper-parameter strategy is utilized
similar to SiamRPN++ [17]. Furthermore, the sizes of clipping
padding of the template branch and the search branch are 127
and 255 respectively. We adopt the modified ResNet50 [34]
network as the backbone network in the Samese Network and
utilize the pre-training model based on ImageNet [35] to train
the proposed network.

The proposed mode is trained on multiple datasets, includ-
ing COCO [40], ImageNet DET [35], ImageNet VID [35],
YouTube-BB [41], LaSOT [42] and GOT-10k [43], and tested
in multiple benchmarks. In experiments, a total of 20 training
epochs and an initial learning rate of 10−6 is adopted. Similar
to SiamRPN++ [17], using a warmup learning rate from 10−6

to 0.1 in the first 5 epochs, and cosine annealing from 0.1 to
10−4 in the last 15 epochs. The weight decay is set to 5∗10−4,
and the momentum is set to 0.9. For the first 10 epochs, we
freeze the parameters of ResNet50 [34] network and trained
the rest. For the last 10 epochs, we unfreeze the parameters
of conv2, conv3 and conv4 of ResNet50 [34]. The proposed
network is trained in an end-to-end manner.

B. Results on OTB100

The OTB100 [44] contains 100 video scenes. On the
OTB100 benchmark, the proposed tracker is compared
with the state-of-art methods including SiamCAR [18],
SiamRPN++ [17], SiamBAN [32], GCT [45], DiMP50 [46],
Ocean [36], DaSiamRPN [21] and ECO-HC [23]. The ex-
perimental results are shown in Fig. 3. Compared to the two
representative trackers, SiamCAR [18] and SiamRPN++ [17]
in the three-branch Anchor-Free and Anchor-Based methods,
the proposed model has a success rate of 70.4% on OTB100
[44], which surpasses SiamCAR [18] by 0.7%, surpasses
SiamRPN++ [17] by 0.8%, and surpasses Ocean-online [36]
by 2.0%. In terms of precision rate, the proposed model is
lower than the Ocean-online [36] by 0.1% , while surpasses
SiamRPN++ [17] by 0.4%. It is also higher than SiamCAR

[18] by 0.9%. Where Ocean-online [36] is a model with an
online updating mechanism, and our model is an offline model.
When compared to the offline model Ocean-offline [36], the
proposed model outperforms it.

In addition, in some challenging scenes, including Motion
Blur (MB), Out of Plane Rotation (OPR), Background Clutter
(BC), Deformation (Def), Illumination Variation (IV), and
Low Resolution (LR) scenes, the proposed SiamFDB achieves
the best performance and outperforms the-state-of-art such as
DiMP50 [46] and Ocean [36]. The experimental results are
shown in Fig. 4, which shows that the proposed tracker has
excellent performance in the challenging scenes. Specially, for
those scenes where it is difficult to determine the bounding box
size of the target, such as MB and LR, the proposed tracker has
achieved excellent performance. It shows that the regression
distribution prediction can well balance the bounding box
prediction for fuzzy targets in this scene. The proposed tracker
surpasses the Ocean-online [36] and DiMP50 [45] with an
online update mechanism in the OPR, BC, Def and IV for
the scene of target appearance change and resolution under
external interference, and it proves the effectiveness of the
proposed IOU-aware classification combination mechanism.

C. Result on UAV123

UAV123 [47] contains 123 aerial sequences at a low alti-
tude, with a total of more than 110,000 frames, which can be
used to test the generalization ability of the tracker from the
perspective of the UAV. In all 123 aerial scenes, the proposed
tracker is compared with other trackers, including SiamRPN++
[17], SiamCAR [18], DaSiamRPN [21], SiamRPN [16], UPDT
[48], GCT [45], ECO [23], ECO-HC [23] and CCOT [49].
The overall average performance plots are shown in Fig. 5.
Compared with the other trackers, the success rate of the
proposed tracker is 63.4%, which surpasses SiamCAR by
1.1%, and surpasses SiamRPN++ by 2.4%. The precision rate
of the proposed tracker is 82.0%, which surpasses SiamCAR
and SiamRPN++ by by 0.7% and 1.7% respectively.

UAV123 [47] includes 12 challenging scenarios, including
Aspect Ratio Change (ARC), Background Clutters (BC), Cam-
era Motion (CM), Fast Motion (FM), Full Occlusion (FO), Il-
lumination Variation (IV), Low Resolution (LR), Out-of-View
(OV), Partial Occlusion (PO), Scale Variation (SV), Similar
Object (SO) and Viewpoint Change (VC). The performance
metrics are shown in Fig. 6. In most scenarios, the proposed
tracker outperforms the state-of-the-art tracker.

D. Result on LaSOT

LaSOT [42] is a high-quality evaluation benchmark for
long-term trackers. According to Protocol II, the proposed
tracker is trained on only 1120 video sequences of LaSOT [42]
and tested on the other 280 video sequences. The evaluation
of the proposed tracker on LaSOT [42] is shown in Fig. 7.
From Fig. 7, it can be seen that the proposed tracker surpasses
SiamCAR by 0.5% in terms of the success rate, by 0.7%
in terms of the precision rate, and lower than SiamCAR by
1.0% in terms of the normalized precision rate. Moreover, the
proposed tracker surpasses SiamRPN++ by 1.7% in term of
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Fig. 4: Results under several challenges on OTB100 [44] Benchmark, including motion blur, out-of-plane rotation, background
clutter, deformation, illumination changes, and low resolution. Among them, our model achieves the best results under these
challenges.
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Fig. 5: Success and precision plots on UAV123. (a).Precision
plots.(b).Success plots.

the success rate, by 2.4% in term of the precision rate, and by
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Fig. 6: Single Attribute plots on UAV123 [47]. (a) .Precision
plots. (b).Successs plots.

2.0% in term of the normalized precision rate. Generally, the
result values of precision rate and normalized precision rate
are relevant to a fixed threshold taken in the curve. According



to the curve findings, the proposed tracker outperforms the-
state-of-the-art at a certain threshold that meets the high-level
criterion of Center Location Prediction.
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Fig. 7: Precision plots, Normalized Precision plots and Suc-
cess plots on LaSOT [42] Banchmark. (a).Precision plots.
(b).Normalized Precision plots. (c).Success plots

TABLE I: The evaluation on VOT2019 [50].

Tracker EAO↑ Accuracy↑ Robustness↓

SA_SIAM_R [50] 0.252 0.563 0.507

SPM [51] 0.275 0.577 0.507

SiamMask [52] 0.287 0.594 0.461

ARTCS [51] 0.287 0.602 0.482

SiamRPN++ [17] 0.292 0.580 0.446

SiamDW [29] 0.299 0.600 0.467

ATOM [53] 0.301 0.603 0.411

DCFST [54] 0.317 0.585 0.376

Ours 0.317 0.603 0.426

(Where, values marked by red, green, and blue represent the order of each
indication from first to third.)

E. Result on VOT2019

Table I and Fig. 8 show the evaluation of the proposed
model on the VOT2019 benchmark [50]. We can see that

123456789
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Fig. 8: EAO performance on VOT2019

the proposed model outperforms SiamRPN++ [17]. In terms
of EAO, the proposed tracker achieves a comparable perfor-
mance of DCFST [54], surpasses SiamRPN++ [17] by 2.5%,
surpasses SiamDW_ST [29] by 1.8%, and surpasses ATOM
[53] by 1.6%. In terms of Robustness, the proposed tracker
is slightly lower than DCFST [54] and ATOM [53], as shown
in Table I. This is because these two models include online
update methods. When compared to alternative offline trackers,
the proposed tracker has better robustness.

F. Result on GOT-10k

We conduct experiments to test the generalization ability
of the proposed tracker on GOT-10k [43]. GOT-10k [43] is a
large-scale object tracking dataset published in recent years. It
contains more than 10,000 real-time moving object sequences,
and 180 video sequences for the test set. The experimental
results are shown in Fig. 9 and Table II. From Fig. 9, we can
see that the proposed model achieves the best performance
with an AO score of 58.6% surpassing SiamCAR [18] by
1.7%, AFSN [24] by 2.8%, and SiamRPN++ [17] by 7.9%.
From Table II, we can see that in terms of SR0.75 score, the
proposed tracker surpasses SiamCAR [18] by 1.9%, surpasses
AFSN [24] by 2.1%, and surpasses SiamRPN++ [17] by
10.9%. Meanwhile, in terms of the SR0.5 score, the proposed
tracker is lower than SiamCAR [18] by 1.2%, lower than
AFSN [24] by 0.1%, and surpasses SiamRPN++ [17] by 4.2%.
Specially, the proposed tracker is lower than SiamCAR [18]
and AFSN [24] in terms of SR0.5. However, because SR0.5
and SR0.75 are the results corresponding to a certain threshold
on the curve, it can hardly reflect the tracker’s overall per-
formance. Fig. 10 shows the bounding box prediction results
of our proposed tracker on the GOT-10k [43]. It shows that
the proposed model outperforms SiamRPN++ [17], SiamCAR
[18], and AFSN [24] in the challenging scenes of Similarity
Interference, Background Clutter and Target Rotation.

G. Ablation Experiment and analysis

Table III shows the findings, where I indicates the enlarged
semantics of inserting the classification branch using the
original Dirac δ distribution. Based on the example of I,
II specifies the representation of the regression branch by
referencing the discrete integral. On the foundation of II,
III is the introduction of DGSN. The experimental results
show that the discrete integral representation and distribution-
guided subnetwork improve the performance of the model.
From the comparison between I and II, we can see that it
breaks the restrictions of the classic Dirac δ distribution due
to the discrete integral representation. Meanwhile, from the
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Fig. 9: Comparisons on GOT-10k Banchmark.

TABLE II: The evaluation on GOT10k [43] Banchmark.

Tracker AO↑ SR0.5↑ SR0.75↑

MDNet [55] 0.299 0.303 0.099

ECO [23] 0.316 0.309 0.111

SiamFC [26] 0.374 0.404 0.144

DaSiamRPN [21] 0.444 0.536 0.202

SPM [51] 0.513 0.593 0.359

SiamRPN++ [17] 0.517 0.616 0.325

ATOM [53] 0.556 0.634 0.402

AFSN [24] 0.558 0.659 0.413

SiamCAR [18] 0.569 0.670 0.415

Ours 0.586 0.658 0.434

(Where, values marked by red, green, and blue represent the order of each
indication from first to third.)
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Ours SiamCAR SiamRPN++
AFSN

Fig. 10: Comparison between the proposed tracker and state-
of-the-art. It can be seen that the proposed model outperforms
SiamRPN++, SiamCAR, and AFSN in the challenges scenar-
ios of Similarity Interference, Background Clutter and Target
Rotation.

comparison between II and III, we can see that the introduction
of the DGSN can promote the tracker’s performance. In

TABLE III: Ablation study
on GOT-10k [43] Banch-
mark.

AO↑ SR0.5 ↑ SR0.75 ↑

I 0.547 0.619 0.414
II 0.575 0.660 0.418
III 0.600 0.696 0.477

addition, from Fig. 3, 4, 5, 7, and 9, it is clear that the
results of the proposed tracker are lower than those of other
trackers when the threshold is in a certain range in the middle
of the curve but surpass others when the threshold is in a
certain range on both sides of the curve. There are two reasons
for this. On the one hand, trackers such as SiamCAR [18],
SiamRPN++ [17], and ATOM [53] utilize multi-layer features
for prediction, whereas our proposed tracker uses only single-
layer features. On the other hand, from Table III, we can
see that the improvement of tracker performance by DGSN
is outside a specified error range. Consequently, the proposed
tracker outperforms the other trackers when the threshold is
on both sides of the curve and lower than the others in the
center of the curve.

V. CONCLUSION

In this paper, we present an anchor-free based object track-
ing algorithm with a dual-branch Siamese network - SiamFDB,
which reduces the inconsistency between training and infer-
ence of traditional anchor-free based tracking networks. In
SiamFDB, the distribution of the bounding box is learned
autonomously in the regression branch, and it overcomes
the limitation of the traditional method in predicting the
bounding box regression. The experimental results show that
the proposed tracker achieves the state-of-the-art performance
on multiple benchmarks. In addition, running on the 3090TI
hardware platform, the proposed tracker achieves a speed of
90 ∼ 100fps. In the future, we plan to further investigate the
efficiency of other network backbones such as transformers
[10] to enhance the feature extraction.
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