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Spatial-Temporal Regularized Multi-Modality Correlation
Filters for Tracking with Re-detection

XIANGYUAN LAN, Department of Computer Science, Hong Kong Baptist University, China

ZIFEI YANG, School of Control Science and Engineering, Shandong University, China

WEI ZHANG, School of Control Science and Engineering, Shandong University, China

PONG C. YUEN*, Department of Computer Science, Hong Kong Baptist University, China

The development of multi-spectrum image sensing technology has brought great interest in exploiting
the information of multiple modalities (e.g. RGB and infrared modalities) for solving computer
vision problems. In this paper, we investigate how to exploit information from RGB and infrared
modalities to address two important issues in visual tracking: robustness and object re-detection.
Although various algorithms which attempt to exploit multi-modality information in appearance
modeling have been developed, they still face challenges which mainly come from the following
aspect: 1) the lack of robustness to deal with large appearance changes and dynamic background,
2) failure in re-capture the object when tracking loss happens, and 3) difficulty in determining
the reliability of different modalities. To address these issues and perform effective integration of
multiple modalities, we propose a new tracking-by-detection algorithm called Adaptive Spatial-
Temporal Regulated Multi-Modality Correlation Filter. Particularly, an adaptive spatial-temporal
regularization is imposed into the correlation filter framework in which the spatial regularization can
help to suppress effect from the cluttered background while the temporal regularization enables the
adaptive incorporation of historical appearance cues to deal with appearance changes. In addition,
a dynamic modality weight learning algorithm is integrated into the correlation filter training which
ensures that more reliable modalities gain more importance in target tracking. Experimental results
demonstrate the effectiveness of the proposed method.

CCS Concepts: • Computer vision → Activity recognition and understanding; Tracking.

Additional Key Words and Phrases: multi-modality fusion, tracking, behavior understanding

ACM Reference Format:
Xiangyuan Lan, Zifei Yang, Wei Zhang, and Pong C. Yuen. 2021. Spatial-Temporal Regularized
Multi-Modality Correlation Filters for Tracking with Re-detection. 1, 1 (February 2021), 17 pages.
https://doi.org/10.1145/nnnnnnn.nnnnnnn

*Corresponding author. This project is supported by the National Natural Science Foundation of China

under Grant 61991411, the Hong Kong Research Grant Council GRF project RGC/HKBU12254316, and
Hong Kong Baptist University Tier 1 Grant.

Authors’ addresses: Xiangyuan Lan, Department of Computer Science, Hong Kong Baptist University,
Hong Kong, China, xiangyuanlan@life.hkbu.edu.hk; Zifei Yang, School of Control Science and Engineering,
Shandong University, Jinan 250061, China, yang zifei@foxmail.com; Wei Zhang, School of Control Science and
Engineering, Shandong University, Jinan 250061, China, davidzhang@sdu.edu.cn; Pong C. Yuen, Department

of Computer Science, Hong Kong Baptist University, Hong Kong, China, pcyuen@comp.hkbu.edu.hk.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted

without fee provided that copies are not made or distributed for profit or commercial advantage and that

copies bear this notice and the full citation on the first page. Copyrights for components of this work
owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise,

or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee.

Request permissions from permissions@acm.org.

© 2020 Association for Computing Machinery.
XXXX-XXXX/2021/2-ART $15.00
https://doi.org/10.1145/nnnnnnn.nnnnnnn

, Vol. 1, No. 1, Article . Publication date: February 2021.

https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn


2 Lan et al.

1 INTRODUCTION

One important task in video-based motion perception is to conduct tracking for objects of
interest. Although extensive study has been made in visual tracking, which lead to significant
research progress in recent years [15, 17, 21–23, 26–29, 43, 45, 46, 50, 51, 53, 58–62, 62], it
still remains challenging due to the complex appearance variations and cluttered background
such as occlusion, illumination changes, dim environment and so on. Therefore, one key
issue in tracking is how to develop a robust appearance model for visual tracking, and many
kinds of appearance models have been developed for tracking [34, 44]. However, most of
these appearance models are built based on information RGB modality, which may not be
effective under some scenarios when RGB modality is not reliable. For example, the tracked
target in the RGB image is indistinguishable in an extremely dim environment, which makes
it impossible to extract reliable features from RGB-modalities for appearance modeling.
With the rapid development of multispectrum imaging technology, images or videos of

the non-visible spectrum (e.g. thermal infrared images) can be captured more effectively. In
addition, with the increasingly reduced cost of multispectrum sensors, more and more multi-
spectrum camera systems have been deployed [14, 52, 54]. As one type of the multispectrum
cameras, visible-infrared camera systems have been widely equipped with many kinds of
vision systems, such as video surveillance, robotic systems. In a visible-infrared camera pair,
the RGB spectrum camera forms an RGB image using visible light, while the infrared camera
produces images using infrared radiation emitted from the subjects of a certain temperature.
Since the forming procedure of infrared images/videos is less sensitive to lighting conditions
than the visible camera, the information from infrared images is more reliable than RGB
modality under some scenarios such as poor lighting and weather conditions. Therefore,
infrared modality can be exploited as an additively informative cue for robust appearance
modeling. On the other hand, infrared modality is not always reliable. For example, when the
tracked target has similar temperature with the surrounding background/object (thermal
cross-over), the RGB modality is more effective than the infrared one. Therefore, to construct
a robust appearance model, it is beneficial to integrate both the RGB and infrared modalities
for visual tracking.
In addition, under some scenarios such as full occlusion in a long period of time or

leaving the camera view, the tracker may lose track of the target. To deal with such kind
of issue, an object re-detector which can detect the object after tracking loss is necessary.
Although several re-detection based tracking algorithms have been proposed (e.g. [20, 41]),
the detectors used in these algorithms are based on RGB modality, which may not be
effective in some cases. For example, when the lost target re-appears in a region with poor
lighting conditions, the detectors trained on RGB modality may not be applicable. Based
on the analysis on the benefit of the integration of RGB-infrared modalities in dealing
with appearance variation, to train an effective object re-detection, the combination of
RGB-infrared modalities for object re-detector learning are necessary.
Although various tracking algorithms have been exploited to integrate both the RGB

and infrared modalities for appearance modeling, they may not be able to deal with the
robustness issue in appearance modeling. To handle the outliers caused by large appearance
variations, some outlier insensitivity model such as sparse and low-rank representation is
exploited to separate the outliers [25, 32, 37]. However, as generative methods, these methods
do not consider the background information, which may suffer the loss of discriminability
and cannot deal with cluttered backgrounds. Although some heuristic techniques such as
the discriminative likelihood function used in the method [32] are employed to incorporate

, Vol. 1, No. 1, Article . Publication date: February 2021.



Spatial-Temporal Regularized Multi-Modality Correlation Filters for Tracking with Re-detection3

the background information to infer the target position, the modal discriminability is not
determined optimally. Some methods exploit some feature fusion algorithms (e.g. sum
rule [31]) to combine multiple modalities for appearance modeling. However, the modality
importance weight is not determined adaptively, and thus the performance may be degraded
by the unreliable modalities. Furthermore, all these methods do not consider the object
re-detection issue when tracking loss happens.
Recently, correlation filters have been introduced into visual tracking and promising

tracking performance has been achieved [3, 9, 16–18]. For these correlation-filter based
methods, the dense sampling can be performed efficiently by constructing a circulant matrix,
in which each row represents a circular shift of a base sample. In addition, to model
the spatial relationship of these dense samples, instead of using binary hard labels (±1),
the Gaussian-weighted labels are incorporated as soft labels, which further alleviates the
sample ambiguity issue which exists in many discriminative tracking methods [2, 13]. By
exploiting the characteristics of the circular matrix, the learning of the correlation filter and
the correlation-based detection can be conducted in the frequency domain with only one
base sample, which significantly improves the computational efficiency. However, existing
correlation filters are only exploited in the tracking tasks of RGB videos, and they do not
explicitly consider the problem of tracking using multiple modalities. Besides, the boundary
effect, which may degrade the detection accuracy, would limit their searching area and thus
they may not be able to be applied for some tasks which require large searching area such
as object re-detection, fast motion tracking.

To overcome the aforementioned issues, we propose a new kind of correlation filters that
exploit RGB-infrared modalities for tracking with re-detection. The proposed correlation
filters aim to integrate the correlation output from the complementary RGB-infrared modal-
ities, to enhances the robustness to large appearance changes and facilitates the efficient
target/background discrimination based on circular shift operation. An adaptive temporal
and spatial regularization is imposed into the correlation filter model, in which the spatial
regularization can help to suppress effect from the cluttered background while the temporal
regularization enables the adaptive incorporation of historical appearance cues to deal with
appearance changes. By suppressing the background effect using the spatial regularization,
the searching region can also be enlarged which facilitates the task of object re-detection.
In addition, a modality importance weighting scheme is incorporated into the correlation
filter model, which guarantees that the positive contribution of reliable modalities is fur-
ther enhanced while the negative effect of unreliable modalities is suppressed during the
stage of filter learning. An iterative optimization procedure is derived to learn the adaptive
spatial-temporal regularized multi-modality correlation filters. To deal with tracking loss or
inaccuracy, a re-detection component is incorporated in the correlation filter-based tracking
framework.

It should be noted that several correlation filters have been designed to combine different
feature channels for tracking and detection. In [17, 48], a multi-kernel correlation filter is
proposed to combine multiple kernels of multiple features for tracking. A multiple channel
correlation filter is proposed in [11] to fuse multiple feature descriptors for the task of detection
(e.g. landmarks, cars, and eyes). All these algorithms are developed for single-modality
tracking and detection. Our proposed correlation filters are designed for multi-modality
tracking with a modality importance weighting scheme. Our proposed correlation filters are
also different from the recently developed spatially and temporally regularized correlation
filters [33] which focuses on tracking on a single modality. The temporal regularization in
the proposed model can be adaptively adjusted to select the historical appearance cue based
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on all previous video frames while the method in [33] only exploit the historical appearance
cue from last frame.

In summary, the contributions of this work are listed as follows:

∙ We propose the multi-modality correlation filter to integrate information from RGB-
infrared modalities for object tracking. The proposed model can integrate the correlation
output of different modalities to determine the target position. To the best knowledge,
this is the work among the first to exploit multi-modality correlation filters to address
the issues in RGB-infrared object tracking.
∙ We design the adaptive spatial-temporal regularization to guide the correlation filter
learning. The spatial regularization can suppress the effect from the cluttered back-
ground which can enlarge the search region and facilitate the task of object re-detection,
while the temporal regularization can incorporate the informative historical appearance
model for correlation filter learning.
∙ An re-detection component is designed and incorporated into the tracking framework
for addressing the issues of inaccuracy and tracking loss.
∙ An iterative optimization algorithm is derived to learn the correlation filter.

The remainder of the paper is organized as follows. Section 2 reviews some related works
on RGB-Infrared object tracking and some tracking-by-detection approaches. Section 3
presents our proposed tracking models as well as the corresponding learning algorithm.
Section 3.3 describes the implementation details. Experimental analysis and conclusion are
provided in Sections 4.2 and 5, respectively.

2 RELATED WORK

Our research focus of this work is on how to perform robust discriminative multi-modality
tracking. Therefore, this section first reviews some related works in RGB-infrared tracking,
and then some discriminative trackers and some methods with object re-detectors which are
related to our proposed tracking system are discussed.

2.1 RGB-infrared Tracking

In [5], to perform moving object segmentation, a level set-based method is designed to combine
RGB-infrared modalities. In [5], the results of multiple spatiogram trackers corresponding to
RGB and infrared modalities are fused to infer the target location. A background subtraction-
based tracking algorithm is developed [31], in which an aggregation scheme with probabilistic
background model is designed to fuse confidence maps of RGB and infrared modalities. In [49],
a feature concatenation-based sparse representation model is exploited for multi-modality
appearance representation. In [32], a joint sparsity regularization is imposed to exploit the
correlation of multiple modalities for appearance modeling. To select the particle candidate
with the highest similarity with the target template of RGB-infrared modalities, the ℓ1,2
norm is incorporated in the least square model [37]. In [24], a robust collaborative model is
designed to combine decision results of discriminant models of RGB-infrared modalities for
tracking. To exploit the correlation among multiple modalities, nuclear norm regularized
sparse representation model is utilized for appearance modeling with multiple modalities.
However, all these algorithms do not consider the object re-detection issue after the tracking
loss happens.
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2.2 Tracking-by-detection Approaches

Tracking-by-detection approaches formulate tracking as a detection problem and aim to
distinguish the target from the background using detectors/classifiers. An SVM-based
tracker that utilizes optical flow is proposed in [1]. An online boosting tracking method
that adaptively selects discriminative features for appearance modeling is developed in [12].
To deal with the label ambiguity issue, a semi-supervised-based boosting algorithm is
proposed in which the sample in the first frame is regarded as labeled data and the ones
in the remaining frames are left as unlabeled data. An online multiple-instance boosting
algorithm is designed for handling the ambiguities of object locations in tracking [2] in
which model updating is performed by utilizing bags of samples. In [57], a data-independent
sparse random measurement matrix is utilized to extract low dimensional features for Naive
Bayes classifier-based tracker. A structure output SVM-based model which incorporates
the structural constraint for the tracking samples, is introduced for tracking to deal with
the issues of mislabeled samples. An entropy minimization-based multiple expert tracking
model is introduced to handle the model drift problem in online tracking. Correlation
filter-based tracking methods have received great research interest in recent years because
of their robustness and efficiency. Bolme et al. proposed an adaptive correlation filter by
minimizing the output sum of squared error [3]. In [16], the circulant structure of the kernel
features matrix based on intensity features is introduced as a way of dense sampling for
efficient tracking, and the multiple kernel version with HOG features are presented in [17].
In [9], the adaptive color attributes are incorporated into the multiple channel correlation
filter to improve the tracking efficiency. A random fern classifier is introduced into the
correlation filter-based tracking framework for object re-detection to deal with the tracking
loss issue. To overcome the tracking drift problem, a biology-inspired framework which
collaboratively maintains the long term and short term memory of tracking samples is
designed in [18]. To enhance the robustness to local appearance changes (e.g. deformation,
partial occlusion), several local correlation filter-based tracking algorithms are designed for
local appearance modeling. The correlation results of local parts are integrated for target
position estimation [39]. The correlation filters proposed in [38] exploits the shared and
specific characteristic of local parts for distinguishing the local parts of the tracked object
from the background. To exploit the feature hierarchy of deep neural networks, several
deep feature channel-based correlation filters are proposed to capture different aspects
of target appearance [40, 43]. To enhance the effectiveness of convolutional/correlation
operation, several techniques are developed such as spatial regularization [7], temporal
regularization [33], factorized convolution operator [6], continuous correlation [10].

2.3 Object Re-detection in Tracking

Some methods [18–20, 30, 41, 47] have been proposed in the past few years for the task of
object re-detection in tracking. These methods mainly follow tracking-by-detection and/or
tracking-learning-detection approaches. The objective is to train and update a detector
based on an initial object location (bounding box) and previously tracked/detected object
samples. Since the localization of bounding boxes of the tracked object may not be accurate,
current research efforts focus on selecting accurate and reliable samples for detector updating.
Kalal et al. [20] combined the benefits of tracking and detection so that the tracker with
P/N-experts provides reliable results to update the detector. In [30], an online learned
pose manifold was utilized to identify tracking failures and re-detect the tracked objects.
To enhance the stability of short-term correlation filter-based trackers, Hong et al. [18]
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and Ma et al. [41] incorporated a key point-based detector and a random fern for tracking
failure recovery, respectively. In [47], reliable frames are selected to update the SVM-based
detector. Hua et al. [19] exploited the motion cue to predict the state of the object, i.e.
no change, viewpoint change, occlusion so that the detector could be updated, re-trained,
or unchanged adaptively. However, compared with correlation filter-based re-detectors, all
these re-detectors used in the aforementioned methods cannot exploit the dense sampling in
detection, which may lead to inaccurate and inefficient re-detection results.

3 PROPOSED METHODS

This section gives details of the proposed algorithm. We first present the model of the
multi-modality correlation filters with adaptive spatial and temporal regularization which
includes the formulation and derivation of the optimization algorithm, and then present the
tracking modules based on the proposed correlation filter.

3.1 Spatially and Temporally Regularized Multi-modality Correlation Filter

Let 𝑤𝑚 denote the correlation filter for the 𝑚-th modality, 𝑥𝑚 denote the training sample
for the correlation filter learning in the current frame, 𝑋𝑚 is the circulant matrix in which
the first row is the base sample 𝑥𝑚. Then one objective of our proposed method is to jointly
learn the multi-modal correlation filters, which can be achieved by solving the following
problems:

min
{𝑤𝑚}

𝑀∑︁
𝑚=1

(︀
‖𝑙𝑚 −𝑋𝑚𝑤𝑚‖22 + 𝜆1‖𝑤𝑚‖22

)︀
(1)

where 𝑙𝑚 is the vectorization of a 2D Gaussian of small variance as the way shown in [3]
and the Gaussian peak corresponds to the target label of the base sample in the circulant
matrix, and 𝜆1 controls the tradeoff between the regression error and the regularization. We
can see that Problem (1) aims to minimize the sum of the linear regression loss of multiple
correlation filters corresponding to different modalities.

Different from the techniques for learning other linear models for classification or regression
such as a support vector machine, the correlation filter can be trained and used for detection
efficiently by utilizing the characteristic of circular correlation. During the training stage, the
training samples can be generated by the circular shift of the based sample, which can be
regarded as a way of dense sampling. However, this would inevitably introduce the issue of
unwanted boundary effects. This issue would become more severe if the region or correlation
operation is required to be enlarged under some scenarios such as fast motion, re-detection,
which also introduce more cluttered background patches into the appearance model. To
suppress the effect, following the idea in [7], we introduce the spatial regularization into the
correlation filter learning model:

min
{𝑤𝑚}

𝑀∑︁
𝑚=1

(︀
‖𝑙𝑚 −𝑋𝑚𝑤𝑚‖22 + 𝜆1‖𝑠𝑚 ∘ 𝑤𝑚‖22

)︀
(2)

where 𝑠𝑚 is the vectorization of a 2D weighted matrix in which the value of weight coefficients
increase from the target center to the target boundary smoothly, and ∘ is the operation of
Hadamard product. This is because the region near the center of the target is more reliable
for appearance modeling, and the region near the target center should contribute more in
foreground/background discrimination.
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Since the appearance variation would be continuously encountered during the tracking
procedure, using tracking samples in the current frame may not be sufficient to construct a
robust appearance model. Therefore, more training samples from historical video frames
should be used in the correlation filter learning. To this end, a straightforward way can be
formulated as follows:

min
{𝑤𝑚,𝑎𝑡}

𝑇∑︁
𝑡=1

𝑎𝑡
𝑀∑︁

𝑚=1

(︀
‖𝑙𝑚 −𝑋𝑚

𝑡 𝑤𝑚‖22 + 𝜆1‖𝑠𝑚 ∘ 𝑤𝑚‖22
)︀

(3)

where 𝑋𝑚
𝑡 denotes the circulant matrix of the base sample of the 𝑚-th modality in the

𝑡-th frame, and 𝑎𝑡 is sample weight which helps to reduce the effect from the contaminated
samples [8]. However, such formulation may result in an inefficient training of the correlation
filter. In addition, the uncertainty of appearance variation makes it difficult to determine
the sample important weight. As such, in our proposed method, we design the temporal
regularization which can efficiently and adaptively incorporate the historical appearance
cues for correlation filters:

min
{𝑤𝑚,𝑏𝑚}

𝑀∑︁
𝑚=1

(︂
1

2
‖𝑙𝑚 −𝑋𝑚𝑤𝑚‖22 +

𝜆1

2
‖𝑠𝑚 ∘ 𝑤𝑚‖22 +

𝜆2

2
‖𝑤𝑚 −𝐷𝑚

𝑇 𝑏𝑚‖22
)︂

(4)

s.t. ‖𝑏𝑚‖0 ≤ 𝑇0, ‖𝑏𝑚‖2 ≤ 𝑇1,𝑚 = 1, . . . ,𝑀

where 𝐷𝑚
𝑇 = [𝑑1𝑚, . . . , 𝑑𝑇𝑚] is the set of correlation filters which are learned in previous video

frames, 𝑏𝑚 is the weight vector associated with the filter set, and 𝜆2 is the tradeoff parameter.
Here we impose the sparsity constraint on 𝑏𝑚 so that the non-zero weighting coefficient
corresponds to the selection of the informative filters learned in previous frames which can
serve as a temporal regularization of the learned filter, and the ℓ2 norm regularization on
𝑏𝑚 aims to derive a smooth weight vector. Therefore, the historical appearance cues, which
are encoded in the learned filters from previous frames, can be adaptively incorporated into
the filter learning process for dealing with different appearance variations. The reason why
we adopt ℓ0 norm instead of ℓ1 is that ℓ1 norm would introduce the non-smooth term into
the constraint and may lead to inefficient optimization. By using ℓ0 norm, we will derive
in 3.2 that with the proper setting, the optimization can be solved efficiently.

Moreover, because of the appearance variation and the dynamically changing background,
the reliability of different modalities for target/background differentiation may be different.
In addition, these modalities may be measured with different characteristics due to the
inconsistency of heterogeneous sensors (e.g. error range, feature dimension), we further
incorporate the important weights 𝛼𝑚,𝑚 = 1, . . . ,𝑀 to dynamically regularize the
regression error based on the modality reliability. Then by putting the objective function
with all the aforementioned regularization together, the overall formulation of our proposed
multi-modality correlation filters is shown as follows:

min
{𝑤𝑚,𝑏𝑚}

𝑀∑︁
𝑚=1

(︂
(𝛼𝑚)2

2
‖𝑙𝑚 −𝑋𝑚𝑤𝑚‖22 +

𝜆1

2
‖𝑠𝑚 ∘ 𝑤𝑚‖22 +

𝜆2

2
‖𝑤𝑚 −𝐷𝑚

𝑇 𝑏𝑚‖22
)︂

(5)

s.t. ‖𝑏𝑚‖0 ≤ 𝑇0, ‖𝑏𝑚‖2 ≤ 𝑇1,

𝑀∑︁
𝑚=1

𝛼𝑚 = 1, 𝛼𝑚 ≥ 0,𝑚 = 1, . . . ,𝑀

The reason why we use (𝛼𝑚)2 instead of 𝛼𝑚 is that we want to avoid the trivial solution
that the weight corresponding to the lowest regression error is 1 and the other weights are
zero. The weighting scheme can guarantee that all the modality weight is positive. It should
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be noted that the exponent of the modality weight can be learned in an optimal manner
like that in [42]. However, this is not our focus and our proposed method focuses on how to
determine the relative importance of different modality weights. Section 3.2 will derive the
optimization algorithm for learning the correlation filter from Problem (5).

3.2 Optimization

The optimization problem (5) involves three blocks of variables {𝑤𝑚}, {𝑏𝑚}, and {𝛼𝑚}, and
the objective function in (5) is convex with respect to one of these three blocks when the
other three blocks are fixed. In addition, deriving an analytical solution to (5) is difficult.
As such, we derive an iterative optimization algorithm to solve (5). To make problem (5)
separable, we introduce one auxiliary blocks of variables {𝑔𝑚} to decouple the variable {𝑤𝑚}
from different terms of (5). Then {∀m, 𝑤𝑚 = 𝑔𝑚} acts as an additional constraint. Let 𝒞1
and 𝒞2 denote the constraint set on {𝛼𝑚} and {𝑏𝑚}. Then the augmented Lagrange function
of (5) ℒ𝒞1,𝒞2 is

𝑀∑︁
𝑚=1

(︂
(𝛼𝑚)2

2
‖𝑙𝑚 −𝑋𝑚𝑤𝑚‖22 +

𝜆1

2
‖𝑠𝑚 ∘ 𝑔𝑚‖22 +

𝜆2

2
‖𝑤𝑚 −𝐷𝑚

𝑇 𝑏𝑚‖22 +Ω𝜇(𝑝
𝑚, 𝑤𝑚 − 𝑔𝑚)

)︂
(6)

where the definition of the function is Ω𝜇(𝑎, 𝑏) =< 𝑎, 𝑏 > +𝜇
2 ‖𝑎 − 𝑏‖2𝐹 , and < 𝑎, 𝑏 >=

trace(𝑎𝑇 𝑏). We iteratively and alternatively update the variables in (6) using Alternative
Direction of Multipliers (ADMM) [4]. For a more clear presentation, we first explain some
mathematical notations. ̂︀∙ denote the result of Fourier Transformation, ∙

∙ denote the operation
of element-wise division, (·)* denote the conjugate operation. The optimization algorithm is
derived as
{𝑤𝑚}-subproblem: With fixed {𝛼𝑚, 𝑏𝑚, 𝑝𝑚, 𝑔𝑚}, problem (6) can be separated into 𝑀 -th

subproblem corresponding to 𝑤𝑚. By adding the constant term ‖𝑝𝑚‖2

𝜇2 into the objective

function, based on the Parseval’s theorem, each subproblem can be transformed as obtaining
the solution in frequency domain, i.e.

min̂︂𝑤𝑚

1

2
‖̂︁𝑙𝑚 − ̂︁𝑥𝑚 ∘ (̂︂𝑤𝑚)*‖22 +

𝜇

2
‖̂︂𝑤𝑚 − ̂︁𝑔𝑚 +

̂︁𝑝𝑚
𝜇
‖22 +

𝜆2

2
‖̂︂𝑤𝑚 −̂︂𝐷𝑚

𝑇 𝑏𝑚‖22 (7)

This problem can be solved efficiently by some element-wise operation. By taking the
derivative with respect to (̂︂𝑤𝑚)* and setting it to be zero, we can obtain(︀

𝑑𝑖𝑎𝑔(̂︁𝑥𝑚)𝑇 𝑑𝑖𝑎𝑔(̂︁𝑥𝑚)* + (𝜆2 + 𝜇)𝐼
)︀̂︂𝑤𝑚 = 𝑑𝑖𝑎𝑔(̂︁𝑥𝑚)𝑇̂︁𝑙𝑚*

+ 𝜇̂︁𝑔𝑚 − ̂︁𝑝𝑚 + 𝜆2
̂︂𝐷𝑚

𝑇 𝑏𝑚 (8)

from which we can obtain

̂︂𝑤𝑚 =
̂︁𝑥𝑚 ∘̂︁𝑙𝑚*

+ 𝜇̂︁𝑔𝑚 − ̂︁𝑝𝑚 + 𝜆2
̂︂𝐷𝑚

𝑇 𝑏𝑚̂︁𝑥𝑚 ∘ ̂︁𝑥𝑚
*
+ (𝜆2 + 𝜇)1

(9)

where 1 is a all 1’s vector, ∘ is a element-wise product, and ∙
∙ is a element-wise division.

After ̂︂𝑤𝑚 is obtained by calculating (9), the Inverse fast Fourier transformation can be
applied to obtain the solution in spatial domain.
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{𝑏𝑚}-subproblem: With fixed {𝛼𝑚, 𝑝𝑚, 𝑤𝑚, 𝑔𝑚}, problem (6) can also be separated and
each subproblem can be reduced to

min
𝑏𝑚

𝜆2

2
‖ℎ𝑚 −𝐷𝑚

𝑇 𝑏𝑚‖22 (10)

s.t. ‖𝑏𝑚‖0 ≤ 𝑇0, ‖𝑏𝑚‖2 ≤ 𝑇1

which is a least square problem with ℓ0 and ℓ2 norm constraint. To make the optimization
problem tractable, we set 𝑇0 = 1 and 𝑇1 = 1, and then 𝑏𝑚 should be a vector in which only
one element is 1 while the remaining ones are 0s. Therefore, it is equivalent to select one
column from 𝐷𝑚 which has the minimum Euclidean distance from ℎ𝑚 for approximating
ℎ𝑚.
{𝑔𝑚}-subproblem: With fixed {𝛼𝑚, 𝑝𝑚, 𝑤𝑚, 𝑏𝑚}, problem (6) can be reduced to

min
{𝑔𝑚}

𝜆1

2
‖𝑠𝑚 ∘ 𝑔𝑚‖22 +Ω𝜇(𝑝

𝑚, 𝑤𝑚 − 𝑔𝑚) (11)

By taking the derivatives of (11) and setting it to be zero, we can obtain(︀
𝜆1𝑑𝑖𝑎𝑔(𝑠

𝑚)𝑇 𝑑𝑖𝑎𝑔(𝑠𝑚) + 𝜇𝐼
)︀
𝑔𝑚 = 𝑝𝑚 − 𝜇𝑤𝑚 (12)

which have the close-form solution for 𝑔𝑚 that

𝑔𝑚 =
(︀
𝜆1𝑑𝑖𝑎𝑔(𝑠

𝑚)𝑇 𝑑𝑖𝑎𝑔(𝑠𝑚) + 𝜇𝐼
)︀−1

(𝑝𝑚 − 𝜇𝑤𝑚) (13)

.
{𝛼𝑚}-subproblem: Let 𝑟𝑚 =

⃦⃦
𝑙𝑚 −ℱ−1

{︀̂︁𝑥𝑚 ∘ (̂︂𝑤𝑚)*
}︀⃦⃦2

2
where ℱ and ℱ−1 denote the

Fourier transformation and the inverse Fourier transformation . With fixed {𝑤𝑚, 𝑏𝑚, 𝑝𝑚, 𝑔𝑚},
the problem in (6) with respect to {𝛼𝑚} is reduced to

min
{𝛼𝑚}

𝑀∑︁
𝑚=1

(𝛼𝑚)2𝑟𝑚 (14)

s.t.

𝑀∑︁
𝑚=1

𝛼𝑚 = 1, 𝛼𝑚 ≥ 0, 𝑚 = 1, . . . ,𝑀

By taking the derivatives of the Lagrange function of (6) i.e. ℒ ({𝛼𝑚}, 𝛽) =
∑︀𝑀

𝑚=1(𝛼
𝑘)2𝑟𝑚+

𝛽(
∑︀𝑀

𝑚=1 𝛼
𝑚 − 1), and setting it to be zeros. we can obtain 𝛼𝑚𝑟𝑚 + 𝛽 = 0. Based on the

equality
∑︀𝑀

𝑚=1 𝛼
𝑚 = 1, we can derive 𝛼𝑚′

= (𝑟𝑚
′
)−1∑︀𝑀

𝑚=1(𝑟
𝑚)−1 .

𝑝𝑚-subproblem: After updating the optimal variables, the Lagrange multipliers can be
updated as follows:

𝑝𝑚 ← 𝑝𝑚 + 𝜇(𝑤𝑚 − 𝑔𝑚) (15)

In each iteration, the penalty parameter 𝜇 is updated as 𝜇← max(𝜌𝜇, 𝜇max). The proposed
optimization algorithm iteratively updates these three blocks of variables alternatively until
the primal residual 𝑤𝑚 − 𝑔𝑚 is very small, i.e. ‖𝑤𝑚 − 𝑔𝑚‖∞ < 𝜖, or the maximum iteration
number is reached.
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3.3 Tracking with Re-detection using Multi-modality Correlation Filters

3.3.1 Tracking Module. The spatial regularization window is defined as [33], in which the
weights corresponding to the central region are set to 𝑊min while the weights far from the
central region is set to 𝑊max. Therefore, by optimizing the model in (5), the filter weights
would be increased from central region to boundary region, which ensures the central filter
weight contribute more to the filter response. With the learned multi-modality filters {𝑤𝑚},
given the searching region with multiple modalities {𝑧𝑚}, the confidence map 𝑆 in frequency

domain can be computed as ̂︀𝑆 =
∑︀𝑀

𝑚=1
̂︁𝑧𝑚 ∘ (̂︂𝑤𝑚)*. The sub-grid detection scheme [7] is

exploited in our tracking component, and the detection scores at 𝑆(𝑢, 𝑣) continuous position

can be interpolated as 𝑆(𝑢, 𝑣) = 1
𝑀𝑁

∑︀𝑀−1
𝑚=0

∑︀𝑁−1
𝑛=0

̂︀𝑆𝑒𝑖2𝜋( 𝑚
𝑀 𝑢+ 𝑛

𝑁 𝑣). Then the tracker location
can be determined by finding the maximum score: (𝑢*, 𝑣*) = argmax(𝑢,𝑣)∈[0,𝑀)×[0,𝑁) 𝑆(𝑢, 𝑣),
which can be estimated by iteratively applying Newton’s method.

To deal with the scale change of the tracked target, similar to [35], we learned the
multi-modality filters at multiple resolutions, and the scale can be estimated by finding
the maximum response of filters from multiple resolutions. To achieve this, the sub-grid
detection scheme is applied on different scales independently, and the scale level with
maximum detection score is determined as the target scale in the current frame.

3.3.2 Detection Module. The spatial regularization can enlarge the searching area of the
tracking model, which can increase the possibility of successfully re-detection using the
multi-modality correlation when the tracking loss happens. To further enhance the robustness
of re-detection, we incorporate a correlation filter-based appearance model [3] and a re-
detector for detecting large appearance changes and re-detection, both of which are updated
conservatively. The detection module shares similar merits with [41]. In each frame, after the
estimation of the target position and scale, which is done by the proposed multi-modality
correlation filters, the correlation filter-based appearance model will be activated to perform
correlation with the image patch in the preliminarily estimated position. If the maximum
correlation response is less than a pre-defined threshold, then an SVM-based re-detector will
be activated to perform re-detection. Only confident re-detection results (i.e. re-detection
score is high enough) will be used to refine the target position. In our implementation,
we set a threshold and activate the target re-detection when the maximum response of
the correlation is smaller than the threshold which is set to 0.15, and if the maximum
response from the appearance model is 1.2 times larger than the maximum response from
the multi-modality correlation filter, we use the re-detection results to refine the tracker
position.

3.3.3 Modal Updating. To update the proposed multi-modality correlation filters during
the tracking process, we maintain a filter pool (i.e. 𝐷𝑚

𝑇 in (5)) which stores the correlation
filters learned in previous frames. The filter pool is updated every frame based on the
first-in-first-out principle and the multi-modality correlation filters are updated by solving
the model learning problem (5). For the re-detection module, the correlation filter-based
appearance model and the SVM-based re-detector are updated only when the tracking
results are reliable (i.e. the maximum correlation response is large enough).

4 EXPERIMENTS

This section first describes the experimental setting, and then present the quantitative and
qualitative results.
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(a) Otcbvs1 (b) CarNig (c) FastMotorNig (d) Tricycle

(c) BusScale (d) WalkingNig (e) MotorNig (f) MinibusNig

STRUCK STC CT MIL RPT MEEM KCF CN JSR

Proposed method

Fig. 1. Quantitative results of 10 trackers on 8 challenging videos in terms of overlapping rate. The
frame index is shown in the horizontal axis and the overlapping rate is indicated in the vertical index.

4.1 Experimental Setting

The proposed tracker is implemented in a similar framework with [33]. For each modality,
we extract the HOG and CN features [9] from the searching image region. A cosine window
is incorporated to weight the features. For the ADMM algorithm, the penalty parameter
𝜇 are initialized as 10, 𝜇max is set as 100, 𝜌 is set as 1.2, 𝜆1 and 𝜆2 are set as 0.001 and
15, respectively. For the spatial regularizer, 𝑊max is set to 105 while the 𝑊min is set to
0.001. For the correlation filter-based appearance model, the learning rate is set to 0.1. The
SVM-based re-detector is first trained by using the VLfeat toolbox 1.
Fifteen pairs of videos in RGB and infrared modalities are used as testing data set for

algorithm evaluation. These videos contains various challenging situations, such as thermal
crossover, occlusion, large illumination changes, poor lighting conditions. To ensure that
the target positions are nearly the same in both modalities which is beneficial for effective
modality fusion, all these video frames in RGB and infrared modalitites are aligned well.
Nine tracking models are used for experimental comparison. They are STC [56], CT [58],
RPT [36], STUCK [15], MIL [2], JSR [37], CN [9], KCF [17], MEEM [55]. Except for the
JSR method which is developed for RGB-infrared tracking, the others are originally used
for tracking in RGB modalities. As in [32], the multi-modality version of these trackers are
implemented. We compare the results with our proposed method. Some of the compared
results of these multi-modality trackers on these video data can also be obtained from [32].

4.2 Experimental Results

4.2.1 Quantitative Analysis. Two evaluation metrics are adopted to quantitatively measure
the tracking performance. They are VOC overlapping rate and success rate. Let 𝑆1 and

1http://www.vlfeat.org/
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Table 1. Overlapping Rate. The best three results are shown in red, blue and green.

STRUCK STC CT MIL RPT MEEM KCF CN JSR Proposed Method

BlackCar 0.24 0.31 0.21 0.22 0.33 0.23 0.21 0.24 0.23 0.53
BlueCar 0.37 0.27 0.34 0.4 0.65 0.47 0.4 0.4 0.4 0.74
BusScale 0.47 0.45 0.46 0.49 0.57 0.52 0.51 0.51 0.54 0.7

FastCarNig 0.46 0.75 0.36 0.36 0.63 0.41 0.43 0.43 0.38 0.74
Tricycle 0.68 0.64 0.62 0.71 0.72 0.73 0.64 0.64 0.67 0.78

MinibusNig 0.54 0.55 0.54 0.55 0.68 0.55 0.57 0.59 0.33 0.71
FastMotorNig 0.51 0.54 0.41 0.55 0.43 0.57 0.35 0.37 0.48 0.67

CarNig 0.25 0.21 0.2 0.18 0.36 0.19 0.16 0.25 0.2 0.59
BusScale1 0.4 0.41 0.43 0.39 0.67 0.44 0.43 0.42 0.47 0.66
Otcbvs1 0.63 0.69 0.65 0.73 0.72 0.66 0.66 0.68 0.79 0.86

Exposure4 0.57 0.35 0.37 0.23 0.66 0.55 0.2 0.56 0.56 0.61
MotorNig 0.46 0.61 0.63 0.6 0.67 0.63 0.61 0.63 0.6 0.68
RainyCar1 0.58 0.5 0.55 0.07 0.69 0.49 0.55 0.55 0.05 0.62
WalkingNig 0.52 0.63 0.18 0.22 0.53 0.58 0.32 0.63 0.44 0.64
RainyCar2 0.55 0.46 0.35 0.44 0.58 0.55 0.4 0.55 0.52 0.63

Average 0.48 0.49 0.42 0.41 0.59 0.5 0.43 0.5 0.44 0.68

Table 2. Success Rate. The best three results are shown in red, blue and green.

STRUCK STC CT MIL RPT MEEM KCF CN JSR Proposed Method

BlackCar 0.12 0.16 0.1 0.12 0.29 0.12 0.12 0.12 0.15 0.45
BlueCar 0.33 0.33 0.28 0.38 0.94 0.46 0.38 0.38 0.44 0.97
BusScale 0.48 0.4 0.46 0.44 0.61 0.53 0.5 0.51 0.56 0.93

FastCarNig 0.31 0.93 0.28 0.28 0.73 0.26 0.28 0.28 0.39 1
Tricycle 0.98 0.72 0.99 1 1 0.98 0.85 0.75 0.93 1

MinibusNig 0.51 0.49 0.55 0.51 0.92 0.51 0.54 0.55 0.36 1
FastMotorNig 0.37 0.72 0.52 0.55 0.54 0.55 0.48 0.51 0.45 0.86

CarNig 0.13 0.19 0.13 0.13 0.21 0.13 0.13 0.13 0.17 0.81
BusScale1 0.33 0.34 0.36 0.27 0.87 0.45 0.36 0.36 0.47 0.8
Otcbvs1 0.91 0.87 0.98 1 0.98 0.94 0.84 0.82 1 1

Exposure4 0.63 0.47 0.18 0.25 0.9 0.56 0.21 0.59 0.64 0.93
MotorNig 0.37 0.64 0.66 0.66 0.85 0.74 0.68 0.79 0.59 0.92
RainyCar1 0.58 0.35 0.55 0.08 0.98 0.45 0.57 0.57 0.05 0.98
WalkingNig 0.58 0.76 0.01 0.11 0.49 0.8 0.4 0.78 0.47 0.86
RainyCar2 0.55 0.52 0.3 0.43 0.76 0.62 0.54 0.65 0.62 0.8

Average 0.48 0.53 0.42 0.41 0.74 0.54 0.46 0.52 0.49 0.89

𝑆2 denote the bounding boxes of the tracker and the ground truth. The VOC overlapping

rate is defined as area(𝑆1∩𝑆2)
area(𝑆1∪𝑆2)

. We regard the case where the overlapping rate is greater than

0.5 as a tracking success in a video frame. Then the percentage of frames in a video in
which the tracking success happen is defined as the success rate. The tracking performance
in terms of overlapping rate and success rate on the fifteen videos are shown in Tables 1
and 2. As shown by the measured results, the proposed method achieves the best overall
tracking performance that the highest average of VOC overlapping rate and success rate
are obtained. The proposed method achieves top one performance in 11 videos in terms of
VOC overlapping rate and in 14 videos in terms of success rate. Specifically, under some
challenging scenarios, such as occlusion (e.g. RainyCar-2 ), poor lighting conditions (e.g
MinibusNig, FastCarNig), thermal crossover (e.g. WalkingNig), the proposed tracker can
achieve stable tracking results, which demonstrates its robustness to large appearance changes.
The proposed multi-modality correlation filter exploits reliable cues from complementary
modalities for appearance modeling, which enhances its robustness to deal with appearance
changes. In addition, by properly utilizing informative historical appearance models, the
proposed model is more robust to some outliers, such as the occlusion. The re-detection
scheme further enhance the tracking stability when tracking loss happens.

, Vol. 1, No. 1, Article . Publication date: February 2021.



Spatial-Temporal Regularized Multi-Modality Correlation Filters for Tracking with Re-detection13

R
G
B

In
fr
a
re
d

(a) BlackCar (b) FastCarNig (c) MinibusNig

R
G
B

In
fr
a
re
d

(d) FastMotorNig (e) CarNig (f) Otcbvs1

R
G
B

In
fr
a
re
d

(g) RainyCar1 (h) WalkingNig (i) RainyCar2

STRUCK STC CT MIL RPT MEEM KCF CN JSR

Proposed method

Fig. 2. Qualitative results of the 10 trackers on some video frames of RGB-infrared videos which contains
some large variations, such as occlusion (e.g. RainyCar2, RainyCar1),scale variatons(e.g. BlackCar),
Thermal crossover (e.g. WalkingNig), low illumination (e.g. MinibusNig, FastCarNig). For each sub-figure,
images of RGB modality are shown in the top row while images of infrared modality are shown in the
bottom row.

The frame-by-frame quantitative comparison in terms of overlapping on some challenging
videos is illustrated in Fig. 1. It is obvious that the proposed method maintains a high
overlapping rate in most videos compared with other methods, which validates the stability
of the proposed methods.

4.2.2 Qualitative Analysis. The qualitative analysis in terms of several challenging factors,
which are occlusion, poor illumination, low resolution, and thermal crossover is provided in
this section respectively. Figure 2 illustrates some qualitative results on some typical video
frames which cover these challenging issues.

Occlusion. In RainyCar1, the car is partially occluded by trees (around frame#76) when it
drove on the road. As shown in Figure 2(a), some trackers such as JSR, CT, MIL encountered
the drift problem and suffered the tracking loss issue. The proposed model can adaptively
select informative historical cues for appearance modeling, which makes it less sensitive to
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outliers caused by large appearance changes, such as occlusion. The large searching region
and the re-detection module enables the tracker to re-capture the target after the target
re-appears under occlusion (around frame#124) Similar scenarios of partial occlusion can
also be found around the 106-th frame in video RainyCar-2, the proposed tracker maintains
stable tracking of the object.

Poor illumination. Poor illumination conditions is another challenging factor that may
degrade the tracking performance, such as large illumination changes and low lighting
environment. In the video of CarNig, a car encountered large illumination change around
frame#76 as shown in Figure 2(e). We can see that the target cannot be clearly shown in
video frame of RGB modality under large illumination, but it can be distinguished from the
infrared video frame. The proposed tracker can properly integrate the discriminative power
from infrared modalities, and thus the proposed tracker can handle the aforementioned issues.
Although other tracking-by-detection algorithms such as KCF, MIL, CT also integrate the
infrared modalities as feature representation, they cannot handle the illumination issue
because of their ineffective modality combination strategy and the lack of a re-detection
module. The video FastCarNig also contains the scenario where a vehicle encounter large
illumination changes around the 85-th frame, the JSR, CT, and MIL methods were not able
to track the target while our method can achieve better results, which attributes to the
effective fusion of RGB-infrared modalities for appearance modeling.

Low resolution. The tracked target may be small and in low resolution, if the testing data
are from video surveillance. In the FastMotorNig video where the tracked motorbike is in
small size and low resolution. In addition, large illumination change is also encountered as
shown in 2(d). It can be seen that the KCF and CN methods drift to the background. A
similar challenging issue can also be found in the video MinibusNig where the proposed
tracker successfully tracks the target.

Thermal crossover. Integrating infrared modality may not be effective if thermal crossover
happens. As shown in the 22-th frame of video WalkingNig in 2(h), these two pedestrians
look quite similar in their appearance of the infrared modality. Several methods such as
KCF, MIL drift from the target to the other pedestrian. By exploiting the spatial constraint,
the proposed method can suppress the negative effect caused by thermal crossover. The
contribution to the final detection results from infrared modality is further reduced by the
importance weighting scheme. Therefore, the proposed tracker can track the target more
stably.

Some cases where the trackers do not perform excellently. In some videos, the proposed
tracker does not perform excellent. For example, in video RainyCar1, the proposed tracker
does not perform as well as the RPT method in terms of overlapping rate. This is because
the RPT method exploits the local correlation which is more able to achieve accurate results
under partial occlusion. Similar observation can be found in Exposure4 and BusScale1.

5 CONCLUSION

In this paper, we proposed the spatially and temporally regularized multi-modality correlation
filters for RGB-infrared tracking with a re-detection scheme. By incorporating the spatial
constraint, the negative background effect can be suppressed and the searching regions can
be enlarged, which increases the possibility of successful re-detection. The imposed temporal
constraint enables the historical and reliable appearance model to be adaptively selected for
correlation filter learning. A re-detection module for handling both tracking inaccuracy and
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failure is deployed in the proposed tracker. Experimental results in RGB-infrared video data
demonstrate the effectiveness of the proposed method.
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