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ABSTRACT
In this paper, we propose a novel graph model, called weighted
sparse representation regularized graph, to learn a robust object
representation using multispectral (RGB and thermal) data for vi-
sual tracking. In particular, the tracked object is represented with
a graph with image patches as nodes. This graph is dynamically
learned from two aspects. First, the graph affinity (i.e., graph struc-
ture and edge weights) that indicates the appearance compatibil-
ity of two neighboring nodes is optimized based on the weighted
sparse representation, in which the modality weight is introduced
to leverage RGB and thermal information adaptively. Second, each
node weight that indicates how likely it belongs to the foreground
is propagated from others along with graph affinity. The optimized
patch weights are then imposed on the extracted RGB and thermal
features, and the target object is finally located by adopting the
structured SVM algorithm. Moreover, we also contribute a compre-
hensive dataset for RGB-T tracking purpose. Comparingwith exist-
ing ones, the new dataset has the following advantages: 1) Its size
is sufficiently large for large-scale performance evaluation (total
frame number: 210K, maximum frames per video pair: 8K). 2) The
alignment between RGB-T video pairs is highly accurate, which
does not need pre- and post-processing. 3) The occlusion levels
are annotated for analyzing the occlusion-sensitive performance
of different methods. Extensive experiments on both public and
newly created datasets demonstrate the effectiveness of the pro-
posed tracker against several state-of-the-art tracking methods.
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1 INTRODUCTION
Visual tracking is to estimate the states of target object in subse-
quent frames, given the initial ground-truth bounding box. It has
drawn a lot of attention due to its wide range of practical appli-
cations, such as video surveillance, self-driving cars, and robotics.
Despite many recent breakthroughs in visual tracking, it still faces
many challenging problems especially tracking target objects in
various environmental conditions (e.g., low illumination, rain, haze
and smog, etc.), which significantly limit the imaging quality of vis-
ible spectrum.

Integrating visible and thermal (called RGB-T in this paper) spec-
trum data has been proven to be effective in boosting tracking per-
formance, and also allow tracking the target objects in day and
night [15]. Visible and thermal information complement each other
and contribute to visual tracking in different aspects. On one hand,
thermal infrared camera can capture infrared radiation (0.75-13µm)
emitted by subjects with a temperature above absolute zero. Thus
they are insensitive to lighting conditions and have a strong abil-
ity to penetrate haze and smog. These kind of sensors, therefore,
are more effective in capturing objects than visible spectrum cam-
eras under poor lighting conditions and badweathers. On the other
hand, visible spectrum cameras are more effective in separating
two moving subjects, which are crossing or moving side (called
thermal crossover [31, 34]).

Many efforts have been devoted to RGB-T object tracking. Such
as, Conaire et al. [5, 6] and Cvejic et al. [7] adopt some simple
weight schemes to fuse RGB and thermal data adaptively, which
might easily fail in many challenging scenarios. Bunyak et al. [3]
employ thermal information to assist RGB tracking as thermal in-
formation is less sensitive to illumination variations and shadows.
But it also limits the tracking performance when thermal informa-
tion is unreliable. Recently, sparse representation, which is directly
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related to compressed sensing [11], has been successfully applied
to RGB-T tracking [28, 30, 34, 42] due to its capability of suppress-
ing noises. All these methods adopt raw gray values as feature rep-
resentation and their weakness is usually revealed when dealing
with complex challenging scenarios.

In this paper, we aim to learn a robust object representation for
RGB-T tracking. In particular, we partition each target bounding
box into a set of non-overlapping patches, which are described
with RGB and thermal features. However, background information
is inevitably included in the bounding box and likely results in
model drifting. Thus, the bounding box cannot represent the target
object well, and we associate a weight to each patch, which reflects
its importance to describe the object. We concatenate all patch
features within the target bounding box with their corresponding
weights to convey structural information of the object while sup-
pressing the pollution of background. The structured SVM algo-
rithm [41] is then adopted to perform object tracking.

In general, the patch weight computation is performed via a
semi-supervised learning algorithm, e.g., manifold ranking [50] and
random walk [21]. And how to learn an optimal affinity matrix is
essential. Most of methods construct a fixed-structure graph (e.g.,
8-neighbor graph where each node is only connected with its 8
neighbor nodes), and thus neglect global intrinsic relationship of
patches. While Li et al. [29] propose to learn a dynamic graph with
the low-rank and sparse representations as the graph affinity to
capture the global subspace structure of patches. In fact, although
this kind of affinity is somehow valid, the meaning of which is al-
ready not the same as the original definition [16].

Motivated by above observations, we propose a novel graph
model, which called weighted sparse representation regularized
graph, to adaptively employ RGB and thermal data for learning
weights. We take patches as graph nodes, and pursue a joint sparse
representation [25, 34] with patch feature matrix as input. Note
that other constraints on the representation matrix, such as low
rank [33], can also be incorporated in our model. We only employ
the sparse constraints in this paper for an emphasis on efficient per-
formance. To deal with occasional perturbation or malfunction of
individual sources, we assign a weight for each modality to rep-
resent the reliability, which allows our method to integrate dif-
ferent spectrum data adaptively. Instead of directly using sparse
representations, we learn a more meaningful graph affinity with
the assumption that patches are more likely located in the same
class (the target object or the background) if their sparse represen-
tations have a small distance [16]. Based on the graph affinity, the
patch weights are computed when giving some initial weights to
patches [21]. It is worth noting that we jointly optimize the modal-
ity weights, the sparse representations, and the graph (including
the structure, the edge weights and the node weights) by a de-
signed efficient ADMM (Alternation Direction Method of Multi-
pliers) algorithm [2].

In addition, we build a new comprehensive dataset for RGB-T
tracking purpose, and plan to open it to public. Compared with
other existing RGB-T datasets [1, 28, 40], the new one has suf-
ficiently big size, highly-accurate alignment between RGB-T se-
quence pairs, and the annotated occlusion levels.

To our best knowledge, we are the first to learn robust RGB-T
object features via graph learning for visual tracking. In this pa-
per, the following contributions have been made for RGB-T track-
ing and its related applications. First, a novel patch-based graph
model is proposed to learn robust object feature presentation for
RGB-T tracking. In particular, the graph is optimized via weighted
sparse representations that utilize multispectral information adap-
tively according to their reliabilities. Second, an ADMM algorithm
is designed to jointly and efficiently optimize themodality weights,
the sparse representations, and the graph with the structure, edge
weights and nodeweights. Third, a comprehensive RGB-T tracking
dataset is created for large-scale performance evaluation of differ-
ent tracking algorithms. This dataset 1 and the source code will
be available online for free academic usage and accessible repro-
ducible research.

2 RELATEDWORK
Here we discuss the most related visual tracking works that as-
sign weights to different pixels (or patches) in the bounding box
to suppress background effects (See [44] and [27] for recent sur-
veys). Comaniciu et al. [4] assume that pixels far away from a box
center should be less important, and thus assign smaller weights to
boundary pixels via the kernel-basedmethod during the histogram
construction. The similar assumption is also considered by He et
al. [18]. Based on their assumption, they construct a locality sensi-
tive histogram at each pixel location, which takes every pixel into
account. But the pixels that are far away from the center could be
neglected due to the very small weights assigned. These methods,
however, might be disturbed when a target object has a compli-
cated shape or is occluded. Some other methods [12, 48] integrate
segmentation results (i.e., assigning 0 or 1 to each pixel) into track-
ing to alleviate the effects of background, but these algorithms are
sensitive to segmentation results.

Recently, associating each patch with a weight has been proven
to be an effective way for suppressing the background effects in vi-
sual tracking [21, 29]. Kim et al. [21] employ a randomwalk restart
algorithm on the fixed-structure graph with patches as nodes to
compute patch weights within target object bounding box. The
above fixed-structure graph is constructed via only local cues, ne-
glecting global cues that are important for exploring the intrin-
sic relationship among patches. While Li et al. [29] employ the
low-rank and sparse representation to learn a dynamic graph with
global considerations.

RGB-T tracking receives more and more attention in the com-
munitywith the popularity of thermal infrared sensors [6]. Conaire
et al. [5] propose an automated surveillance framework that can
efficiently combine visible and thermal features for robust track-
ing, and Cvejic et al. [7] investigate the impact of pixel-level fusion
of videos from grayscale-thermal surveillance cameras. Leykin et
al. [26] propose a pedestrian tracker in the particle filter frame-
work, which represents the target object as a multi-modal distri-
bution with the changing number of modalities for both grayscale
and thermal input.

1RGB-T tracking dataset’s webpage:
http://chenglongli.cn/people/lcl/confs.html.
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Recently, Sparse representation has been successfully applied to
RGB-T tracking [28, 30, 34, 42]. Wu et al. [42] concatenate the im-
age patches from RGB and thermal sources, and then sparsely rep-
resent each sample in the target template space. Liu et al. [34] fuse
the resultant tracking results using min operation on the sparse
representation coefficients calculated on both RGB and thermal
modalities. These methods may limit the tracking performance in
dealing with occasional perturbation or malfunction of individual
sources as available spectrums contribute equally. Li et al. [28, 30]
introduce a modality weight for each source to represent the imag-
ing quality, and combinewith the sparse representation in Bayesian
filtering framework to perform object tracking.

There are several RGB-T video datasets for the various vision
tasks. For example, OSU Color-Thermal dataset [10] contains six
RGB-T video sequence pairs recorded from two different locations
with only people moving, which is obviously not sufficient to eval-
uate tracking algorithms. Other two RGB-T datasets are collected
by Torabi et al. [40] and Bilodeau et al. [1]. Most of them suffer from
their limited size, low diversity, and high bias. Li et al. [28] release
a dataset with 50 RGB-T video pairs, which are also not enough
for large-scale performance evaluation. Our work addresses these
issues and creates a reasonable size and more challenging RGB-T
video dataset.

3 THE PROPOSED TRACKER
In this paper, the object tracking is performed based on the conven-
tional tracking-by-detection algorithm, Struck [17]. It is worth not-
ing that other tracking-by-detection algorithms can also be adopted.

3.1 Tracking via Structured SVM
Hare et al. [17] employ the structured SVM framework [41] (called
Struck) for tracking and achieve promising tracking performance.
Struck selects the optimal target bounding boxy∗t in the t-th frame
by maximizing a classification score.

Let Ψ(xt ,yt ) denote the target object descriptor representing a
bounding box yt in the t-th frame to maximize a classifier score
⟨ht−1,Ψ(xt ,yt )⟩, where ht−1 is the normal vector of a decision
plane of (t − 1)-th frame:

y∗t = argmax
yt
⟨ht−1,Ψ(xt ,yt )⟩ (1)

Instead of using binary-labeled samples, Struck employs a struc-
tured sample that consists of a target bounding box and nearby
boxes in the same frame to prevent the labeling ambiguity in train-
ing the classifier. Specifically, it constraints that the confidence
score of a target bounding box is larger than the confidence scores
of nearby boxes, which are determined by a margin (the overlap
ratio between two boxes). By this way, Struck can reduce adverse
effects of false labelling.

In this work, we combine the object representations of multiple
modalities with Struck to achieve robust RGB-T tracking. Given
the bounding box of the target object in previous frame t − 1, we
first set a searching window in current frame t , and sample a set
of candidates within the searching window. The tracking result is
then predicted by selecting the candidate with maximal classifica-
tion score:

(a) Deformation (b) Partial occlusion

Figure 1: Two samples for showing the optimized patch
weights are shown in (a) and (b). The original, shrunk and
expanded bounding boxes are represented by the red, green
and blue colors, respectively. The optimized patch weights
are also shown for clarity, inwhich the hotter color indicates
the larger weight.

y∗t = argmax
yt

(ν⟨ht−1,Ψ(x̂t ,yt )⟩ + (1 − ν )⟨h0,Ψ(x̂t ,yt )⟩), (2)

where h0 is learned in initial frame,which prevents it from learn-
ing drastic appearance changes [36]. ν is a balance parameter. To
prevent the effects of unreliable tracking results, we update the
classifier only when the confidence score of tracking result [21] is
larger than a threshold ζ .

During RGB-T tracking, we construct a target pyramid around
the estimated translation location for scale estimation [35]. LetW ×
H be the target size in a test frame and N indicates the number of
scales B = {an̄ |n̄ = ⌊−N−12 ⌉, ⌊−

N−3
2 ⌉, ..., ⌊

N−1
2 ⌉}. For each b ∈ B,

we extract an image region of size bW × bH centered around the
estimated location and compute its classification score y∗t,b . Then,
we uniformly resize all image regions with the sizeW × H , and
the optimal scale b of target can be estimated by maximizing the
classification scores of all resized image regions:

b∗ = argmax
b
{y∗t,b ,b ∈ B}. (3)

3.2 Feature Representation
In RGB-T tracking, it is important to construct a robust descriptor
Ψ(x̂,y) of the bounding box y. Therefore, as discussed in Section 1,
we assign a weight ŝi for each patch to suppress the background
effects, and also assign a weight rm for each modality to integrate
different source data adaptively. Combining these weights with the
corresponding patch feature descriptor xmi forms the final feature
representation of the bounding box:

Ψ(x̂t ,yt ) = [r1t−1ŝt−1,1x
1
t,1, ..., r

1
t−1ŝt−1,nx

1
t,n ,

..., rMt−1ŝt−1,1x
M
t,1, ..., r

M
t−1ŝt−1,nx

M
t,n]

T .
(4)

From (4), we can see that ŝi and rm plays a critical role in the
target feature representation, and we present the details of their
computation in next section.
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4 WEIGHTED SPARSE REPRESENTATION
REGULARIZED GRAPH LEARNING

In this section, we introduce the proposed graph-based algorithm
that infers the patch weight and the modality weight used in our
tracker.

4.1 Formulation
Each bounding box of the target object is partitioned into n non-
overlapping patches, and a set of low-level appearance features are
extracted and further combined into a d-dimensional feature vec-
tor xmi for characterizing the i-th patch in them-th modality. All
the feature descriptors of n patches in one bounding box form the
data matrixXm = {xm1 , x

m
2 , ..., x

m
n } ∈ Rd×n , where them indicates

the index of the modality with the range between 1 andM . Herein,
we discuss the general case for the scalability, and RGB-T data used
in this paper is the special one with M = 2.

Weighted sparse representation. We take the above patches
as graph nodes and dynamically learn the graph according to the
intrinsic relationship of patches instead of using fixed-structure
graph in conventional methods [21, 50]. Motivated by the sparse
clustering algorithms [13, 47], we assume the foreground or back-
ground patches are in the same sparse subspace [13], and thus each
patch descriptor can be sparsely self-represented by a linear com-
bination of remaining patches: Xm = XmZm , where Zm ∈ Rn×n
is sparse representation coefficient matrix. Sparse constraints can
automatically select most informative neighbors for each patch
(higher-order relationship), making the graph more powerful and
discriminative [47]. Considering the patches are often disturbed by
noises and/or corruptions, we introduce a noise matrix to improve
the robustness. The joint sparse representation with the convex
relaxation [47] for all modalities can be formulated as:

min
Z,E

M∑
m=1
∥Xm − XmZm − Em ∥2F + λ∥E

m ∥2,1 + γ ∥Z∥2,1, (5)

where | | · | |F and | | · | |2,1 denote the Frobenius norm and the l2,1
norm of a matrix, respectively. λ and γ are the balanced parame-
ters. Z = [Z1; ...;ZM ] ∈ RMn×n is the joint sparse representation
coefficients matrix, and ∥Z∥2,1 encourages each patch to share the
same pattern across different modalities. Em ∈ Rd×n denotes the
noise matrix, and ∥Em ∥2,1 makes it as the sparse sample-specific
corruptions, i.e., some patches are corrupted and others are clean.
It is worth noting that other constraints on the representation ma-
trix, such as low rank [33], can be also incorporated in (5), and we
only employ the sparse constraints in this paper with an emphasis
on efficient performance.

In (5), different modalities contribute equally, but usually have
different imaging qualities in real-life scenarios. Therefore, we as-
sign a weight for each modality to represent the reliability to deal
with occasional perturbation or malfunction of individual sources,
which allows ourmethod to integrate different spectrum data adap-
tively [28]. We integrate these modality weights in (5), and have

min
Z,E,r

M∑
m=1

(
(rm )2

2
∥Xm − XmZm − Em ∥2F + λ∥E

m ∥2,1)

+ γ ∥Z∥2,1 + Γ∥1 − r∥2F ,
(6)

where r = [r1, ..., rM ]T is the modality weighting vector, in
which rm is the modality weight in them-th modality. In general,
the reconstruction error can measure all patches by how well it
could be sparsely reconstructed from the other patches. Therefore,
the qualities of different modalities can be reflected by their respec-
tive reconstruction errors. From the first term in (6) we can see
that our method places larger weights on those modalities which
have smaller reconstruction errors, resulting in a quality-aware
weight optimization. The last term of (6) is the regularization of
rm , which avoids a degenerate solution of rm while allowing them
to be specified independently. Γ is an adaptive parameter, which is
determined after the first iteration, see the supplementary file
for details.

Regularized graph model. Most of methods utilize the repre-
sentation coefficient matrix to define the graph affinity by |Z |+ |Z

T |
2 .

Although this kind of affinity is somehow valid, its meaning is al-
ready different from the original definition [16]. Recall that we
assume the patch descriptor should have a larger probability to
be in the same cluster if their representations have a smaller dis-
tance. Therefore, instead of directly using sparse representations,
we learn a more meaningful graph affinity A by the following con-
straints:

min
A

δ
n∑

i, j=1
∥Zi − Zj ∥2FAi j +

ω

2
∥A∥2F , s .t .A

T 1 = 1,A ≥ 0, (7)

where δ , ω are the balanced parameters, and 1 denotes a unit
vector. A ∈ Rn×n is the desired affinity matrix, Ai j reflects the
probability of the patch i and j from the same class based on the dis-
tance between their joint sparse representations Zi and Zj across
all modalities. The constraintsAT 1 = 1 andA ≥ 0 are to guarantee
the probability property of Ai . The last term is to avoid overfitting
of A.

Given the graph affinity A, we can compute the patch node
weights in a semi-supervised way. Let q = {q1,q2, ...,qn }T be an
initial weight vector, in which qi = 1 if qi is a foreground patch,
and qi = 0 is a background patch. q is computed by the initial
ground-truth (for first frame) or tracking results (for subsequent
frames) as follows: for i-th patch, qi = 1 if it belongs to the shrunk
region of bounding box and the remaining patches are 0. Figure 1
shows the details. Similar to the PageRank and spectral clustering
algorithm [37], the patch weights s can be calculated as follows:

min
s

α
n∑

i, j=1
(si − sj )2Ai j + β ∥s − q∥2F , (8)

where α and β are the balanced parameters. The first term is
the smoothness constraint and the second term is the fitting con-
straint.

In this paper, we aim to jointly optimize the modality weights,
the sparse representations, and the graph (including the structure,
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the edge weights and the node weights) for boosting their respec-
tive performance. Therefore, the final formulation of the proposed
model can be written by combining (6), (7) and (8):

min
Z,E,r,s,A,
AT 1=1,A≥0

M∑
m=1

(
(rm )2

2
∥Xm − XmZm − Em ∥2F + λ∥E

m ∥2,1)

+ γ ∥Z∥2,1 + δ
n∑

i, j=1
∥Zi − Zj ∥2FAi j + α

n∑
i, j=1

(si − sj )2Ai j

+ β ∥s − q∥2F + Γ∥1 − r∥2F +
ω

2
∥A∥2F .

(9)

Although (9) seems complex, as demonstrated in the experiments,
its parameters are easy to adjust, and the tracking performance is
insensitive to parameter variations. The final weight of the i-th
patch is computed by ŝi = 1

(1+ exp (−σ si )) , where the parameter σ is
fixed to be 37 in this work.

4.2 Optimization
Although the variables of the (9) are not joint convex, the sub-
problem of each variable with others fixed is convex and has a
closed-form solution. The ADMM (alternating direction method
of multipliers) algorithm [2] is efficient and effective solver of the
problems like (9). To apply ADMM to our problem, we need make
our objective function separable. Therefore, the auxiliary variables
Pm ∈ Rn×n and Qm ∈ Rn×n are introduced to make (9) separable:

min
Z,P,Q,E,r,s,A

M∑
m=1

(
(rm )2

2
∥Xm − XmZm − Em ∥2F + λ∥E

m ∥2,1)

+ γ ∥Q∥2,1 + δ
n∑

i, j=1
∥Pi − Pj ∥2FAi j + α

n∑
i, j=1

(si − sj )2Ai j

+ β ∥s − q∥2F + Γ∥1 − r∥2F +
ω

2
∥A∥2F ,

s .t .Zm = Pm ,Zm = Qm ,AT 1 = 1,A ≥ 0,
(10)

where P = [P1; ...; PM ] and Q = [Q1; ...;QM ].
The augmented Lagrange function of (10) is

L {A1=1,A≥0,s≥0} (Z, P,Q,E, r, s,A)

=

M∑
m=1

(
(rm )2

2
∥Xm − XmZm − Em ∥2F + λ∥E

m ∥2,1) + γ ∥Q∥2,1

+ δ
n∑

i, j=1
∥Pi − Pj ∥2FAi j + α

n∑
i, j=1

(si − sj )2Ai j + β ∥s − q∥2F

+ Γ∥1 − r∥2F +
ω

2
∥A∥2F + f (Z, P,Q,Y1,Y2, µ ),

(11)

where µ > 0 is the penalty parameter, and f (Z, P,Q,Y1,Y2, µ )=
−∑M

m=1 (
1
2µ (∥Ym1 ∥

2
F + ∥Y

m
2 ∥

2
F ) +

µ
2 (∥Zm− Pm +Ym1 /µ∥

2
F + ∥Z

m −
Qm + Ym2 /µ∥

2
F )). Y

m
1 and Ym2 are the Lagrangian multipliers.

Figure 2: The mechanism of our imaging system for captur-
ing the RGB-T video sequences. (a) Illumination of the imag-
ing hardware. (b) The optic axes of two cameras are aligned
as parallel using the collimator. (c) Sample frame pairs cap-
tured by our system. The annotated bounding boxes indicate
the common horizon, in which the colors denote the corre-
spondences to the cameras. (d) Cropped image regions that
are highly aligned.

ADMMalternatively updates one variable byminimizingLwith
other variables fixed. Besides the Lagrangian multipliers, the up-
dating schemes of (k + 1)-th iteration could be solved as follows:

Zm,k+1 = ((Xm )TXm + 2µI/(rm,k )2)−1 ((Xm )T

(Xm − Em,k ) +
µ (Pm,k + Qm,k ) − Ym,k

1 − Ym,k
2

(rm,k )2
),

Pk+1 = (µZk+1 + Yk1 )(4δLA
k + µk I)

−1,

Qk+1 = S γ
µk

(Zk+1 + Yk2 /µk ),

Em,k+1 = S λ
(rm,k )2

(Xm − XmZm,k+1),

rm,k+1 =
2Γ

∥Xm − XmZm,k+1 − Em,k+1∥2F + 2Γ
,

Ak+1
i = (

1 +
∑ξ
j=1 û

ξ
1 − ûi j )+, i = 1, 2, ...,n,

sk+1 = (2αLAk+1 + βI)−1βq,

(12)

where LAk is the Laplacian matrix of Ak : LAk = DAk − Ak ,
where the degreematrixDAii =

∑n
j=1 Ai j . S γ

µk
(Zm,k+1+Ym,k

2 /µk )

is the l2,1 minimization operator [33] on (Zm,k+1+Ym,k
2 /µk ) with

parameter γ
µk

. ui ∈ Rn×1 is a vector whose j-th element is ui j =
δ ∥Pi−Pj ∥2F+α (si−sj )2

ω . The elements of û ∈ Rn×1 are those of u but
with an ascending order, and the parameter ξ ∈ {1, ...,n} is intro-
duced to control the number of nearest neighbors of each patch.
Please refer to the supplementary file for details. Since each sub-
problem of (11) is convex, we can guarantee that the limit point by
our algorithm satisfies the Nash equilibrium conditions [46].
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Table 1: List of the attributes annotated to RGBT210.

Attr Description

NO No Occlusion - the target is not occluded.
PO Partial Occlusion - the target object is partially occluded.
HO Heavy Occlusion - the target object is heavy occluded (over 80%).
LI Low Illumination - the illumination in the target region is low.
LR Low Resolution - the resolution in the target region is low.
TC Thermal Crossover - the target has similar temperature with other

objects or background surroundings.
DEF Deformation - non-rigid object deformation.
FM Fast Motion - the motion of the ground truth between two

adjacent frames is larger than 20 pixels.
SV Scale Variation - the ratio of the first bounding box and the

current bounding box is out of the range [0.5,1].
MB Motion Blur - the target object motion results in the blur image

information.
CM Camera Moving - the target object is captured by moving camera.
BC Background Clutter - the background information which includes

the target object is messy.

5 RGB-T TRACKING DATASET
This section introduces a newRGB-Thermal object tracking dataset
(called RGBT210 in this paper).

5.1 Platform
Our imaging hardware consists of a turnable platform, a thermal in-
frared imager (DLS-H37DM-A) and a CCD camera (SONY EXView
HAD CC), as shown in Figure 2 (a). In particular, the two cameras
have same imaging parameters, and their optical axises are aligned
as parallel by the collimator, as shown in Figure 2 (b). The above
setup makes the common horizon of these two cameras aligned in
pixel level. Figure 2 (c) and (d) show the details.

5.2 Annotation
For large scale performance evaluation of different RGB-T track-
ing algorithms, we collect 210 RGB-T video pairs, each containing
a RGB video and a thermal video. We annotate each frame with a
minimum bounding box covering the targets using more reliable
source data. All annotations are done by a full-time annotator to
guarantee consistency. In addition, we also annotate the attributes
for each video sequence for the attribute-sensitive performance
analysis, as shown in Table 1. Due to space limitation, we present
the attribute distribution over the entire dataset and some sample
pairs with ground truth and attribute annotations in the supple-
mentary file.

5.3 Advantages over existing Datasets
Table 2 provides summary of existing tracking datasets, including
RGB, Thermal, and RGB-T. The RGB datasets [22, 23, 27, 32, 43, 44]
only provide RGB image sequences. Since RGB spectrum is sen-
sitive to lighting conditions and could be easily affected by bad
weathers, such as rain, smog and fog, these datasets are limited to
“good” lighting and environmental conditions. Since the thermal
datasets [9, 14, 38, 45] only include thermal videos, its weakness
is revealed when thermal crossover occurs. Therefore, the RGB-T
datasets [10, 28, 40] are necessary for addressing above issues. And
fusion of these two data enables long-term object tracking in day
and night.

Our dataset is classified as a RGB-T one as it provides aligned
RGB and thermal video pairs. Compared to other existing datasets,
our dataset has the following advantages: 1) it includes a large

Table 2: Comparison of RGBT210 against other tracking
datasets.
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RGB

OTB50 [43] 29.4K 3.8K ✓ ✓ ✓ 2013
OTB100 [44] 59K 3.8K ✓ ✓ ✓ 2015
VOT2014 [23] 10.3K 1.2K ✓ ✓ ✓ 2014
VOT2015 [22] 21.8K 1.5K ✓ ✓ ✓ 2015
Temple-Color [32] 55.3K 3.8K ✓ ✓ ✓ 2015
NUS-PRO [27] 135.8K 5K ✓ ✓ ✓ 2016

Thermal
OSU-T [9] 0.2K - ✓ ✓ - 2005
ASL-TID [38] 4.3k - - - - 2014
TIV [45] 63K 5.9K - - - 2014
LTIR [14] 11.2K 1.4K ✓ ✓ ✓ 2015

RGB-T

OSU-CT [10] 17K 2K ✓ ✓ - 2007
LITIV [40] 6.3K 1.2K - - - 2012
GTOT [28] 15.8K 0.7K ✓ ✓ ✓ 2016
Ours 210K 8K ✓ ✓ ✓ 2017

amount of annotated highly-accurate frames (total frames: 210K,
maximum frames per sequence pair: 8K), which allows trackers to
perform the large-scale performance evaluation. 2) Due to the su-
perior imagingmechanism, its alignment across modalities is more
accurate, and does not require any pre- and post-processing (e.g.,
stereo matching [24, 28] and color correction [20]). 3) Its occlusion
levels, including no, partial and heavy occlusions, are annotated
for occlusion-sensitive evaluation of different algorithms. 4) Since
the imaging parameters of RGB and thermal cameras in our plat-
form are the same and their optical axises are parallel, its videos
can be captured by both static and moving cameras while keeping
the alignment accurate.

6 PERFORMANCE EVALUATION
The experiments are executed on a PC with an Intel Core i7 @3.4
GHz CPU and 16GB RAM. All the codes are implemented in C++
without any code optimization. The proposed tracker performs at
about 5 FPS (frames per second).

6.1 Settings
We present implementation details of the experiments, including
parameter settings of the proposed approach, two datasets, base-
line trackers, and evaluation metrics. The source code, the new
dataset, the baseline trackers and the evaluation results will be
available online for free academic usage and accessible reproducible
research.

Parameters. For fair comparisons, we fix all parameters and
other settings in all experiments. We partition the bounding box
into 64 non-overlapping patches to balance accuracy and efficiency,
and extract color and gradient histograms for each patch. The di-
mension of gradient and each color channel is set to be 8. To im-
prove efficiency, each frame is scaled so that the minimum side
length of bounding box is 32 pixels, and the side length of a search-
ing window is fixed to be 2

√
W̄ H̄ , where W̄ and H̄ are the width

and height of the scaled bounding box, respectively.
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Figure 3: (a) and (b) denote the evaluation results on our RGBT210 dataset and the public GTOT benchmark, respectively. The
representative score of PR/SR is presented in the legend.

Although (9) seems complex, its parameters are easy to tune,
and the tracking performance is insensitive to parameter varia-
tions. On one hand, to simplify our parameters, we let λ = γ , and
empirically set them to 0.1. The smoothness parameter α and the
fitting parameter β of s are correlated. And we set α = 100β =
15. The parameters of A are set to be {δ ,ω} = {11, 1}. All pa-
rameters are optimal by varying them on a certain scope. On the
other hand, when we slightly adjust the parameters, tracking per-
formance only changes a little, we find the results are slightly dif-
ferent from current settings (show in Table 5). In Struck, we empir-
ically set {ν , ζ } = {0.67, 0.35}.

Datasets. RGBT210 is a new dataset created by us, which in-
cludes 210 highly-aligned RGB-T video pairswith about 210K frames
in total. More details are presented in Section 5. This dataset pro-
vides a comprehensive platform for large-scale evaluation.

To further demonstrate the effectiveness of the proposedmethod,
we also conduct the comparison on the public dataset GTOT [28].
GTOT includes 50 aligned RGB-T video pairswith about 15K frames
in total. And each frame pair is annotatedwith ground truth bound-
ing box. It also provides the fine-grained annotations (i.e., 7 at-
tributes) to analyze the attribute-sensitive performance of other
trackers.

Baselines. On GTOT, we use the RGB-T baseline trackers im-
plemented in [28] to evaluate the proposed approach. In particular,
some of these RGB-T trackers first concatenate RGB and thermal
features into a single vector, and then employ existing RGB track-
ers to perform object tracking.

Following this strategy, we implement several new RGB-T base-
lines for comprehensive evaluation, including CNN+KCF+RGBT
, KCF [19]+RGBT , MEEM [49]+RGBT. Here, CNN+KCF+RGBT is
implemented as follows: we first utilize two-streamCNN to extract
the specific features for different modalities, where one CNN is ap-
plied to process the RGB stream and the another is used to handle
the thermal stream. The CNNof both two streams has similar struc-
ture as a general deep CNN for image classification (VGG-16 [39],
which directly takes individual object patches as network inputs
followed by 13 convolutional layers and 4 pooling layers). We re-
move the fully connected layers for tracking purpose. Then, we
directly concatenate the features of different modalities into a vec-
tor, followed by KCF to perform tracking.

Additionally, three RGB-T trackers are added in our platform,
including L1-PF [42], JSR [34], and CSR [28]. We also evaluate two
state-of-the-art RGB trackers: DSST [8] (correlation filter-based
tracker) and SOWP [21] (SVM-based tracker).

Metrics. We utilize two widely used metrics, precision rate (PR)
and success rate (SR), to evaluate RGB-T tracking performance.
PR is the percentage of frames whose output location is within
the given threshold distance of ground truth. As in other bench-
marks [43, 44], we set the threshold to 20 pixels to obtain the rep-
resentative PR. Note that GTOT sets the threshold to 5 pixels as
most of its tracked targets are small. Similarly, SR is the ratio of
the number of successful frames whose overlap is larger than a
threshold. By varying the threshold, the SR plot can be obtained,
and we employ the area under curve of SR plot to define the repre-
sentative SR.

6.2 Evaluation on RGBT210
We first present the evaluation results on RGBT210 against 8 pop-
ular trackers, as shown in Figure 3 (a). The comparison curves
show that our tracker outperforms others with a clear margin. Ta-
ble 3 presents the attribute-based comparison results of our tracker
with recent 8 trackers on RGBT210. The superior results over other
methods demonstrate the effectiveness of our method in handling
sequences with various challenging factors. We analyze the details
as follows.

Comparison with RGB trackers. We evaluate our method
with several state-of-the-art RGB trackers, including SOWP [21]
(most related to our method) and DSST [8] (the winner of VOT2014
competition). Table 3 shows that our method outperform these
trackers, demonstrating the effectiveness of introducing thermal
information in visual tracking. In particular, our tracker outper-
forms SOWP and DSST with 7.6%/5.1%, 15.3%/10.6% in PR/SR, re-
spectively.

Comparison with RGB-T trackers. We further compare our
trackerwith several state-of-the-art RGB-T trackers, includingCSR
[28], JSR [34], L1-PF [42], KCF [19]+RGBT, and MEEM [49]+RGBT.
Figure 3 (a) shows that our tracker significantly outperforms them,
demonstrating the effectiveness of employing RGB and thermal
information adaptively to construct robust object representations
in our approach. In particular, our tracker achieves 18.4%/10.0%,
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Table 3: Precision Rate and Success Rate (PR/SR %) based on attribute of RGBT210 dataset with 8 conventional trackers, includ-
ing CSR, JSR, L1-PF, DSST, MEEM, CNN, SOWP and KCF. The best and second results are in red and green colors, respectively.

CSR [28] JSR [34] L1-PF [42] KCF+RGBT [19] MEEM+RGBT [49] CNN+KCF [19]+RGBT SOWP [21] DSST [8] Ours
NO 68.1/45.2 39.4/27.3 56.3/37.9 56.6/36.3 64.7/41.2 63.7/42.9 75.0/46.1 70.2/41.4 82.4/50.7
PO 52.7/36.6 34.8/23.7 47.7/31.0 49.6/31.6 57.4/35.5 56.0/36.4 61.3/39.5 57.0/35.1 75.4/48.3
HO 37.1/24.3 23.8/16.5 30.4/19.5 33.0/22.2 37.2/24.2 36.6/25.9 52.0/32.8 39.4/25.7 53.1/34.1
LI 47.3/31.1 35.1/24.1 41.2/26.3 48.3/30.4 39.2/25.6 52.8/34.5 48.3/30.7 47.8/29.0 71.6/44.7
LR 46.0/23.1 27.9/15.4 45.5/22.0 42.6/26.2 44.9/23.4 54.6/32.5 51.0/29.1 52.8/29.1 65.8/37.5
TC 43.2/29.3 26.3/16.6 34.8/21.8 39.0/24.1 58.2/35.6 49.6/33.2 70.0/44.9 50.9/32.2 64.9/40.7
DEF 44.7/33.0 26.2/20.8 33.3/23.6 40.6/29.5 48.7/33.5 44.8/34.4 61.4/41.7 46.5/33.0 65.3/45.9
FM 42.6/25.0 19.3/11.9 26.8/16.3 33.3/19.1 43.5/26.8 37.1/24.1 56.0/32.3 34.4/21.2 58.0/33.1
SV 53.3/37.5 33.5/22.8 45.8/30.7 42.4/27.5 52.8/33.0 50.3/32.6 62.8/37.7 58.7/33.5 67.4/41.7
MB 34.7/23.8 19.9/14.9 26.7/19.0 29.1/20.7 46.2/31.4 30.4/22.0 55.2/38.3 32.3/23.2 58.6/39.6
CM 38.9/27.4 26.3/19.8 32.6/22.2 37.5/26.0 48.7/31.9 35.8/27.0 55.8/36.9 38.7/26.9 59.0/40.7
BC 38.4/23.7 27.0/16.9 31.4/18.1 41.0/25.6 40.5/23.4 42.3/28.4 47.2/28.6 43.8/26.3 58.6/35.5
ALL 49.1/33.0 31.1/21.3 42.0/27.4 44.0/28.5 50.5/31.9 49.3/33.1 59.9/37.9 52.2/32.4 67.5/43.0

Table 4: PR/SR (%) of the proposedmethodwith the different
versions on GTOT.

Ours Ours-RGB Ours-T Ours-noS Ours-noR Ours-noA

PR 85.121 69.350 73.796 76.960 84.115 82.548

SR 62.828 53.537 56.836 58.650 62.527 61.860

Table 5: Evaluation of parameter sensitivity on GTOT.

Param Setting PR/SR Param Setting PR/SR

δ
5 83.0/61.3

α
10 83.3/62.1

11 85.1/62.8 15 85.1/62.8
15 82.6/61.4 20 82.1/61.2

β
0.05 84.5/62.6
0.15 85.1/62.8
0.5 84.6/62.4

36.4%/21.7% and 25.5%/15.6% performance gains in PR/SR over
CSR, JSR and L1-PF, respectively.

Comparison with deep learning tracker. We also evaluate
with popular deep learning basedmethod, includingCNN [39]+KCF
+RGBT presented in the Figure 3 (a). Overall, our tracker achieves
a superior performance than CNN+KCF+RGBT in all challenges
from the Table 3. In particular, our method also has the following
advantages over the deep learning based method. 1) To obtain bet-
ter tracking performance, CNN-based method usually need new
labeled training data to adapt to the new task. We train our model
using the ground truth in the first frame, and update it in subse-
quent frames. 2) It is easy to implement as each subproblem of
proposed model has a closed-form solution.

6.3 Evaluation on GTOT
For further demonstrate the effectiveness of the proposed approach,
we also perform evaluation on the public benchmark dataset GTOT.
The comparison curves in Figure 3 (b) show that our tracker sig-
nificantly outperforms other baseline trackers in both PR and SR.
In particular, our tracker significantly outperforms the top second
tracker CSR [28], achieving 10.2% gain in PR over it. Note that our
SR is only achieves 1.3% gain over CSR, which suggests the par-
ticle filter based sampling strategy is more effective than ours in
scale estimation. In future work, we will combine this strategy in
our framework for better handling scale variations.

6.4 Component Analysis
To justify the significance of themain components usingGTOT,we
implement 5 special versions of our approach for comparative anal-
ysis including: 1) Ours-RGB, that denote only using the single RGB
information in our tracking algorithm. 2) Ours-T, that just consider
the thermal information as the input. 3) Ours-noS, that remove the
patch weights in our algorithm. 4) Ours-noR, that give each modal-
ity a fixed weight, here, we set each modal weight to 1/2. 5) Ours-
noA, that removes affinity learning, and directly utilize the rep-
resentation coefficients to diffuse patch weights. Table 4 presents
the evaluation results of our algorithm.We can draw the following
observations and conclusions. 1) Ours outperform Ours-RGB and
Ours-T, which suggests that the effectiveness of fusing RGB and
thermal information. 2) Introducing patch weights into the object
representations benefits to suppress the effects of background in
tracking by observing the weaker performance of Ours-noS than
others. 3) Ours outperform Ours-noR and Ours-noA which jus-
tify the effectiveness of the modal weights and the effectiveness
of learning graph affinity matrix A, respectively.

7 CONCLUSION
In this paper, we presented a graph-based approach for RGB-T
tracking, which jointly learnt the modality weights, the sparse rep-
resentations, and the graph. The optimized modality weights and
patch node weights were incorporated into the Struck algorithm
to perform object tracking while suppressing the effects of back-
ground information. In addition, we also contributed a comprehen-
sive dataset for RGB-T tracking purpose. Extensive experiments
demonstrated the effectiveness of the proposed approach and the
big challenges of the created dataset. Our future work will concen-
trate on developing a more powerful graph model, e.g., integrating
both local and global cues, for RGB-T tracking, and expanding our
evaluation platform with more challenging video sequences and
baseline approaches for facilitating the related research on RGB-T
tracking.
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