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Fully convolutional Siamese networks have shown their advantages in the visual object tracking task.
However, most existing Siamese-based trackers still suffer from poor matching information and a low
correlation between the classification score and bounding box estimation. To address these issues, we
propose an IoU-aware Matching-adaptive Siamese network (IMSiam) for visual tracking in this paper.
Specifically, a matching-adaptive network is proposed, which integrates multiple types of encoded fea-
ture maps and adaptively sample matching information to simultaneously perform target classification
and bounding box regression. And we introduce an IoU-aware head to equip the Siamese detector with
the capacity of IoU prediction for each regressed box, which then penalizes the classification score to
obtain a more confident target region. Benefiting from the adaptive matching information and IoU-
based classification outputs, the model can localize the target more accurately while avoiding the redun-
dant search of scale penalty factor during tracking. Experimental results on OTB2013, OTB2015,
VOT2018, VOT2019, LaSOT, and Got10k datasets demonstrate that the proposed tracker performs favor-
ably against state-of-the-art methods.

� 2022 Elsevier B.V. All rights reserved.
1. Introduction

The goal of visual object tracking is to localize the tracked object
in the subsequent frames of a video given the initial target annota-
tion in the first frame. It has drawn widespread attention so far and
has been widely applied in various areas, such as self-driving, secu-
rity monitoring, human–computer interactions, augmented reality
and intelligent transportation [1,2]. However, due to many factors
including occlusion, scale variation, etc. [3], designing a real-time
high-performance tracker is still a very challenging task [4].

Inspired by cognitive studies of Siamese networks in similarity
learning, visual tracking methods have made substantial progress
recently. One of the early works is the SiamFC tracker [8], which
uses a fully convolutional Siamese network to learn a general sim-
ilarity metric by cross-correlation between the embedding of the
target template and search image. Later the SiamRPN tracker [9]
introduces the region proposal network (RPN) [10] after the Sia-
mese network to perform the joint training of classification and
box regression based on the cross-correlation feature maps. It
achieves good accuracy while running over 160 FPS on multiple
tracking benchmarks [3,11]. Subsequently, many RPN-based Sia-
mese trackers are proposed, such as DaSiamRPN [12], SiamRPN++
[13], DWSiamRPN [14], CSiamRPN [15], and SPM [16], which
greatly improve tracking performance. However, the above-
mentioned anchor-based trackers need to design multi-scale
anchors manually, which hurts the generalization to different
tracking tasks. Inspired by the anchor-free approaches (such as
FCOS [17]) in object detection, more recent trackers directly pre-
dict the category probabilities of all grid centers and regress the
boundary distance. The representative works such as SiamFC++
[7], SiamBAN [6], and SiamCAR [5], can achieve state-of-the-art
results while keeping a simple and effective framework. However,
these trackers are still easy to fail in some complex tracking scenes,
as is shown in Fig. 1.

According to the observation, we notice that the existing Sia-
mese trackers usually only use cross-correlation feature maps to
perform one-shot detection and possess a low correlation between
the results of classification task and box regression task. Firstly, the
matching information encoded by the cross-correlation is limited.
Due to the loss of the similarity measure on the absolute scale, Sia-
mese correlation-based trackers easily drift to the distractor more
salient than the tracking object. As is shown in Fig. 1Basketball),
some Siamese trackers [5,6] mistakenly detect the players in white.
To address this problem, we propose a novel matching-adaptive
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Fig. 1. Proposed IoU-aware Matching-adaptive Siamese Network for visual tracking, which is fully anchor-free and have less hyper-parameters during tracking. It performs
favorably against existing anchor-free siamese trackers, such as SiamCAR [5], SiamBAN [6] and SiamFC++ [7]. Visual results of different methods on the OTB dataset are shown
here. Best viewed in color.
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network to fuse multi-type feature maps and adaptively extract
matching information for different tasks. Different from the exist-
ing Siamese-based trackers [6,7] that only use cross-correlation
feature maps to perform classification and regression, we concate-
nate three types of feature maps, which are the L1 difference
between the embedding of target template and search image, the
search identity feature maps and the padded depth-wise cross-
correlation feature maps. The L1 difference and search identity fea-
ture maps can complement to the cross-correlation maps, which
are critical for matching information embedding. The resulting
fused maps are then shared by two parallel downsampling layers
which are used to adaptively extract separate matching features,
forming the basis for subsequent heads.

Secondly, the mismatch between classification scores and the
qualities of estimated bounding boxes leads to a decrease in track-
ing accuracy, as is shown in Fig. 2. To solve this problem, we pro-
pose an IoU-aware head parallel with the bounding box regression
head, which can predict the IoU score between the predicted
bounding box and the ground truth. The IoU scores can serve as
Fig. 2. Illustration for the problem of mismatch between the classification scores and bo
bounding boxes (denoted as A) have higher classification scores but lower IoU scores th
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the quality assessment of the regressed bounding boxes. Unlike
the existing IoU-aware network, such as ATOM that refine the tar-
get box by maximizing the IoU with several gradient ascent itera-
tions to generate better results, we use the predicted IoU scores to
penalize the classification scores for obtaining a more confident
score map during tracking. Benefit from this module, we need
not manually search the scale change penalty factor to re-rank
the classification scores of every predicted target box to get the
best one. It is also a key reason why most existing trackers
[6,7,5,9,13] have the worse generalization ability to different track-
ing scenes.

Based on the two ideas mentioned above, we design an IoU-
aware Matching-adaptive Siamese network (IMSiam) for visual
tracking. More precisely, IMSiam is an end-to-end anchor-free net-
work framework, which consists of three subnetworks: the Sia-
mese backbone network, the matching-adaptive neck network
and the IoU-aware head network. Due to the anchor-free manner,
we do not need to design anchors manually. And adaptively sam-
pling matching information for classification and regression
unding box estimates. The yellow boxes are the ground truth. The black estimated
an the red bounding boxes (denoted as B). Best viewed in color.



K. Tan, Ting-Bing Xu and Z. Wei Neurocomputing 492 (2022) 222–233
branches drives the model to learn more discriminative features
for different tasks. In the tracking phase, thanks to the IoU-aware
head, we also do not need to search for the scale change penalty
factor, which avoids the tricky hyper-parameter selection. And
there are only two tracking hyper-parameters: the displacement
and size smooth weights, making our tracker more robust to differ-
ent challenging scenes. We evaluate the proposed tracker, dubbed
as IMSiam, on OTB2013 [18], OTB2015 [3], VOT2018 [19], VOT2019
[4], LaSOT [20], and Got10k [21] datasets. It achieves state-of-the-
art performance while running in real-time. The code will be
released at https://github.com/tankebuaa/pyvis.

The main contributions of this work are listed below in
threefold:

� We propose a matching-adaptive network to fuse multi-type
feature maps and adaptively extract matching information for
performing classification and regression tasks simultaneously.

� We design a dedicated IoU head to predict the IoU between the
regressed box and the ground truth. In the tracking stage, it can
be used to re-rank the classification scores, which helps avoid
searching for the scale change penalty factor and makes the
model neater.

� We design a novel IoU-aware Matching-adaptive Siamese
tracker that can be trained end-to-end offline in an anchor-
free manner. Experiments show that our IMSiam tracker
achieves state-of-the-art performance while running in real-
time on six popular tracking datasets.

The rest of this paper is organized as follows. Section 2 gives an
overview of prior works most relevant to this work. Section 3
details the proposed method. In Section 4, we provide the imple-
mentations and the results of performed experiments. Conclusions
are finally given in Section 5.
2. Related work

In the recent tracking community, significant attention has
been paid to the methods based on the convolutional neural net-
works (CNN). Among them are two dominant tracking strategies.
One is that CNN is treated as an offline feature extraction step com-
bined with an online object appearance classifier. These methods
show significant advantages over trackers using hand-crafted fea-
tures, such as HOG and CN [22]. CNN-SVM [23] combines a pre-
trained CNN and online SVMs to obtain target-specific saliency
maps for visual tracking. DeepSRDCF [24] and HCF [25] adopt deep
features from pre-trained CNN to boost the performance of dis-
criminative correlation filter (DCF) framework [26,27]. Then the
subsequent DCF-based trackers use the multi-level deep features,
such as CCOT [28], ECO [29], DeepSTRCF [30] and UPDT [31].
Although these trackers can achieve good accuracy, they usually
run very slow and cannot meet the real-time requirements.

The other strategy is to integrate CNN into a network model
that can directly output tracking results. DeepTrack [32] proposes
a target-specific CNN, which is trained incrementally during track-
ing with new examples obtained online. MDNet [33] exploits a
multi-domain CNN to learn the shared representation of objects
from different sequences. TCNN [34] maintains multiple layer-
shared CNNs in a tree structure to learn ensemble models. CREST
[35] learns a base and residual network on a single convolutional
layer. MRCNN [36] trains a manifold regularized deep CNN model
with both labeled and unlabeled data online and performs tracking
under the framework of particle filters. DSLT* [37] learns a deep
regression tracker with shrinkage loss, which achieves good gener-
alization performances. The above algorithms need costly stochas-
tic gradient descent (SGD) updating, which hurts their running
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efficiency. To this end, some methods employ powerful optimiza-
tion strategies to ensure rapid convergence such as ATOM [38],
DiMP [39], and PrDiMP [40]. However, their initialization step still
costs much time.

In addition to the above methods, trackers based on the offline-
trained Siamese network have also been well studied due to their
end-to-end training capabilities and high efficiency. As one of the
pioneering works, SiamFC [8] constructs a fully convolution Sia-
mese network and introduces the cross-correlation layer to com-
bine feature maps. Owing to its light structure and no need to
update, SiamFC can run efficiently at 86 FPS. Afterwards, there
exists a large number of follow-up work of SiamFC. CFNet [41]
introduces a correlation filter layer to update the model. Triplet
loss is then used to train SiamFC and CFNet, which brings a perfor-
mance boost [42,43]. DQL [44,45] exploits continuous deep Q-
learning to adjusts hyperparameters for different sequences to
achieve the best accuracy. SA-Siam [46] introduces a twofold Sia-
mese network to exploit complementary features for visual track-
ing. LSSiam [47] extracts the local semantic features to solve the
drift problem of SiamFC. RASNet [48] and HASN [49] incorporate
different types of attention mechanisms into the Siamese network,
respectively. Notably, SiamRPN [9] combines the Siamese network
with the region proposal network, which performs joint classifica-
tion and regression for visual tracking. DaSiamRPN [12] further
makes use of hard negative sample training to improve discrimina-
tive ability. SiamRPN++ [13] successfully uses the deeper CNN like
ResNet50 as the backbone by random shift, which achieves better
tracking accuracy than trackers with shallow backbone networks.
More recently, CLNet [50] makes full use of the sequence-specific
samples to train SiamRPN++, achieving promising improvement.
However, these RPN-based trackers need to carefully design the
hyper-parameters of the anchors, such as the aspect ratio and
the numbers. Aims to this limitation, many anchor-free trackers
are proposed, such as SiamFC++ [7], SiamCAR [5] and SiamBAN
[6]. We note that all these trackers combine the Siamese network,
the cross-correlation layer and the heads from FCOS [17], and use
the scale change penalty [13] to refine the classification score. In
this paper, we also propose an anchor-free Siamese model. Differ-
ently from existing anchor-free methods, we design a matching-
adaptive module and an IoU-aware head. The former aims to adap-
tively sample the matching feature for classification and regression
tasks, while the latter aims to replace the scale change penalty to
refine the classification score.
3. The proposed method

In this section, we propose an IoU-aware Matching-adaptive
Siamese network for visual tracking. The overall architecture is
shown in Fig. 3, which consists of three subnetworks: the Siamese
backbone network, the Matching-adaptive neck network, and the
IoU-aware head network. The Siamese backbone network is uti-
lized to extract the features of the target template z and the search
image x. Then, feature maps from each stage are fed into the fol-
lowing neck network, which outputs the matching-adaptive fea-
ture maps for subsequent tasks. Afterwards, an IoU-aware head
network is applied to simultaneously perform classification and
localization based on the matching-adaptive feature maps. In the
following, we will detail the network design, the training and
tracking procedures.
3.1. Siamese backbone network

We adopt the ResNet50 [51] with atrous convolution to develop
our Siamese backbone network. As is shown in Fig. 3, it comprises
two identical branches, which are used to extract features of the



Fig. 3. An illustration of our proposed network framework. For the feature maps in each stage, we use a matching-adaptive neck subnetwork and an IoU-aware head
subnetwork to predict the target location and shape. The matching-adaptive subnetwork takes template features and search features as inputs, and computes the adaptive
feature maps for the classification and regression modules in the IoU-aware head subnetwork, respectively.

K. Tan, Ting-Bing Xu and Z. Wei Neurocomputing 492 (2022) 222–233
target template z and the search image x. Specifically, the back-
bones in two branches share the same parameters. With this
design, it ensures the same transformation applied to both z and
x, which is crucial for similarity metric learning. Besides, we adopt
different atrous rates in the last three stages while keeping the spa-
tial downsample stride s ¼ 8 as in SiamRPN++ [13]. Features at dif-
ferent stages in ResNet50 contain different information. Low-level
features consist of spatial cues, while high-level features output
more semantic information. Therefore, we utilize the features from
stage 1 to stage 3 to improve the robustness of the model. Next, we
simply perform the same procedures at each stage independently.

3.2. Matching-adaptive neck network

Different from object detection which usually assumes the cat-
egories of the objects are predefined, visual tracking typically
needs to encode the target appearance information into the frame-
work. Most recent methods calculate the depth-wise cross-
correlation between the feature representations learned from the
target template and the search image as the basis for the subse-
quent tasks. Some methods, such as SiamRPN++ [13], SiamFC++
[7] and SiamBAN [6], use two separate depth-wise cross-
correlation branches to predict the classification scores and regres-
sion results. The SiamCAR tracker [5] only uses one depth-wise
cross-correlation layer to produce similarity maps, which are then
used by the classification and regression heads. However, the lim-
ited similarity information only from the cross-correlation layer
still restricts its tracking performances. Here we design a shared
matching-adaptive neck network to extract the features for the
subsequent heads.

The matching-adaptive neck network firstly concatenates three
types of feature maps: the L1 difference, the search identity and
the padded depth-wise cross-correlation. Specifically, we firstly
add a 1� 1 convolution to downsample the input feature channel
to c (we set c ¼ 256 in this paper). Based on the resulting feature
maps from template and search branches, we take the following
steps to obtain the desired multi-type feature maps, as illustrated
in Fig. 4.

3.2.1. The L1 difference maps
We first adopt a shared 3� 3 Conv-BN-ReLU block to adjust fea-

tures from template and search branches. Then an average pooling
layer is used to pool the target region in template feature maps to
an embedding vector with the annotated target box, as is shown in
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Fig. 5. Formally, we denote the search feature map is f x and the
template feature map is f z with the target box
B ¼ X1;Y1;X2;Y2ð Þ, where X1; Y1ð Þand X2;Y2ð Þ are the coordinates
of the top-left and bottom-right corners in the template image.
Then we project the two corner points to f z, obtaining the contin-
uous coordinates of corners x1; y1ð Þ and x2; y2ð Þ. We define the aver-
age pooling operation by computing a two-order integral:

avgpool f z;Bð Þ ¼
R y2
y1

R x2
x1

f z x; yð Þdxdy
x2 � x1ð Þ � y2 � y1ð Þ : ð1Þ

Note that the above operation is continuously differentiable [52].
Finally, we compute the absolute difference between the template
embedding vector v ¼ avgpool f z;Bð Þ and the feature map of the
search image f x at each spatial position. The output L1 difference
maps denoted as f 1 2 Rc�w�h is calculated by

f 1 ¼ f x � vj j: ð2Þ
3.2.2. The search identity feature maps
We just take the adjusted search feature maps in the L1 differ-

ence branch as the encoded identity feature maps of the search
image, which is denoted as f 2 2 Rc�w�h.

3.2.3. The padded depth-wise cross-correlation maps
We crop a d� d (d ¼ 7 in this paper) center region of the target

template features and then adopt a non-shared 3� 3 Conv-BN-
ReLU block to adjust features from template and search branches
[13]. The resulting feature maps are finally combined by a padded
depth-wise cross-correlation layer (PDW-XCorr), where the tem-
plate feature maps are used as a convolution kernel and the search
feature maps are padded with zeros to keep the resolution
unchanged. The output feature maps are denoted as f 3 2 Rc�w�h.

Then we can obtain the fused feature maps F 2 R 3cð Þ�w�h by

F ¼ concat f 1; f 2; f 3ð Þ; ð3Þ
where concat �ð Þ denotes the concatenation operation along the
channels.

Since it aims to leverage F to perform classification and bound-
ing box regression, we adaptively sample the features from it for
different tasks. we define the extraction of matching features as a
function u by

U ¼ sample f 1; f 2; f 3f g;¼ u Fð Þ; ð4Þ



Fig. 4. An illustration of our proposed matching-adaptive network.

Fig. 5. (a) The overall network architecture of the L1 difference feature extraction between the template and search image. (b) The illustration of the average pooling
operation based on the target region.
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where U is the obtained matching features. Here we model the
function u by two 1� 1 Conv-GN-ReLU blocks to extract separate
features for classification and regression branches, denoted as Ucls

and Ureg respectively, as is shown in Fig. 4. And GN means Group
Normalization.

3.3. IoU-aware head network

We adopt an anchor-free scheme to design the head network,
which works as follows. Given a target template z and a search
image x, the location and the shape of the target can be represented
by a 6-tuple in the form of i; j; l; t; r; bð Þ, where i; jð Þ is the spatial
point coordinate in x and l; t; r; bð Þ are the distances to the four
boundaries. Then the location and shape can be considered to fol-
low a distribution as

p i; j; l; t; r; bjz; xð Þ ¼ p i; jjz; xð Þp l; t; r; bji; j; z; xð Þ; ð5Þ
/ p i; jjUclsð Þp l; t; r; bji; j;Ureg

� �
: ð6Þ

From this factorization,wehave two important intuitions. Firstly, the
two items correspond to the classification and regression tasks
respectively, so that we use two separate branches to perform the
corresponding task. Secondly, to maximize the probability we assign
quality assessments to both classification and regression results. We
notice thatmostmethodsdirectly use the anchor-free detectionhead
from FCOS [17], such as SiamFC++ [7], SiamBAN [6] and SiamCAR [5],
which use the centerness metric [17] to assess the classification
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result. To assess the regression result, they follow SiamRPN++ [13]
which uses the previous bounding box to compute a scale change
penalty by a manually-designed function. This not only introduces
tricky hyper-parameters but also hurts the adaption abilities in dif-
ferent tracking scenes. To solve this problem, our key idea is to learn
to predict the IoU scores for the regressed boxes by adding an IoU
head parallel with the regression head, which is then exploited to
penalize the classification scores. With this simple design, it can
improve the accuracy of classification and localization results.

As shown in Fig. 3, the IoU-aware head network consists of a
classification module and a regression module, which receive the
feature maps Ucls and Ureg respectively. The resulting features in
each module are then adjusted by a set of three 33 Conv-GN-
ReLU blocks respectively. For the classification module, we use a
single 33 convolution layer to output a two-channel score map
C 2 R2�w�h for foreground-background classification. We also use
another single 33 convolution layer parallel to the classification
head to output a one-channel center-ness map P 2 R1�w�h . For
the regression module, we use a single 33 convolution layer to out-
put a four-channel regression map. Because the regression targets
are always positive, we also employ exp xð Þ to map the regression
output number to 0;1ð Þ, denoted as R 2 R4�w�h. Last, we adopt a
single 33 convolution layer to output a one-channel map
I 2 R1�w�h for the IoU prediction between the regressed bounding
box and the ground-truth. This can be seen as a quality estimation
of each regressed box and provides a weight for the corresponding
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classification score. Next, we will detail the training labels and loss
function.

3.4. Training labels and loss function

The proposed model receives a pair of images as input. Follow
the practice of SiamRPN++ [13], we generate a target template z
and a search image x containing the same tracking object as one
training sample. Let B ¼ cx; cy;w;hð Þ be the ground-truth target
bounding box in the search image, where cx; cyð Þ is the target cen-
ter, w andh is the target width and height respectively.

3.4.1. Classification labels
For each location pc ¼ i; jð Þ on the classification score map, we

can map it back on to the search image as p which is near the cen-
ter of the receptive field. We then define three types of regions for
each location p.

(1)The center region CR ¼ cx; cy;D1w;D1hð Þ defines the center
part of the target box B, where 0 < D1 < 1 and we set
D1 ¼ 0:75 in this work. Each location p falls into CR is assigned
as a positive sample.
(2)The ignore region IR ¼ cx; cy;D2w;D2hð Þ n CR is a larger
region excluding CR, where D1 < D2 6 1ð Þ and we set D2 ¼ 1
in this work. Each location p falls into IR is marked as ‘‘ignore”
and excluded during training.
(3)The outside region OR is the whole search image excluding
CR and IR. Each location p falls into OR is assigned as a nega-
tive sample. So that we set the class label at the location i; jð Þ by

C� :; i; jð Þ ¼
1;0½ � i; jð Þ 2 CR;

�1;�1½ � i; jð Þ 2 IR;

0;1½ � i; jð Þ 2 OR;

8><>: ð7Þ

where the element �1 means ‘‘ignore”.

3.4.2. Regression labels
We set a regression target for each point i; jð Þ in the regression

map R� by its project location x; yð Þ in the search image, which con-
tains a 4D real vector R� :; i; jð Þ ¼ l; t; r; b½ � calculated by

l ¼ x� cx�w=2ð Þ;
t ¼ y� cy� h=2ð Þ;
r ¼ cxþw=2ð Þ � x;

b ¼ cyþ h=2ð Þ � y:

8>>><>>>: ð8Þ
3.4.3. Center-ness labels
To suppress the low-quality predicted bounding boxes that are

far away from the center of the ground-truth, we assign center-
ness scores for all positive samples as in FCOS [17]. Given the
regression targets l; t; r; b½ � for a location i; jð Þ in the center-ness
map, its corresponding center-ness target is calculated by

P� :; i; jð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
min l; rð Þ
max l; rð Þ �

min t; bð Þ
max t; bð Þ

s" #
: ð9Þ
3.4.4. IoU labels
Given the results at the location i; jð Þ in the regression map, we

can obtain a predicted bounding box bBi;j. Then we assign an IoU
label for the IoU prediction score at the location i; jð Þ by

I� :; i; jð Þ ¼
bBi;j \ BbBi;j [ B

" #
: ð10Þ
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3.4.5. Loss function
We calculate the loss at each stage independently. For conve-

nience, we use an index l l 2 1;2;3f gð Þ to denote the l-th stage.

Given the output of the classification head Cl, we compute the class
loss by cross-entropy which can express as

Ll
cls ¼ CrossEntropy C�;Cl

� �
: ð11Þ

And given the box regression result Rl, we adopt the IoU loss
function to calculate the regression loss by

Ll
reg ¼ � log IoU R�;Rl

� �� �
; ð12Þ

where IoUmeans the area ratio of the intersection over the union of
the two boxes. Besides, the binary cross-entropy (BCE) is adopted to
calculate the loss of both center-ness and IoU heads, which are
defined as follows

Ll
cen ¼ BCE P�; Pl

� �
; ð13Þ

Ll
iou ¼ BCE I�; Il

� �
: ð14Þ

We explore three different level features from stages 1,2,3 of
ResNet50 to perform predictions. Finally, we average the three-
stage loss as the overall training loss function:

L ¼ 1
3

X3
l¼1

Ll
cls þ k1L

l
reg þ k2L

l
cen þ k3L

l
iou

� �
; ð15Þ

where k1; k2; k3 are the weight factors to balance different tasks and
l is the stage index. In this paper, we simply set
k1 ¼ 1:2; k2 ¼ k3 ¼ 0:5 empirically.

Algorithm1 Tracking algorithm for IMSiam

Require: Sequence I, initial bounding box B0, Pre-trained
network, cosine window weight k, size interpolation factor
c.

Ensure: Target bounding boxes of all images B.
1: Compute sequence length N and set image index i ¼ 0.
2: while i < N do
3: Load current image Ii.
4: if i ¼¼ 0 then
5: Crop the template patch z and initialize the network.
6: Initialize the cosine window w.
7: else
8: Crop the search patch x.
9: Feed x into the model and output four prediction

maps Cl; Pl;Rl; Il for each stage l.
10: Compute the final classification score map by Eqs.
(16) and (17) with the cosine window weight k.
11: Compute the target bounding box by Eq. (18).
12: Update target size by Eq. (19) with the linear
interpolation factor c and obtain the final bounding box Bi.
13: end if
14: Update image index i ¼ iþ 1.
15: end while
16: return B
3.5. Tracking

Once the proposed model is trained offline, it is simply evalu-
ated once per frame without any adaption and only has two
hyper-parameters during tracking phase. Given the first frame
with annotation, we firstly extract the target template to initialize



Fig. 6. Success plots of OPE on OTB2013 [18] and OTB2015 [3] dataset.
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the model. Since we do not update the template and the network,
the feature maps related to the template only need to be calculated
once. During the tracking phase, we extract a larger region at the
previous target location as the search image. The aim is to predict
the bounding box for the target. To this end, we feed the search
image into the network, which outputs four prediction maps

Cl; Pl;Rl; Il for each stage l. To get the best bounding box for the tar-
get, the center-ness score map and the IoU score map are used to
penalize the classification map which produces the refined classi-
fication map bybCl ¼ Cl 0½ � � Pl � Il; ð16Þ
where �denotes the element-wise multiplication. Then we
merge the multi-stage prediction and add a cosine window to sup-
press the large displacement. The final classification map is
obtained by

C ¼ 1� k
3

X3
l¼1

bCl þ kw; ð17Þ

where w is the cosine window weight and kdenotes the balance
weight. The highest score in C indicates the most confident target
location i; jð Þ, and we query the regression maps at this location.
The final bounding box is calculated by average the regression
results of all stages by

R ¼ 1
3

X3
l¼1

Rl: ð18Þ

Furthermore, we update the target size by linear interpolation c to
keep the shape changing smoothly:

w

h

� �
( 1� cð Þ w0

h0

� �
þ c

w

h

� �
; ð19Þ

where w and h are the width and height of the final bounding box,
the superscript �ð Þ0 means the state in the last frame. Algorithm1
illustrates the tracking procedure of the proposed IMSiam approach.

4. Experiments

4.1. Implementation details

Our approach is implemented in Python3.7 with the PyTorch1.4
deep learning framework. The model is trained on a workstation
with Intel Xeon Gold 6246 CPU, 256 GB RAM and 4 NVIDIA
RTX2080Ti GPUs.

4.1.1. Training details
We use the ResNet50 with atrous convolution as the Siamese

backbone network for all experiments, which is initialized with
the pre-trained parameters on the ImageNet classification task
provided in [13]. All the weights and biases of the newly added
convolution layers are initialized with the Kaiming algorithm
[53]. The training splits of COCO2017 [54], ImageNet VID2015
[55], LaSOT [20], and GOT10k [21] datasets are used to train our
model. We extract pairs of the template and search images con-
taining the same target as positive training samples and extract
pairs containing different targets as negative training samples with
a probability of 0:2. Several effective data augmentations are
applied including random stretch and translation, blur, color jitter
and graying. The whole model is trained with the multi-task loss
by Eq. (15). We use synchronized SGD over the 4 GPUs with a total
of 64 image pairs per minibatch (16 pairs per GPU) and train
320;000 image pairs per epoch. Weight decay and momentum
are set as 0:0001 and 0:9. The stem and stage-0 of the ResNet50
backbone are frozen and the rest of the network is trained for 20
228
epochs in total. A warm-up scheduler training strategy is adopted
where the learning rate increases linearly from 1e�3 to 5e�3 for the
first five epochs and then decays exponentially by 0:8. Moreover,
we fine-tune the backbone network with one-tenth of the current
learning rate.
4.1.2. Evaluation details
We use a single RTX2080Ti GPU for tracking evaluation. Note

that our tracking method only has two hyper-parameters including
the weight of cosine window and the linear interpolation factor of
target size. we perform comprehensive comparisons with the
state-of-the-art on the OTB dataset, including OTB2013 [18] and
OTB2015 [3]. A detailed ablation analysis of our approach on the
OTB2015 dataset is also provided. Last, we report our main results
on the other four datasets including VOT2018 [19], VOT2019 [4],
GOT10k [21] and LaSOT [20]. The average tracking speed is about
52 FPS without optimization.



K. Tan, Ting-Bing Xu and Z. Wei Neurocomputing 492 (2022) 222–233
4.2. OTB benchmark

OTB benchmark consists of two subsets, i.e., OTB2013 [18] and
OTB2015 [3]. Specifically, OTB2013 contains 51 fully annotated
sequences with 11 different attributes including scale variation,
illumination variation, fast motion, background clutter, motion
blur, in-plane rotation, out-of-plane rotation, deformation, low res-
olution, out of view, and occlusion. Later, OTB2015 extends
OTB2013 to 100 videos. We conduct a quantitative analysis on
OTB by the success plot in the one-pass evaluation (OPE) protocol.
Specifically, the tracking result in a frame is declared successful if
its overlap ratio exceeds a pre-defined threshold. The success plot
shows the percentage of successful frames at the overlap threshold
varies from 0 to 1 and we use the Area Under the Curve (AUC) met-
ric is used to assess a tracker.

4.2.1. State-of-the-art comparision
We compare our proposed approach IMSiam with the recent

state-of-the-art methods including SiamBAN [6], SiamFC++ [7],
SiamCAR [5], SiamRPN++ [13], SiamDW-RPN [14], DaSiamRPN
[12], DiMP [39], ATOM [38] and ECO [29]. As is shown in Fig. 6,
our approach achieves the best AUC score both on OTB2013 [18]
and OTB2015 [3]. On the OTB2013 dataset, our approach achieves
an AUC score of 0.711, which outperforms the previous best tracker
ECO [29]. Moreover, our tracker can run over 50 FPS while the ECO
tracker only runs at less than 10 FPS. On the OTB2015 dataset, our
Table 1
Ablation study of our proposed tracker on the OTB2015 dataset [3].

Subnetwork Backbone Neck

Stage 1,2,3 PDW-XCorr L1 Difference

Baseline U U

IMSiam U U U

U U U

U U

U U U

U U U

Fig. 7. Singular value distribution of XCorr, L
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approach achieves an AUC score of 0.697, which outperforms the
best anchor-based tracker SiamRPN++ [13] and the best anchor-
free tracker SiamBAN [6] while employing the same backbone
network.

4.2.2. Ablation analysis
The main contribution of this work is that we propose a novel

anchor-free Siamese network for visual tracking which contains
the proposed matching-adaptive neck network and the IoU-
aware head network. To verify the effectiveness of the above two
modules, we conduct an ablation analysis on the OTB2015 dataset.
We remove the L1 difference and search identity feature maps
from the neck as well as the IoU prediction head as the baseline
model. It can be found from Table 1 that the baseline method
achieves an AUC score of 0.660. By adding the L1 difference and
search identity feature maps to the neck network, the AUC score
improves to 0.665 and 0.680 respectively. After we add an IoU-
aware head to the baseline, the performance is significantly
improved to 0.679, suggesting that our proposed IoU head can help
the classification results to obtain more accurate target bounding
boxes. By adding the L1 difference and search identity feature
maps to the neck network, the AUC score improves to 0.684 and
0.697 respectively. This suggests that fusing multi-type feature
maps is critical to the tracking results.

Here we further analyze the matching feature sampling layer to
help understand the contributions of the L1 difference and identity
Head AUC"
Search Identity Cls + Cen + Reg IoU

U 0.660
U 0.665

U U 0.680
U U 0.679
U U 0.684

U U U 0.697

1, Identity and fused projection matrix.



Fig. 8. Comparision with the top-5 trackers in VOT2018 challenge [19].

Table 2
Ranked results for the recent proposed trackers on VOT2018 [19]. First, second and third

Trackers SiamRPN++ [13] SiamFC++ [7] ATO

A " 0.600 0.587 0.59

R # 0.234 0.183 0.20

EAO " 0.417 0.426 0.40

Table 3
Ranked results for the recently proposed trackers on VOT2019 [4]. First, second and third
tracker reports its tracking results in VOT2019 real-time experiments, which is obtained u

Trackers SiamRPN++ [13] SiamMask [56] SPM

A" 0.599 0.594 0.5

R# 0.482 0.461 0.5

EAO " 0.285 0.287 0.2

Table 4
Comparisons on the GOT10k dataset [21].

Method AO " SR0:5" SR0:75"
ECO 0.316 0.309 0.111
SiamRPN 0.483 0.581 0.270
SiamRPN++ 0.517 0.616 0.359
SPM 0.513 0.593 0.359
SiamCAR 0.569 0.670 0.415
SiamFC++ 0.595 0.695 0.479
ATOM 0.556 0.634 0.402
DiMP18 0.579 0.672 0.446
DiMP50 0.611 0.717 0.492
IMSiam 0.601 0.698 0.491
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maps. In our implementation, we have the L1 difference maps
f 1 2 R256�29�29, the search identity maps f 2 2 R256�29�29 and the
PDW-XCorr maps f 3 2 R256�29�29. As in Section 3.2, we firstly con-
catenate the above three types of feature maps, which outputs
the fused maps F 2 R768�29�29. Then a 1� 1 convolution layer is
used to sample the matching features to perform the subsequent
task, where the projection matrixW 2 R256�768 is used to compute:

U ¼ WF: ð20Þ
The Eq. (20) can be reformulated as:

U ¼ L I X½ �
f 1
f 2
f 3

264
375;¼ Lf1 þ If2 þ Xf3; ð21Þ

where W ¼ L I X½ �; L; I;X 2 R256�256 and they are responsible for
extracting matching information from the L1 difference f 1, search
identity f 2 and PDW-Xcorr maps f 3, respectively. Fig. 7 shows the
singular value distribution of X; L; I andWmatrixes for classification
and box regression tasks, respectively. As shown in Fig. 7, the
matrix X; L, and I matrixes all have relatively fewer large singular
values than the fused W matrix, which indicates that they all sam-
ple a small amount of valid matching information and complement
to each other. Moreover, there is a significant difference in the sin-
gular value distribution between the classification and box regres-
sion tasks, indicating that the features Ucls and Ureg for the above
two tasks are also very different.

4.3. VOT benchmark experiments

For completeness, we also present the evaluation results on the
VOT benchmark [19,4]. Note that the VOT challenge protocol is dif-
ferent from the protocol in the OTB benchmark. Specifically, a
tracker is automatically re-initialized five frames after the failure
entries for accuracy(A), robustness(R), and EAO are reported.

M [38] SiamBAN [6] DiMP [39] IMSiam

0 0.597 0.597 0.599

4 0.178 0.153 0.206

1 0.452 0.440 0.430

entries for accuracy(A), robustness(R), and EAO are reported. Note that the SiamBAN
nder stricter conditions.

[16] SiamBAN* [6] DiMP [39] IMSiam

77 0.602 0.594 0.604

07 0.397 0.278 0.446
75 0.327 0.379 0.312

Hz Hardware Language

2.62fps CPU Matlab
97.55fps Titan X Python
49.83fps RTX 2080Ti Python
72.30fps Titan Xp Python
52.27fps RTX 2080Ti Python
90fps RTX 2080Ti Python
30fps GTX1080 Python
57fps GTX1080 Python
34.05fps GTX1050 Python
52.80fps RTX 2080Ti Python



Fig. 9. Evaluation results of trackers on LaSOT testing dataset. We compare our
tracker with the top-9 methods reported in [20].
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and the performance is measured in terms of accuracy, robustness
and expected average overlap (EAO). The accuracy of a tracker on a
sequence is calculated by the average per-frame IoU between its
predicted bounding box and the ground-truth. The robustness
score evaluates the average number of tracking failures. And the
EAO score measures the average no-rest overlap of a tracker on
several short-term sequences. Here we conduct experiments on
the recent VOT datasets including VOT2018 [19] and VOT2019 [4].
Table 5
Comparison with the recently proposed trackers on LaSOT [20] testing dataset.

Trackers C-RPN [15] SiamBAN [6] SiamRPNpp [13]

AUC " 0.455 0.514 0.496
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4.3.1. VOT2018 [19]
We evaluate our tracker on the VOT2018 [19] dataset, which

consists of 60 fully-annotated challenging sequences. And our
tracker achieves an EAO score of 0.430. We first compare our
tracker with the top 5 trackers reported in [19]. As is shown in
Fig. 8, our IMSiam tracker is ranked top overall. We also report
the comparison results with the recent methods including Siam-
BAN [6], SiamFC++ [7], SiamRPN++ [13], DiMP [39], and ATOM
[38]. Table 2 shows that our tracker is competitive with the
state-of-the-art. Specifically, our tracker outperforms the best
anchor-based Siamese tracker SiamRPN++ by 3.1% in terms of
EAO score. DiMP achieves a lower failure rate through online
updates, but our accuracy is higher than it. And our tracker also
achieves a higher accuracy score than SiamBAN, which shows that
our method can accurately estimate the target bounding box.

4.3.2. VOT2019 [4]
We further evaluate our tracker on the VOT2019 [4] dataset.

The VOT2019 sequences were replaced by 20% compared to the
VOT2018 and more challenging. And our IMSiam tracker is com-
pared with five recent state-of-the-art methods including
SiamRPN++ [13], SiamMask [56], SPM [16], ATOM [38] and DiMP
[39]. Table 3 shows the tracking results in terms of Accuracy(A),
Robustness(R) and EAO. Our tracker achieves state-of-the-art per-
formance. Compared to SiamBAN and DiMP, our tracker achieves a
slightly higher failure rate. However, our tracker achieves the best
accuracy score among all the compared trackers. This shows our
method can estimate the target bounding box accurately by the
proposed IoU head. Moreover, there are only two hyper-
parameters during tracking, making our tracker simpler than other
compared trackers.

4.4. Experiments on large-scale tracking datasets

4.4.1. GOT10k [21]
GOT10k [21] is a large-scale tracking dataset containing over

10,000 videos, 180 of which form the test set used for evaluation.
The average overlap (AO) calculated by the AUC of success plot
and the success rate (SR) with different thresholds are used to eval-
uate the tracker. We upload the tracking results to the official web-
site and the analysis is reported in Table 4. We compare our tracker
with state-of-the-art methods including ECO [29], SiamRPN [9],
SiamRPN++ [13], SPM [16], SiamCAR [5], SiamFC++ [7], ATOM
[38] and DiMP [39]. Our IMSiam tracker achieves an AO score of
0.601 and ranks the second, verifying the strong generalization
abilities. Compared to the top-ranked DiMP with ResNet50, our
tracker runs faster in the tracking initialization phase because we
need not draw samples to train an online classifier. Moreover,
the tracking results of our method are deterministic with fewer
hyperparameters, while ATOM and DiMP are random and have
much more hyperparameters.

4.4.2. LaSOT [20]
LaSOT [20] is a recent released benchmark for single object

tracking, which contains 1400 sequences. The normalized preci-
sion plots and success plots in one-pass evaluation are used to
assess the trackers. We compare our IMSiam tracker with the top
SiamCAR [5] ATOM [38] DiMP [39] IMSiam

0.507 0.515 0.568 0.525
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9 trackers reported in [20]. As is shown in Fig. 9, our tracker
achieves the best performance both in precision plots and success
plots. And we also compare with the recent methods including C-
RPN [15], SiamRPN++ [13], SiamCAR [5], SiamBAN [6], ATOM [38]
and DiMP [39], in terms of the AUC score in Table 5. Our tracker
ranks second and significantly improves the anchor-free Siamese
trackers such as SiamCAR [5] and SiamBAN [6]. And our tracker
also outperforms the best anchor-based Siamese tracker SiamRPN
++ [13] by 5.8%.

5. Conclusion

In this paper, we present a novel IoU-aware matching-adaptive
Siamese network for visual tracking. Specifically, we introduce a
matching-adaptive network which fuses multi-type feature maps
and adaptively draws matching information for classification and
bounding box regression. We also introduce an IoU-aware head
to assess the quality of regressed bounding boxes, which can pre-
dict the IoU and tune the corresponding classification score. By
the above design, the whole model is fully anchor-free and can
be trained end-to-end while it only has two hyper-parameters dur-
ing tracking. Experiments show that our method obtains state-of-
the-art results, with real-time running speed.
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