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Abstract: The RPN-based Siamese tracker has achieved remarkable performance with real-time speed
but suffers from a lack of robustness in complex motion tracking. Especially when the target comes
into an abrupt motion scenario, the assumption of motion smoothness may be broken, which will
further compromise the reliability of tracking results. Therefore, it is important to develop an adaptive
tracker that can maintain robustness in complex motion scenarios. This paper proposes a novel
tracking method based on the interval spatio-temporal constraints and a region proposal method over
a pixel-spatial hierarchy. Firstly, to cope with the limitations of a fixed-constraint strategy for abrupt
motion tracking, we propose a question-guided interval spatio-temporal constraint strategy. Based
on the consideration of tracking status and the degree of penalty expansion, it enables the dynamic
adjustment of the constraint weights, which ensures a match between response scores and true confi-
dence values. Secondly, to guarantee the coverage of a target using candidate proposals in extreme
motion scenarios, we propose a region proposal method over the pixel-spatial hierarchy. By com-
bining visual common sense with reciprocal target-distractor information, our method implements
a careful refinement of the primary proposals. Moreover, we introduce a discriminative-enhanced
memory updater designed to ensure effective model adaptation. Comprehensive evaluations on five
benchmark datasets: OTB100, UAV123, LaSOT, VOT2016, and VOT2018 demonstrate the superior
performance of our proposed method in comparison to several state-of-the-art approaches.

Keywords: visual object tracking; memory model; spatio-temporal constraint; region proposal

1. Introduction

Visual tracking is a crucial area within computer vision, focused on locating the
position of a given target throughout a video sequence. Visual tracking is essential across
various domains, including video surveillance, vehicle navigation, et al. Along with
the development of tracking methods such as discriminant correlation filter (DCF)-based
solutions [1,2] and convolution regression-based solutions [3,4], the trackers have achieved
satisfactory performance. However, most existing trackers work upon the assumption
of spatio-temporal continuity, assuming that the position of a target changes smoothly.
However, these trackers may perform poorly when the target is in abrupt motion, as shown
in Figure 1.
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ours SiamRPN SiamFC fDsst

Figure 1. Compared with fDsst [5], SiamFC [6], and SiamRPN [7], our tracking algorithms perform
favorably under abrupt motion.

When the tracking target is under the abrupt motion scenario, the spatio-temporal
constraint strategy founded on the smoothness of motion is broken. Thus, the probability of
the target occurring at each spot is not proportional to the distance of this spot from the tar-
get location in the previous frame. However, the conventional spatial-temporal constraints
tend to impose an incorrect penalty term on the target confidence value, making it difficult
for memory models to recover tracking. One intitutive solution to address this problem is to
reconfigure the spatio-temporal constraint strategy. For instance, Zhang et al. [8] introduce
a multi-object tracker leveraging spatio-temporal topological (STAT) constraints aimed at
addressing the aforementioned challenges. They developed the feature adaptive association
module (FAAM), which regionally associates motion with appearance, effectively merging
these features. Furthermore, Zhang et al. [9] employ a spatio-temporal relationship learning
module to extract relational features from historical trajectories, enabling the modeling
of object correlations and the dynamic construction of online group structures. Recently,
Xu et al. [10] proposed an online updating method that models appearance within an affine
subspace, facilitating joint discriminative learning, which enhances the discrimination and
interpretability of the filters.

An appropriate spatio-temporal constraint strategy can reduce the possibility of track-
ing failures occurring, but it may fail when dealing with the randomness of target position
variations due to the working principle, which is based on imposing penalty terms on the
response map to suppress the scores of similar objects. The randomness of target position
changes is enhanced in abrupt motion scenarios, so the candidate proposals generated
by traditional region proposal methods are difficult in terms of ensuring the coverage of
the target, which is the underlying reason for the reduced accuracy of the tracking results.
In order to ensure robust tracking results in complex motion scenarios, it is meaningful
to develop an effective region proposal method. With the advancement of deep learning,
region proposal networks (RPNs) [7] have been introduced to predict target boundaries
and scores. However, these methods often generate numerous low-quality region proposals
in challenging backgrounds, which hampers the tracker’s ability to quickly and accurately
capture the target.

Overall, significant efforts have been made to enhance tracking algorithm performance,
leading to the development of many high-performing methods. However, the algorithm
discussed still has several limitations: (1) The spatio-temporal constraint strategy may
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incorrectly suppress the true target response, especially when the assumption of motion
smoothness is not satisfied; (2) Many trackers struggle with target localization due to
ineffective region proposal methods, particularly when the target exhibits highly erratic
motion; (3) Current updating techniques face challenges in efficiently handling abrupt
motion, often due to inadequate training data and suboptimal loss functions.

In view of the tracking difficulty in complex motion scenarios, we devise a tracking
algorithm with three components: the question-guided interval spatio-temporal constraint
strategy, a region proposal method over the pixel-spatial hierarchy, and the discriminant
enhanced memory updater. Firstly, we propose a question-guided interval spatio-temporal
constraint strategy. Based on the consideration of tracking status and the degree of penalty
expansion, it enables the dynamic adjustment of the constraint weights during tracking.
Secondly, to guarantee the coverage of the target by candidate proposals in extreme motion
scenarios, we propose a region proposal method over the pixel-spatial hierarchy. By com-
bining visual common sense with reciprocal target-distractor information, it implements a
careful refinement of the primary proposals, guaranteeing the reliability of tracking results.
Moreover, we introduce a discriminative-enhanced memory updater designed to ensure
effective model adaptation. By employing a meticulously crafted Matthew effect loss
function [11] alongside a multi-peak evaluation strategy for historical frames, the updater
effectively addresses the imbalance between positive and negative samples. This enhances
the tracker’s robustness through efficient online fine-tuning.

Our main contributions can be summarized as follows:

• We propose a question-guided interval spatio-temporal constraint strategy to adjust
the penalty weight according to the tracking state. This constraint can eliminate
boundary discontinuity during correct tracking and avoid tracking drift by using
similar objects when tracking fails;

• We propose a region proposal method over the pixel-spatial hierarchy. This method
organically integrates visual common sense and reciprocal target-distractor informa-
tion to maximize the accuracy of region suggestions. In this way, abrupt motion issues
can be alleviated;

• We design a discriminant enhanced memory updater based on a multi-peak sample
evaluation strategy and a Matthew effect loss function. The proposed updater achieves
efficient model updating.

2. Related Work

In this section, we review the related work on the spatio-temporal constraints and
region proposal method and describe the updating mechanisms.

2.1. Spatio-Temporal Constraints

The spatio-temporal constraint strategy can suppress distractors based on relative
shifts in time and spatial location, which, in turn, prevents the loss of targets. Early MOSSE
and KCF methods [12,13] introduce the cosine window as a spatio-temporal constraint
to avoid boundary effects in the tracking process. In the subsequent tracking algorithm,
besides the cosine window, many different window functions were also introduced, such
as the rectangle window, Hamming window, and Blackman window. However, earlier
tracking algorithms performed poorly when faced with abrupt motion. One of the reasons
is that when the spatial-temporal continuity of the target is broken, the conventional
window function based on motion smoothness tends to impose an inappropriate penalty
term. Therefore, some tracking algorithms eliminate this incorrect weight by using a special
spatio-temporal constraint. Li et al. [14] introduced an innovative window function tailored
specifically for visual tracking, which adaptively mitigates variable noise by leveraging
similarity map observations. Furthermore, to address the detrimental impact of static spatio-
temporal constraints, other researchers have explored the removal of the window function
during tracking. This approach aims to better accommodate abrupt target movements.
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Li et al. [15] employed a spatial regularization technique to eliminate the cosine
window from the CF tracker and introduced both binary and Gaussian-shaped mask
functions to effectively address issues related to boundary discontinuities and sample
contamination. Despite these advancements, many spatio-temporal constraint methods fail
to adapt penalty weights to varying tracking conditions. The rigid penalization method
often encounters difficulties across various tracking scenarios, resulting in a discrepancy
between high confidence scores on response maps and the actual dependability of tracking
results. In order to address this issue, we introduce a new constraint strategy that adaptively
modifies penalty weights according to tracking conditions, thereby enhancing the reliability
of the response map.

2.2. Region Proposal Method

Efficient region proposal methods are crucial for the swift tracking of targets, as they
provide initial proposals for predicting the target’s subsequent locations. Although the
sliding window search method covers the target comprehensively, it imposes a substantial
computational load. In order to mitigate this, researchers have developed global search-
based trackers with region proposal networks (RPNs) [16,17] to enhance robustness in
tracking performance. Zhang et al. [18] proposed a cascaded RPN fusion framework featur-
ing two RPN blocks that process features from different layers. This method integrates the
results from both classification and regression tasks through weighted fusion to pinpoint
the target’s position accurately. Huang et al. [19] introduced a tracking method that relies
exclusively on global search, demonstrating robust performance in long-term tracking
benchmarks. Nonetheless, this approach faces challenges with short-term tracking, es-
pecially in scenes cluttered with numerous distracting objects. Song et al. [20] presented
DTNet, a novel framework that integrates object detection and tracking within an ensemble
system. DTNet employs hierarchical reinforcement learning to generate effective region
proposals. Additionally, Hui et al. [21] developed the template-bridged search region
interaction (TBSI) module, which uses templates to enhance interactions between RGB and
thermal infrared (TIR) search regions. This method improves the collection and distribution
of relevant objects and environmental context for tracking. However, the sliding win-
dow technique used here remains computationally demanding, making real-time tracking
challenging. In order to overcome these limitations, we propose a new region proposal
method that utilizes spatial-pixel information. This approach improves proposal accuracy
by leveraging detailed visual data, achieving effective target coverage with fewer proposals
and enhancing tracker robustness.

2.3. Trackers with Updater

The updater component facilitates dynamic model adjustments, allowing the tracker
to adapt to intricate motion scenarios. Efficient model updates enable the tracker to
adjust dynamically, ensuring effective performance in complex motion environments.
Dai et al. [22] introduced a novel meta-updater that integrates geometric and appearance
cues in sequence, optimizing update timing based on this combined information.

Liu et al. [23] proposed a template update strategy to improve tracking accuracy. In the
presence of background clutter, the original template is retained, and both the original and
updated templates are used at the location predicted by optical flow, with the more precise
template being selected.

Additionally, Dai et al. [22] developed an offline-trained meta-updater to tackle the
challenge of determining when to update the tracker in each frame. This meta-updater
uses a cascaded LSTM module to extract sequential data and is trained to produce a binary
signal to guide the update process, making it adaptable to various tracking systems.

Although these advanced update mechanisms enhance tracker robustness to some
extent, their effectiveness tends to decline over time due to the lack of a robust update
strategy and efficient hard negative sample mining. In order to address these issues, we
propose a Matthew effect loss function to balance positive and negative samples during
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updates, combined with a multi-peak sample evaluation strategy to identify hard negative
samples effectively, thus ensuring the reliability of model updates.

3. Proposed Method

In this work, we develop an adaptive tracker for abrupt motion. The network architec-
ture consists of three components: the question-guided interval spatio-temporal constraint
strategy, a region proposal method over the pixel-spatial hierarchy, and a discriminant
enhanced memory updater.

3.1. Overall Framework

The whole framework of our method is shown in Figure 2. Suppose the base tracker
has successfully tracked the target for t − 1 frames in the video sequence, and the tracking
result is unsatisfactory at frame t. We first activate the question-guided interval spatio-
temporal constraint strategy, which integrates the inflation rate of penalty weights and the
target loss time to assign appropriate penalty weights to the response map so as to ensure
the reliability of the confidence scores in abrupt motion scenarios. If the tracking results
are still unfavorable after adjusting the spatio-temporal constraint strategy, it is reasonable
to assume that this is caused by the absence of high-quality region proposals that could
cover the target even in a complex motion scenario. Therefore, the region proposal method
over the pixel-spatial hierarchy would be activated, which refines the initial proposals at
multiple levels by combining common sense and reciprocal target-distractor information to
generate region proposals adapted to complex motion scenarios. Specifically, the question-
guided interval spatio-temporal constraint strategy and the region proposal method over
the pixel-spatial hierarchy will be silent if the tracking is recovered, which ensures the
flexibility of the tracker and reduces the computational burden.

SiamRPN

REG

Raw

CLS

 Calibrated

CLS

Online 

optimizer

Fmax( ) > β

Fmax( ) > β

DE-Memory

DE-Memory
YES

NO

result by 
tracker

YES

NO result by  
proposal

result by global 
proposal

Proposals generated by target 
detection

QGS

COS

Switch spatio-temporal 
constraints

Traget in 

previous frame

Common sense 
information 

Spatial structural 
information of distractors

SIFT assessment

Figure 2. The proposed tracking framework. DE-memory represents the discriminant enhanced
memory model, QGS represents the question-guided interval spatio-temporal constraint, and COS
represents the cosine window. The bottom dotted box represents the region proposal method over
the pixel-spatial hierarchy that integrates common sense and target-distractor reciprocal information.

3.2. Question-Guided Interval Spatio-Temporal Constraint Strategy

Both the target and distractor are restricted to the one-shot learning modality and can
be assigned high confidence scores in the response map.

Therefore, it is worthwhile to suppress the response scores of distractors by assigning
penalty weights through a spatio-temporal constraint strategy [12,13]. However, if the
constraints are still implemented simply based on the motion smoothness assumption when
the target movement is highly unstable, it might bring a mismatch between the response
value and the true reliability. In order to address this issue, we propose the question-guided
interval spatio-temporal constraint strategy to accommodate tracking tasks in various
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scenarios. The dynamic constraint strategy enables the adaptive adjustment of the penalty
term in accordance with the target motion, thus ensuring robustness to multiple scenarios.

We designed the average expansion rate α and average expansion step γ to monitor
penalty weights in real time; the former measures the average increasing speed of penalty
weights from the start of losing a target to the current time step; the latter integrates the
average growth value in each time unit with its ratio compared to the form of the window
function penalty. The calculation formula is defined as follows:

α =
1
m

× ln

(
Pi
Pf

)
, (1)

γ = − 1
α
× ln

(
Pi
Po

)
, (2)

where m is the expansion time that is counted from losing a target, Pi represents the penalty
value of the current point in the previous frame, Pf is the maximum allowed to be reached,
and Po is the penalty value calculated based on the window function. With α and γ,
the penalty value Pnew

i can be calculated as follows:

Pnew
i = Po × e−α(t+γ). (3)

where t is counted from the beginning of the video sequence. The confidence score Snew
c is

defined as follows:
Snew

c = (1 − wc)× Sc + Pnew
i × wc. (4)

where wc is the hyperparameter, which is used to adjust the weight of the original response
score Sc with the specially designed penalty term Pnew

i .
With such careful design, our constraint strategy has the following attributes:

(1) It can consider both the tracking status and expansion rate, adjusting penalty weights
dynamically to maintain fitness between the response value and true confidence score.
(2) By calculating the expansion rate α and translation margin γ, we can monitor the appli-
cation of the interval spatial-temporal constraint strategy in real time, ensuring the penalty
term stays within a reasonable range. More details are shown in Figure 3.

c
S

o
P c

S new
result

No

Yes

Subsequent

frames Sc , Sc+1,
newpi

Prediction results of

subsequent frames

No

Yes

target object

Non target

object

Prediction 

bounding 

box

DE-

Memory
maxF ( ) > β

Question-guided interval spatio-temporal constraint strategy

X-frame

maxF ( ) > β
DE-

Memory

Figure 3. The question-guided interval spatio-temporal constraint strategy is continuously enabled
when the highest confidence score Fmax of all proposals is less than β, and it is dormant when Fmax is
greater than β. In order to avoid the adverse effects of the assumptions about motion smoothness
being broken, the penalty weights on the response map are not assigned depending on the distance
alone but integrate the expansion rate and the loss time of the target.

3.3. Region Proposal Method over the Pixel-Spatial Hierarchy

If the tracking results are still undesirable after the application of interval spatio-
temporal constraints, it is reasonable to suppose that the conventional region proposal
method is not sufficient for complex motion scenarios. On this basis, we propose the
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region proposal method over the pixel-spatial hierarchy, which refines the proposals by
fully mining the information in the video sequences. The generated region proposals can
guarantee the coverage of a target with drastic position changes, which further ensures the
robustness of the tracking results.

We took advantage of RefineDet [24] to perform a global search and revise the initial
output to accommodate the tracking task. The set of primary proposals can be expressed as

BRD
t = {(BΩ

t , Cb) | c∗t ≥ threshold, c∗t ∈ Cb}, (5)

where c∗t is the score of each proposal in a certain category. BΩ
t =

{
b1

t , b2
t , . . . , bk

t

}
denotes

the set of the top k proposals regarding the target category, and Cb is the set of the corre-
sponding scores. t represents the index of the frame. BRD

t means the set of region proposals
applied to the tracking task for subsequent processing.

Figure 4 illustrates the overview of the information-augmented region proposal ap-
proach. Our region proposal approach integrates common sense with reciprocal target-
distractor constraints; the former maintains immunity from the background, and the latter
enables the refinement of proposals with sift feature matching and distractor pairing in
adjacent frames. In this way, it is capable of addressing the drastic shifts of target motion in
complex tracking scenarios, ensuring robustness on the basis of maintaining the coverage
of the target.

Figure 4. Overview of information-augmented region proposal approach. Our network performs the
following two operations simultaneously: constrain the similarity of proposals to the distractor to
obtain the set BEA

t and restrict the sift feature match of proposals to the target to obtain the set BOF
t .

The intersection of these two sets is then performed to obtain the final set of regional proposals BF
t .

3.3.1. Refining Proposals with Common Sense

The refinement of proposals is restricted by the limited visual information within
a specific video sequence, meaning it is always hard to meet the accuracy requirements.
Therefore, it is significant to introduce more generalized common sense as additional
information in the tracking process. We found that the dimensional characteristics in
adjacent frames would hold some stability despite the target tending to change position
drastically in scenes of abrupt motion. Inspired by this idea, we constrain the aspect ratio
and size shift variation of proposals to a certain range. The formula is expressed as

r1
W∗

t−1
H∗

t−1
≤ Wi

t
Hi

t
≤ r2

W∗
t−1

H∗
t−1

, (6)

r1W∗
t−1H∗

t−1 ≤ Wi
t Hi

t ≤ r2W∗
t−1H∗

t−1, (7)

where the subscripts t − 1 and t denote the current frame and the previous frame, re-
spectively. W and H represent the width and height of proposal bi

t. r1 and r2 are the
hyperparameters that are used to constrain the dimensions to a reasonable boundary.
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The potential target proposals satisfying the dimensional constraints are formed into a
candidate set BO

t :

BO
t =

n⋃
i=1

{bi
t}. (8)

where bi
t is the region proposal that satisfies the scale constraints. Through such a simple

and portable design, we augment the visual information available in a specific video
sequence, providing additional metrics for proposal refinement.

3.3.2. Reciprocal Target-Distractor Constraints

During the tracking process, the distractor tends to share spatial information during
a period of time, and the intrinsic characteristics of the target would keep solidity to a
certain extent. Therefore, how to maximize the information embedded in the distractor
and target to refine the proposal is highly significant. On this basis, the reciprocal target-
distractor constraints method is proposed, which integrates the information in the target
and distractor to complement each other for the further refinement of the region proposal.
Our target-distractor constraints method could make the preliminary proposals adaptable
to tracking tasks in complex motion scenarios. The whole process contains two parts: the
spatial structural information of the distractor and SIFT assessment.

I. Spatial structural information of the distractor: By mining spatial information from
distracters and applying it as a criterion for assessing regional proposals, the inadequacy of
target characteristics can be alleviated. Our network would store the spatial information of
the distractor, measure the similarity between the distractor and the current candidate box,
and drop the proposals with an intersection ratio above the threshold in the candidate set.
The formula is expressed as

BEA
t = {(BO

t , si
t) | si

t ≤ threshold, si
t ∈ Sb}. (9)

where si
t represents the IoU score between the potential proposal and the distractor. The

proposals in BEA
t calculate the IoU score, with the distractor extracted from previous frames

one by one, and the proposals with a greater score than the set threshold are rejected.
II. SIFT assessment Under specific tracking challenges (e.g., camera switching and

focal length shifts), the dimensional continuity regarding distractors may be compromised.
In order to doubly guarantee the reliability of the regional proposals, we took advantage of
SIFT [25] as a complement assessment. The formula can be expressed as

Rt−1 = {r1, r2, . . . , r128}, (10)

Gt = {g1, g2, . . . , g128}, (11)

d(Rt−1, Gt) =

√√√√128

∑
j=1

(
rj − gj

)2, (12)

d f irst

dsecond
< Threshold. (13)

where Rt−1 and Gt are the 128-dimensional vector representations of a sift feature point of
the last frame and the current frame, respectively. d f irst denotes the nearest point of Rt−1 in
the current frame, and dsecond means the next closest point of Rt−1. By restricting the ratio
of the distance between the closet neighbor and the second-closest neighbor, we can obtain
the candidate proposal set BOF

t .
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In order to avoid the prejudice associated with relying on one criterion alone, BEA
t and

BOF
t are integrated into the final region proposals set BF

t by performing OR operations:

BF
t =

{
BEA

t ∪ BOF
t

}
. (14)

Finally, the global region proposals will be fed to the discriminant enhanced memory
model one by one for assessment.

3.4. Discriminant Enhanced Memory Updater

Given the inherent uncertainty of target motion during practical tracking, it is essen-
tial to evaluate the tracking state accurately and update the model effectively. In order
to address this challenge, we introduce a Matthew effect loss function combined with a
multi-peak sample evaluation method to manage the imbalance between positive and
negative samples in training. This loss function focuses on difficult negative samples by
redistributing loss, and the evaluation method expands the negative sample set by identi-
fying high-interference objects throughout the video sequence. This strategy ensures that
our memory updater remains robust and addresses sample imbalance efficiently without
excessive computational costs.

The network structure of the discriminant enhanced memory updater is presented
in Figure 5. We took advantage of the light structure of MDNet [26] as an online memory
network and changed the fc6 layer in MDNet to a score-evaluation layer.

bt  ct
1 *

2bt  ct
*

Nbt  ct
*

result

Memory

train
* ct > β

*Fmax(ct) 

Figure 5. The network architecture of the discriminant enhanced memory updater. The memory
updater evaluates all candidate proposals, bt

i , one by one, and c∗t is the score of each proposal
evaluated. If the highest score is greater than the set threshold, the current tracking strategy will be
considered for adaptation to the target’s motion. Otherwise, the spatio-temporal constraint strategy
and region proposal method over the pixel-spatial hierarchy will be gradually activated.

3.4.1. Matthew Effect Loss

We introduce a Matthew effect loss function aimed at optimizing the training process
of the memory updater by addressing the imbalance between positive and negative samples.
Unlike conventional loss functions, such as BCE loss and L2 loss, which uniformly apply
loss calculations to all samples, the Matthew effect loss function is specifically designed
to reduce the influence of easy samples in the background while compelling the memory
model to concentrate on challenging negative samples. The proposed Matthew effect loss
is expressed as follows:

LM =

{
−(1 − Sd)

min(r(t),rmax) log(Sd), if S = 1
−Smin(r(t),rmax)

d log(1 − Sd), otherwise
(15)

where S ∈ {0, 1} represents the true class label, while Sd denotes the predicted output of
the memory model for the corresponding class S, ranging from either 0 or 1. The epoch
index is denoted by t, and the function r(t) = r0 + σt increases over time, where r0 is the
initial focusing factor and σ represents the rate of increment. rmax serves as the upper limit
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for the focusing factor. As t grows, r(t) escalates, leading to a reduction in losses associated
with easy examples, thereby diminishing their influence on the online learning process.
Essentially, the Matthew effect loss intrinsically reduces the contribution of easy examples
over time, directing focus towards harder negative samples as training progresses.

We conducted training on the memory updater using both BCE loss and the Matthew
effect loss separately and subsequently analyzed the impact of each loss function on the
performance of the memory model. During the video sequence with occlusion, BCE loss is
accompanied by large fluctuations, while the Matthew effect loss function maintain stability
in the face of a challenge, as shown in Figure 6.
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Figure 6. The results of quality assessment after the online fine-tuning of the memory module using
BCE loss and Matthew effect loss. The horizontal axis represents the frames of the video, and each
frame feeds the bounding box of the target into the memory model. The vertical axis represents the
quality assessment score of the memory model for the target.

3.4.2. Multi-Peak Sample Evaluation

The response map contains several high-scoring points after the basic calculation,
which can be denoted as multiple peaks.These multiple peaks represent objects with high
interference that may lead to tracking drift on the one hand but also negative samples with
considerable training value on the other hand. Based on the idea of making full use of
highly interfering objects, we propose the multi-peak sample evaluation strategy. Instead of
relying entirely on random sampling to collect training data, the hard-negative sample pool
is expanded by selecting samples with high response values from the previous framework.
The formula can be expressed as

N := {∀ni ∈ N, F(ni) > h ∩ ni ̸= zt, } (16)

where F() represents the discriminant enhanced memory model, ni denotes the proposals
that do not belong to the response peak. h is the predefined threshold, zt is the selected
target in frame t, and N is the set of proposals corresponding to the peak. Specifically,
the multi-peak sample evaluation strategy will be silent before the basic tracker fails; thus,
it would not increase the computational burden for online applications.

4. Experiment

In this section, we evaluate our tracker’s performance on several benchmark datasets
and compare it against leading tracking algorithms. We also perform ablation studies to
examine the impact of each model component on its overall performance.

4.1. Datasets and Implementation Details

Our tracker SiamIPA was evaluated on five datasets: OTB-100 [27], UAV123 [28],
LaSOT [29], VOT2016 [30], and VOT2018 [31]. The experiment was conducted on a PC with
Intel (R) Core (TM) i7-9700K CPU 3.60GHZ and NVIDIA Quadro RTX 4000.
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We evaluated performance by using public metrics on the benchmark datasets. For the
OTB-100 and LaSOT datasets, we applied one-pass evaluation (OPE) metrics, focusing on
precision and success rates. This method involves tracking throughout the entire video
sequence based solely on information from the initial frame. Precision is determined by
the proportion of frames where the tracked location is within a specified distance from the
ground truth, while the success rate measures the overlap between the predicted and actual
bounding boxes. In assessing the UAV123 dataset, we use the average ratio of errors (AREs)
and average overlap ratio (AOR). ARE quantifies tracking accuracy by calculating the ratio
of error between the estimated and true positions, whereas AOR evaluates the overlap
between the estimated and actual bounding boxes. In order to compare tracker performance
more generally, we employed the distance precision (DP) score with a 20-pixel threshold.
For the VOT2016 and VOT2018 datasets, we analyzed performance based on accuracy,
robustness, and expected average overlap (EAO). Accuracy indicates the average overlap
during successful tracking, while EAO offers a holistic measure of tracker performance.
Robustness is assessed by the stability of the tracker, with lower values indicating fewer
tracking failures.

4.2. Comparison with the State-of-the-Art Method

We compare our tracking algorithm with other state-of-the-art methods on five publicly
available datasets.

4.2.1. Result on OTB-100

The OTB-100 dataset consists of 100 sequences from widely used tracking bench-
marks and covers 11 distinct challenging factors, including illumination, scale, occlusion,
deformation, motion blur, fast movement, in-plane, and out-of-plane rotation, among other dif-
ficulties. The evaluation was conducted using two metrics: center location error and
bounding box overlap ratio. Our algorithm was compared with nine representative track-
ers, including DaSiamRPN [32], ECO [33], GradNet [34], DeepSRDCF [35], SiamRPN [7],
SiamDW [36], CFNet [37], SiamFC [6], and fDSST [5]. Figure 7 shows that our method sur-
passes correlation filter-based trackers, such as ECO, DeepSRDCF, and fDSST, in tracking
performance. Moreover, it achieves the highest SUC score among Siamese network-based
trackers, demonstrating superior robustness in handling abrupt target motion.

Figure 7. Comparison of the experimental results in terms of success and precision plots using the
OTB-100 dataset.

4.2.2. Result on UAV123

The UAV123 dataset, which includes 123 videos recorded by a low-altitude drone, is
notable for its frequent viewpoint variations. In Table 1, we assess our algorithm using the
same evaluation metrics as the OTB-100 dataset. Our results were compared with several
other tracking algorithms, including SiamCAR, SiamRPN++, DaSiamRPN, SiamRPN, ECO,
SiamFC, DeepSRDCF, Staple, and MEEM. As indicated in Table 1, our method achieves the
highest rankings in both ARE and AOR metrics. These results demonstrate that our tracker
effectively addresses challenges related to target deformation and occlusion.
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Table 1. Comparison of the results of the state-of-the-art trackers in UAV123. The best, second-best,
and third-best values are highlighted in red, blue, and green.

Tracker ARE AOR

SiamCAR [4] 0.760 0.614
SiamRPN++ [38] 0.752 0.610
DaSiamRPN [32] 0.724 0.569
SiamRPN [7] 0.710 0.577
ECO [33] 0.688 0.525
SiamFC [6] 0.648 0.485
DeepSRDCF [35] 0.627 0.463
Staple [39] 0.614 0.450
MEEM [40] 0.570 0.412
SiamIPA (Ours) 0.815 0.620

4.2.3. Results When Using LaSOT

The LaSOT benchmark comprises 280 videos in the test set, covering 70 tracking
categories, with an average of approximately 2500 frames per video. As a recent long-
term dataset with high-quality annotations, it demands effective online model adaptation.
Figure 8 illustrates the success and precision plots for our proposed framework along-
side other leading trackers, such as SiamCAR, SiamBAN [41], SiamRPN++ [38], MDNet,
SiamFC, DSiam [42], Staple [39], and KCF [13]. Our tracker achieves an SUC score of 0.511,
surpassing the score of 0.495 for SiamRPN++. Compared to SiamFC, our tracker shows
significant improvement, with an increase of 0.336 points for the SUC score, yielding a
comparable performance to the SOTA SiamCAR. For accuracy, our tracker scores 0.509,
markedly better than the 0.373 score of MDNet.

Figure 8. Comparison of the experimental results in terms of success and precision plots when using
the LaSOT dataset.

4.2.4. Results When Using VOT2016

VOT2016 includes 60 video sequences and employs a range of metrics to assess track-
ing performance, including expected average overlap (EAO), accuracy, and robustness,
which measure overall accuracy and the frequency of tracking failures per frame. The chal-
lenge protocol requires re-initializing the target each time tracking fails, and it reports both
accuracy (assessed through bounding box overlap) and robustness (determined by the
number of failures). Table 2 shows a comparison of our method with C-COT, ECO-HC,
Staple, EBT, MDNet, SiamRN, SiamAN, and SiamRPN. Our approach outperforms these
methods in all evaluated metrics: EAO, accuracy, and robustness, which demonstrate its
effectiveness in maintaining stability and achieving high overlap with ground truth.
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Table 2. Comparison of the results of the state-of-the-art trackers when using VOT2016. The best,
second-best, and third-best values are highlighted in red, blue, and green.

Tracker EAO Accuracy Robustness

SiamRPN [7] 0.344 0.56 1.08
C-COT [43] 0.331 0.53 0.85
ECO-HC [33] 0.322 0.53 1.08
Staple [39] 0.295 0.54 1.35
EBT [44] 0.291 0.47 0.9
MDNet [26] 0.257 0.54 1.2
SiamRN [45] 0.277 0.55 1.37
SiamAN [31] 0.235 0.53 1.65
SiamIPA (Ours) 0.407 0.619 0.228

4.2.5. Results When Using VOT2018

In order to assess the performance of our proposed algorithm, we conducted experi-
ments using the VOT2018 dataset and benchmarked our tracker against several established
methods, including C-COT, UpdateNet, SiamFC, Staple, DAT, SiamLM, MEEM, and KCF,
as summarized in Table 3. The comparison of the results demonstrates that our method
surpasses the others, achieving the highest EAO score of 0.309 and an accuracy score of
0.578. Conversely, SiamLM achieved the highest robustness score of 0.297.

Overall, our method achieves superior performance by taking advantage of spatio-
temporal constraints and pixel-spatial hierarchy proposals.

Table 3. Details about the state-of-the-art trackers when using VOT2018. The best, second-best, and
third-best values are highlighted in red, blue, and green.

Tracker EAO Accuracy Robustness

C-COT [43] 0.267 0.494 0.318
DAT [46] 0.144 0.435 0.721
UpdateNet [47] 0.244 0.519 0.454
Staple [39] 0.169 0.530 0.688
SiamFC [6] 0.187 0.503 0.585
SiamLM [31] 0.230 0.50 0.297
MEEM [48] 0.193 0.463 0.534
KCF [13] 0.134 0.447 0.773
SiamIPA (Ours) 0.309 0.578 0.314

4.3. Ablation Study

In this section, we perform an ablation study to assess the effects of the discriminant-
enhanced memory model, the question-guided interval spatio-temporal constraint ap-
proach, and the pixel-spatial hierarchy proposals. In order to illustrate the impact of these
components, we evaluated our algorithm using the OTB100 dataset and a one-pass evalua-
tion method. The outcomes, which include detection precision (DP) and overlap precision
(OP), are detailed in Table 4. In concrete, ‘Siambase’ refers to the basic tracker utilized in our
model. ‘SiamM’ represents the tracker enhanced with the discriminant memory updater.
‘SiamMQ’ indicates the tracker incorporating both the discriminant memory updater and
the question-guided interval spatio-temporal constraint strategy. Finally, ‘SiamIPA’ denotes
the tracker that integrates all three components.

Table 4 demonstrates that the performance metrics (DP and OP) improve progressively
as each of the three additional components is integrated into the base tracker. In order
to provide a clearer understanding of how the tracker performs under various challenging
conditions, Figure 9 illustrates the tracking performance under out-of-view scenarios, out-
of-plane rotations, motion blur, background clutter, illumination changes, rapid movements,
scale variations, and occlusion cases. We can see that our method behaves well under
different scenarios.
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Table 4. Ablation studies when using the OTB100 dataset. The best, second-best, and third-best
values are highlighted in red, blue, and green.

Attributes DP OP

Siambase 0.847 0.629
SiamM 0.872 0.662
SiamMQ 0.883 0.672
SiamIPA (Ours) 0.914 0.700

Figure 9. Comparison of experiments in terms of precision plots and success plots for challenging
attributes, including out of view, out-of-plane rotation, motion blur, background clutters, illumination
variation, fast motion, scale variation, and occlusion.

4.4. Limitation and Future Work

Considering the importance of feature representation for target appearance, we would
employ a more powerful pretrained backbone to replace VGGnet in the future, such as a
transformer-based backbone (e.g., ViT [49]) to enhance the feature representation ability.

Moreover, the proposed model is built upon the Siamese network and runs on the
NVIDIA RTX 4000. In order to adapt the proposed model for more general and lower-
performance hardware, we exploited applying some lightweight strategies, such as knowl-
edge distillation or binary quantization.

5. Conclusions

This paper proposes a novel tracking method based on the interval spatio-temporal
constraints and pixel-spatial hierarchy proposals for abrupt motion tracking. The question-
guided interval spatio-temporal constraint strategy could assign penalty weights based on
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the expansion rate and the target loss time, ensuring the match between the response score
and true confidence level in abrupt motion scenarios. Then, the pixel-spatial hierarchy
region proposal method integrates the information of visual common sense and reciprocal
target-distractor information, maximizing the visual information to achieve the elaborate
refinement of the region proposal. On this basis, our region proposal method can guarantee
the coverage of a target with a limited number of high-quality candidate proposals, even
when the motion of a target is highly unstable. Extensive experiments across various
benchmark datasets demonstrate that our proposed tracker outperforms existing state-of-
the-art methods.
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