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A Saliency Prior Context Model
for Real-Time Object Tracking

Cong Ma , Zhenjiang Miao, Member, IEEE, Xiao-Ping Zhang, Senior Member, IEEE, and Min Li

Abstract—Real-time object tracking has wide applications in
time-critical multimedia processing areas such as motion analysis
and human–computer interaction. It remains a hard problem to
balance between accuracy and speed. In this paper, we present
a fast real-time context-based visual tracking algorithm with a
new saliency prior context (SPC) model. Based on the probability
formulation, the tracking problem is solved by sequentially
maximizing the computed confidence map of target location in each
video frame. To handle the various cases of feature distributions
generated from different targets and their contexts, we exploit low-
level features as well as fast spectral analysis for saliency to build a
new prior context model. Then, based on this model and a spatial
context model learned online, a confidence map is computed and
the target location is estimated. In addition, under this framework,
the tracking procedure can be accelerated by the fast Fourier
transform. Therefore, the new method generally achieves a real-
time running speed. Extensive experiments show that our tracking
algorithm based on the proposed SPC model achieves real-time
computation efficiency with overall best performance comparing
with other state-of-the-art methods.

Index Terms—Context model, fast Fourier transforms, object
tracking, saliency.

I. INTRODUCTION

V ISUAL object tracking is an important research topic in
multimedia processing. Aimed at estimating the location

of target in videos, visual tracking has been widely applied
to multimedia fields such as surveillance, video editing, activ-
ity recognition, and human-computer interaction. However, the
tracking task is rather challenging due to various factors such as
occlusion, deformation, illumination variation, scale variation,
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fast motion, and background clutters, etc. Various methods have
been developed to solve these issues.

A popular trend of visual tracking research in recent years is
the wide adoption of discriminative learning methods, such as
[1]–[5]. These methods treat the tracking task as a binary classi-
fication problem and work on distinguishing the target from its
background. With better exploitation of the background infor-
mation, these methods tend to perform better than conventional
approaches based on motion models. However, the discrimina-
tive methods face challenges such as lack of samples, confusion
of classifying boundaries, and so on. There are not enough
cognitive proofs supporting human eyes tracking in such dis-
criminative ways either. Moreover, many current methods run
at a rather low speed with expensive computing cost, limiting
their practical applications. Therefore, it is valuable to explore
for fast-speed and well-explained tracking methods.

On the other hand, non-discriminative methods have not been
left out by researchers. They generally search for best matched
regions in successive frames as results. Most of recent generative
methods such as [6]–[8] focus on building a good representation
of the target. Different object representations and model learning
techniques have been developed. Furthermore, beyond model-
ing the appearance of target itself, some researchers utilize the
local context of a target. As the surrounding background of an
object can provide some useful information of the spatial rela-
tionship between the object and its neighbors, making a better
use of target context may enable us to acquire similar advan-
tages of those methods using background information. Inspired
by this idea, some context-based approaches such as [9]–[11]
were proposed and achieved good performance.

Furthermore, according to relevant psychological and cog-
nitive findings (e.g., [12], [13]), the visual attention mecha-
nism can be introduced to obtain better appearance models and
develop more stable and humanoid tracking approaches. With
methods that can rapidly localize salient regions in a scene, we
can find targets in a more efficient way when carrying out track-
ing. In our work, we utilize the sparsity of salient regions in a
scene to model the prior possibility of the target location in a
local context. Unlike those works use saliency information for
target appearance modeling or sample selection, we implement
tracking based on the proposed saliency prior context model
under a context tracking framework.

In this paper, we present a fast tracking method with our
new saliency prior context (SPC) model. Firstly, noting that
the STC tracker [11] may fail in some cases such as fast-motion
and non-symmetrical targets, we incorporate saliency in context
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Fig. 1. Example tracking results for the proposed SPC method compared with the STC tracker. Frames are taken in the middle parts of the dataset sequences.

modeling for better flexibility and robustness. Secondly, differ-
ent from other saliency models for tracking, our model is based
on both spectral analysis and low-level features to effectively
represent the whole target context. Extensive evaluation shows
that our method achieves better performance in accuracy on the
tested sequences against several state-of-the-art algorithms. In
addition, as the proposed model achieves a good balance be-
tween simplicity and describing ability, our method maintains a
real-time speed, faster than most of the tracking algorithms that
utilize generative models. A qualitative illustration of tracking
results of context tracker STC [11] and our SPC methods is
shown in Fig. 1.

The organization of this paper is as follows. First we intro-
duce related work in Section II. Then the proposed new model is
described in Section III. Our tracking framework and algorithm
are derived in Section IV. Section V gives algorithm implemen-
tation details. Extensive experiments are conducted to evaluate
and analyze our new method in comparison to existing methods
in Section VI. Section VII concludes the paper.

II. RELATED WORK

A. Tracking Based on Appearance and Context Models

While discriminative methods are popular, some non-
discriminative trackers have considerable performances. Most
of them focus on developing better appearance models for the
target. On-line learning techniques are widely used. D. Ross
et al. propose the IVT method [8], which learns an extended
appearance model across frames by incremental PCA. Sparse
representations of target objects have been adopted for some
methods [14]–[16]. Bao et al. [6] make improvements to L1
trackers with a new minimization model and a fast numerical
solver. Distribution fields are also used to build the appearance
descriptor for target in [7].

Beyond methods based on appearance models, context-based
tracking approaches are a series of methods with good prospect.
Intuitively, regions surrounding an object will provide addi-
tional visual information that can facilitate tracking. For exam-
ple, auxiliary objects in the local context may be under some
spatial constraint, which will help further locating the target.
Yang et al. [10] do collaborative tracking with a set of aux-
iliary objects for efficient and robust tracking. Context-based
methods are especially advantageous in occlusion cases. This is
proved by Grabner et al. [17], who learn supporters in context

that are useful for locating the target. Cui et al. [18] introduce
context information into mixture trackers to handle occlusion
in multiple object tracking. Dinh et al. [9] exploit the context
information by extracting local feature of keypoints surround-
ing a target. Keypoints in the context are also used in [19].
Different from them, the STC tracker [11] proposed by Zhang
et al. is a context-based method which solves the computation-
ally expensive problem using FFT. This method learns a dense
spatio-temporal model based on a Bayesian formulation, which
utilizes the whole context pixels, not limited to keypoints. We
note that the prior model plays an important role in this frame-
work, but its describing ability is not fully developed. Therefore
we reorganize the probability derivation and propose a better
model for the context prior.

B. Tracking Incorporating Saliency

With the rapid development of saliency detection methods
in recent years, incorporating saliency into tracking algorithms
have been proposed in many publications to facilitate the ro-
bustness and accuracy for tracking. Quite a few researches on
cognition such as [12] and [13] have discussed the relationship
between visual saliency and tracking. Mahadevan et al. [20]
claim that human visual tracking is achieved by the top-down
tuning of center-surround saliency mechanisms.

Practically, there are some works exploiting saliency for as-
sisting the locating of target object. Ma et al. [21] predict the
object location by searching in the saliency map based on their
attention model. Luo et al. [22] propose to detect and track
salient object by finding a spatio-temporal path in consecutive
frames. While many other works attempt to incorporate saliency
into appearance models [23]. Fan et al. [24] use discriminative
spatial attention regions to handle the distractions that have sim-
ilar visual appearances to the target.

However, these methods mostly focus on the target appear-
ances alone, omitting the auxiliary objects or local contexts. In
context-based tracking methods there are not so much work in-
troducing saliency to the representation for context. Our saliency
prior context model contributes to this topic. In [25], a spectral
saliency model is proposed to predict human fixation points via
spectral analysis, utilizing the spatially sparse properties of gen-
eral foreground objects. Such generated saliency map assumes a
small object and does not contain detailed appearance informa-
tion, thus cannot be adopted in the context tracking case due to
object location ambiguity. To solve the ambiguity problem, we
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Fig. 2. Illustration of target context. The red rectangle denotes the target
bounding box and the blue one shows the context.

introduce an additional feature-based probability distribution
from spatially weighted features of the context region. Mean-
while, we enhance the spectral approach in [25] by obtaining
a smoothed map and converting it to a sparsity-based probabil-
ity distribution. The proposed new context model is formulated
as a mixture of two distributions for robustness, as introduced
below.

III. A NEW SALIENCY PRIOR CONTEXT MODEL

To achieve a better exploitation of local background infor-
mation of the target, we utilize the concept of context (i.e., the
neighborhood or surrounding region of the target object). Practi-
cally, we set context as a rectangle region surrounding the target
center with quadruple size as the target bounding box. A simple
illustration of target context is shown in Fig. 2.

Specifically, we build a model to describe the context. Without
any historical information of target location observation, this
model is a global prior model of the context area.

Define X as the context location set and z ∈ X as an arbitrary
location in the context. The context feature at location z is de-
noted by c(z). For a target object in the context region, its actual
location o cannot be directly observed. Our goal is to estimate
the target location. The possible target location in the context
can be described with joint probability P (c(z), o). This is the
probability formulation used for future framework derivation in
Section IV.

Here we discuss about the modeling of this probability. Es-
sentially, a target is generally conspicuous compared to its local
background. With a saliency method, we can get close to the
approximate target position in the context. This is thought to
be one of the guiding mechanisms of human visual tracking.
Based on image saliency, we propose a context model for the
distribution P (c(z), o) of the target context region, represented
by Co(z). The model Co(z) is formulated as a mixture of two
parts

Co(z) = γCf (z) + (1 − γ)Cs(z) (1)

where γ is a linear coefficient weighting the two distribution
components, empirically set to 0.75 by experiments. The dis-
tribution Cf (z) models the probability of pixel-level context
appearance. The probability distribution of salient foreground
objects in context is modeled by Cs(z). This combination of two

parts provides an estimation of the joint probability distribution
P (c(z), o) in two aspects. We will introduce the two parts in
detail below respectively.

A. Feature-Based Distribution

Low-level features, such as intensity, color, orientation, mo-
tion, contrast information, etc., are widely used by saliency
approaches. It is because that fast guidance of image gist is usu-
ally believed to be driven by bottom-up feature integration. For
simplicity and speed, we omit other cues but intensity. Color
cue does not exist in gray-scale image sequences. Besides, the
computational cost of color (e.g., computing global contrast for
2563 true colors of three channels) or motion (e.g., computing
optical flow) is rather expensive. It is not a good trade-off to
trade significant amount of computing time for a little perfor-
mance improvement, especially when our main task is tracking,
in which speed is a key performance metric. Therefore, an in-
tensity map I(z) at location z is used to model appearance
distribution.

In addition, researches have pointed out that human attention
fixations have a strong center bias [26], which indicates that
more weight should be put on the locations near scene center
in the saliency computing. This is consistent with our context
definition that targets are around the center of context. Therefore
we introduce a Gaussian function ωσ with variance σ to the
model. This will play as a weighting operation on features to
simulate the center bias.

Denoting zc as the center of region and keeping consistent
with former notations, the center bias weight is simulated by a
Gaussian function

ωσ (z) = e−
|z −z c |2

σ 2 . (2)

As discussed above, taking image intensity and center bias
weight into consideration, the first (feature-based) distribution
part of the model Cf (z) is

Cf (z) = I(z) · αωσ (3)

where α is a normalization parameter and ωσ is the weight
function.

B. Sparsity-Based Distribution

By investigating different saliency models, we note that com-
putational models, especially spectral models, fit the application
situation better. Therefore, for the second part of our model,
we cite the Image Signature method [25] and derive a sparsity
map from it, describing the foregrounds of context image. This
method is theoretically based on the sparsity of target compared
to the background [25]. With computations accelerated by FFT,
the processing of the sparsity map is computationally efficient
with satisfactory performance.

The formulation of sparsity map is as follows. Given an im-
age, or specifically, the tracking target context Co(z), its image
signature is defined as the sign function of the Discrete Cosine
Transform (DCT). Define IS(z) as the holistic descriptor where
z ∈ X , we can get

IS(z) = sign(DCT (z)). (4)
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Fig. 3. Illustration of the building of SPC model.

Then by transforming back to the spatial domain, we can ob-
tain a spatial saliency map S(z) by emphasizing and smoothing
the reconstructed image

R(z) = IDCT (IS),

S(z) = g ⊗ (R(z) ◦ R(z)) (5)

where ⊗ denotes the convolution operation and ◦ denotes the
Hadamard production. g is a 10 × 10 Gaussian kernel with
σ = 2.5.

The IDCT reconstructing process is proved in [25] to be
able to concentrate the image energy on the foreground region
and make it conspicuous relative to its background. The obtained
saliency map S(z) represents the distribution of saliency weight
in the image. In order to satisfy the definition of probability, we
use the normalized map as the second distribution part of our
model, which is

Cs(z) =
S(z)

sum(S(z))
. (6)

Finally, we linearly combine the above-mentioned two dis-
tributions to form a complete model, as formulated in (1). An
illustration of the modeling procedure is in Fig. 3.

From the simplification and derivation above we can see that
our model is efficient to implement, which enables the saving
of computational cost in tracking process.

C. Benefits From the Mixture of Two Distributions

In the experiments on STC tracker [11], we observe that the
model for context prior tends to deviate from target center when
targets are not symmetrical or under fast irregular motions, in
such cases the original strategy may not function properly. Our
model solves this problem by mixing two distributions. The
feature-based distribution Cf is based on local features and is
spatially weighted to emphasize the central pixels. This allevi-
ates the location ambiguity but limits the search area. So we
incorporate distribution Cs to provide another view of context.
Smoothed with a big kernel, Cs penalizes scattered noises and
forms a global map of salient spots. Therefore, with both distri-
butions considered, our model extends the estimated distribution
in necessary regions and thus is able to handle various object
motions. In addition, since it is not strictly restricted by ob-
ject shape, the distribution Cs is less influenced by asymmetric
objects. We visualize the distributions to provide an intuitive
illustration as in Fig. 4. From the figure we can see that the
sparsity-based distribution Cs illustrated in Fig. 4(c) is a good

Fig. 4. Illustration of the advantages of mixing two distributions in pseudo
color. (a) is the original context image of target, (b) is Cf , and (c) is Cs

distribution in (1). (d) is the proposed SPC model.

Fig. 5. Flowchart of the whole tracking procedure. From the flow we can see
that our SPC model takes an important part in the framework.

compensation for the feature-based distribution Cf in Fig. 4(b).
Therefore, the final model in Fig. 4(d) has a balanced descrip-
tion of context leading to a better compatibility for abnormal
motions and object shapes.

IV. A CONTEXT-BASED TRACKING FRAMEWORK

We solve the tracking problem by probability distribution
models, a similar framework as in [11]. A confidence map of the
target object location is computed through probability deriva-
tion. Two models are built based on the feature distribution in
the context. One describes the probability of target location in
the context with prior knowledge, which is the prior model. The
other model computes the spatial context features and considers
historical accumulation.

We reinterpret the framework in that the proposed new prior
context model is incorporated in the computation of both spatial
model and confidence map. Fig. 5 illustrates the key tracking
procedure. A brief overview of the whole context-based tracking
framework and problem formulation is as follows.

Denote x as a target location in the context and o as the real
position of existing object in the scene. The goal of tracking is
to find the most possible target location. It is achieved by max-
imizing a confidence map M(x), which denotes the posterior
probability P (o|x) and can be computed as P (x|o)P (o).

In addition, to be consistent with the statements in Section III,
we use c(z) to describe the feature at location z in the context,
where z is a location in the context location set X. For each
observation x, we consider all the context features c(z) to build
a context model. Thus, the likelihood function P (x|o) can be
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interpreted as
∑

z∈X P (x, c(z)|o). We further resolve it into two
parts with the product rule of conditional probability

P (x|o) =
∑

z∈X

P (x, c(z)|o)

=
∑

z∈X

P (x|c(z), o) · P (c(z)|o). (7)

Therefore we have

M(x) = P (x|o)P (o)

=
∑

z∈X

P (x|c(z), o)P (c(z)|o)P (o)

=
∑

z∈X

P (x|c(z), o)P (c(z), o). (8)

Here the first item P (x|c(z), o) models the spatial relationship
between target location x and its context information, and the
second item P (c(z), o) is related to context prior probability.

Accordingly, a spatial context model H(x) is built to
model the conditional probability P (x|c(z), o) using a func-
tion h(x − z) describing relative distance and direction between
two locations x and z, which can be learned and updated across
frames. The probability P (c(z), o) is modeled by Co(z), which
is similar to appearance model and can be computed by low-
level features of the context. It is easy to find that P (c(z), o) is
the probability formulation of our saliency prior context model,
as discussed in the last section. Therefore, we can naturally fit
our model into this framework.

Given the two models, the computation of confidence map
M(x) is formulated as

M(x) =
∑

z∈X

h(x − z)Co(z)

= H(x) ⊗ C(x). (9)

Therefore, by finding the maximum of the computed confidence
map, the most possible position of a target in current frame is
located. This computation of confidence map is a convolution
operation, which can be efficiently computed when using the
FFT algorithm in the frequency domain. Meanwhile, the spatial
context model H(x) can also be updated given the known histor-
ical confidence map M(x) and the prior model C(x) according
to this formula.

In this paper we use the proposed saliency prior context (SPC)
model to implement tracking under this framework. Our model
plays two key roles in the tracking process. Firstly, the spatial
context features of current frame in the frequency domain is
computed using the Fourier transform of our SPC model and
a pre-defined confidence map model. Secondly, the final confi-
dence map of the predicted target location is computed with the
SPC model and the learned spatio-temporal context model.

V. TRACKING IMPLEMENTATION

A. Spatial Context Model

Different from the prior context model, the spatial context
model for P (x|c(z), o) is not computed from context region

directly. To model the spatial relationship between target lo-
cation and its context information, a non-radially symmetric
function hsc(x − z) is defined as in [11]. This function reflects
the relative distance and direction between target location x and
local context location z.

Actually, we can simply denote the function as h(x − z). Ac-
cording to (9), given the model of confidence map, we can com-
pute the spatial context model H(x) of current frame through
frequency domain as

H(x) = F−1
(F(M(x))

F(C(x))

)

(10)

where C(x) denotes the saliency prior context model we defined
in Section III.

However, this computation requires that the confidence map
M(x) is known. With the target location in current frame given,
we can use a confidence map model M(x) to simulate the
confidence distribution.

B. Confidence Map Model

The confidence map M(x) contains the distribution infor-
mation of the target location. In an already tracked frame, the
resulting target center is known. Still denoting target location as
x ∈ X, the confidence map M(x) estimating the target location
distribution is modeled as

M(x) = be−| x −x ∗
α |β (11)

where x∗ denotes the target center, b and α are scale parameters
and β decides the shape of model surface. K. Zhang et al. [11]
discussed the parameter β in detail and set it to 1. We follow
their definition and parameters in this model.

With this model built, the spatial context model of current
frame t can be computed by M(x) and the new SPC model
C(x) according to 10. While in order to compute the confidence
map Mt+1(x) in the next frame t + 1, a better spatio-temporal
context model is needed.

C. Update of Spatiotemporal Context and Predicting

A spatio-temporal context model [11] is defined with histor-
ical information using a running average in the time sequence

H∗
t+1 = (1 − ρ)H∗

t + ρHt (12)

where ρ is a learning parameter and Ht denotes the spatial
context model computed by (10). H∗

t+1 and H∗
t are the spatio-

temporal models accumulated from historical spatial context
models.

In a new frame, with the learned model H∗
t+1 and newly-

computed model Ct+1(x), we can compute the confidence
map as

Mt+1(x) = F−1 [F(Ht+1(x)) �F(Ct+1(x))] (13)

where � denotes the element-wise product. This computation
can also be accelerated by modern fast implementations of FFT.
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TABLE I
IN COMPARISON OF NONDISCRIMINATIVE TRACKERS ON TRACKING ACCURACY: CENTER LOCATION ERROR ON 12 SEQUENCES

Sequence ASLA CPF DFT IVT L1APG ORIA SMS STC SPC

Bird2 14.28 32.12 47.78 56.92 64.04 100.95 23.32 18.71 16.87
bolt 400.43 11.88 367.28 376.27 408.41 83.34 115.20 138.75 73.43
Clifbar 41.49 45.02 30.24 59.20 20.91 48.08 57.54 55.08 60.04
Car4 1.79 35.90 61.94 1.73 77.00 248.65 140.65 11.08 8.56
Coke 61.34 54.77 70.70 85.44 50.45 49.76 81.92 74.32 30.49
David 5.10 26.13 42.88 4.82 13.95 24.92 24.18 11.92 8.51
Girl 7.61 18.20 23.98 20.75 2.80 17.46 7.81 17.08 8.05
Jumping 57.07 59.93 67.08 61.56 83.74 70.25 37.21 67.22 46.33
MountainBike 7.75 212.57 155.08 7.66 8.25 6.97 135.32 7.03 6.38
Shaking 79.54 184.33 26.29 87.15 109.84 24.37 180.43 9.66 8.75
Sylvester 18.36 14.68 44.88 36.66 26.24 5.57 18.36 9.45 5.95
Woman 153.61 115.46 8.50 188.53 128.68 176.32 99.34 12.97 12.31
Average CLE 70.70 67.58 78.89 82.22 82.86 71.39 76.77 36.11 23.81

Therefore, the predicted target location x∗
t+1 in the new

frame is

x∗
t+1 = arg max

x∈X
Mt+1(x). (14)

Fig. 5 shows the updating and predicting procedure of track-
ing implementation described previously.

From the above derivations we can see the importance of
prior context model Co(z). Compared to the model in the STC
method [11], the new SPC model makes better use of appearance
of the local context. With more saliency information, the context
prior is modeled more precisely. Therefore, our model brings a
considerable improvement in the overall algorithm performance
under the context based tracking framework.

VI. EXPERIMENTS AND DISCUSSIONS

A. Experimental Setup

Parameters: There are only a few parameters in our new
model. As described in previous sections, the size of context
region is set to quadruple the target size. For example, if the
current target bounding box is 50 × 50, then the required con-
text region is 100 × 100 and there are 10000 points used for
modeling in the current frame. Note that all pixel points in the
context are used in the calculation of our model to generate a
full-resolution map. γ in (1) is set to 0.75, σ in (3) is set to the
mean value of image height and width, and the Gaussian kernel
g in (5) is 10 ∗ 10 with σ = 2.5. Parameters in the confidence
model M(x) and in updating are kept the same with those in
[11]. Code is written in MATLAB and runs on a PC with i5
3.10 GHz CPU and 12 GB RAM.

Datasets and Comparisons: We evaluate our new algorithm
using 12 video sequences (see Fig. 1) against 12 well-known
methods as well as the STC method. As for datasets, a recent
TB-100 dataset1 in a recent benchmark evaluation of trackers
[27] is public available. To be consistent with the evaluation in
the original paper [11], video sequences we used in the experi-
ments are the intersection of dataset used by [11] and the public
TB-100 dataset (i.e., all the accessible sequences). As discussed

1[Online]. Available: http://cvlab.hanyang.ac.kr/tracker_benchmark/datasets.html

TABLE II
IN COMPARISON OF DISCRIMINATIVE TRACKERS ON TRACKING

ACCURACY: CENTER LOCATION ERROR ON 12 SEQUENCES

Sequence CT CSK CXT TLD Struck SPC

Bird2 141.56 18.29 50.23 50.81 43.87 16.87
bolt 374.41 429.39 380.63 87.99 387.54 73.43
Clifbar 19.05 57.43 38.97 20.44 72.59 60.04
Car4 87.65 19.13 52.39 87.03 6.80 8.56
Coke 33.72 13.64 19.03 32.06 15.77 30.49
David 16.51 17.69 7.53 34.26 10.88 8.51
Girl 18.08 19.34 5.51 8.32 2.69 8.05
Jumping 53.71 85.97 3.12 7.64 5.69 46.33
MountainBike 121.25 6.50 181.70 213.01 12.13 6.38
Shaking 57.01 17.16 127.94 68.47 23.25 8.75
Sylvester 20.20 9.92 23.78 9.88 6.16 5.95
Woman 120.26 207.33 98.08 78.90 3.48 12.31
Average CLE 88.62 75.15 82.41 58.23 49.24 23.81

in previous works [11], [27], these video sequences contain chal-
lenging factors including illumination variation, scale variation,
occlusion, deformation, motion blur, background clusters and
so on, with 5989 frames in total. The name of sequences are
listed in the result Tables I and II and Fig. 11. The trackers we
use for comparison are: ASLA [14], CT [2], CPF [28], CSK [3],
CXT [9], DFT [7], IVT [8], L1APG [6], ORIA [29], SMS [30],
TLD [31] and Struck [1], as well as the STC tracker [11]. Most
of them are recent state-of-the-art methods. Codes or binaries
for these trackers except STC also come from the benchmark
evaluation work in [27], with all the parameters fixed as is.

B. Evaluation Metrics

To assess the proposed method, we adopt three widely-
used statistical evaluation metrics: average center location error
(CLE), average frame per second (FPS), and the precision curve.

The CLE metric is defined as the Euclidean distance (in
pixel) between the center locations of the tracking result and
the ground-truth, widely used in the literature [5], [11], [32]. On
a sequence with N frames, the CLE metric is defined as

CLE =
1
N

N∑

k=1

√
|xk

t − xk
g |2 + |yk

t − yk
g |2 (15)
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Fig. 6. Precision curve of eight non-discriminative trackers comparing with
SPC. Higher curve means better accuracy. Best viewed in color.

where x and y are coordinates, and subscript t denotes the
tracking result and g for ground-truth. For each video sequence
the average CLE is computed. Average CLE value is the lower
the better.

Moreover, the precision curve [3], [4], [27] shows the per-
centage of frames that are correctly tracked to some degree. If
the predicted target center of a frame is within a given thresh-
old distance of the ground truth, this frame is considered to
be correctly tracked. Plotting the precision score along all the
thresholds forms the curve. A higher curve means the evaluated
tracker is more accurate.

On the other hand, the FPS metric is more intuitive. By count-
ing how many frames are processed in a second, it reflects the
running speed of the algorithm, which is also computed on each
sequence and gives an average result for evaluation. Different
from CLE, a bigger FPS value is better.

C. Results and Discussions

Considering the difference between discriminative trackers
and non-discriminative trackers in nature, we draw the preci-
sion curves and list detailed CLE metrics for the two groups
separately to have a clear comparison on accuracy, and also
show the average CLE and FPS metrics in total. The analysis
and discussion based on experimental results are given at the
end of this section.

Comparison with non-discriminative trackers: We com-
pare the proposed method with several well-known non-
discriminative tracking methods on 12 sequences. Table I shows
the comparison of center location error on 12 sequences and
Fig. 6 shows the accuracy of trackers. In the table, the best re-
sults in each line are in bold and the second best results are
underlined. We can know from the experimental results that our
method outperforms the rest top-level non-discriminative meth-
ods on overall accuracy and achieves most good results on these
sequences.

Comparison with discriminative trackers: We also take sev-
eral discriminative trackers to comparison. As a popular group
of tracking methods, many of them reach the state-of-the-art

Fig. 7. Precision curve of five discriminative trackers comparing with SPC.
Higher curve means better accuracy. Best viewed in color.

Fig. 8. Average center location error on 12 sequences of 14 trackers in com-
parison. The lower the better.

level. From Table II and Fig. 7 we can see that our method
is also comparable with the best of them on tracking preci-
sion curve, while the average CLE of our method is the best
(in bold). Among these trackers, the CXT tracker [9] is also
a context-based tracking method, it is apparent to see that our
SPC method has a far better performance.

Altogether: Putting Tables I and II together, we provide the
average CLE metric results of all 14 trackers on all the 12
sequences for a fair evaluation of the overall performance, as
Fig. 8 shows. We can see that our method is the best of all the
trackers listed.

The running speed is also an important metric for a method,
as it decides whether the algorithm is possible or valuable to be
applied to practical uses. Fig. 9 shows the running speed of all
the above mentioned trackers by FPS metric and spot the real-
time trackers with a line. We can see that our method certainly
shows a real-time computing performance.

To further show the general performance taking both accu-
racy and speed into consideration, we can refer to Fig. 10 for a
better view. The dashed line still represents the real-time perfor-
mance, while the arrow in Fig. 10 shows the direction of better
performance.

Discussions on performance: The precision curve and av-
erage CLE metrics reflect the accuracy performance in as-
pects of correct frame number and location error respectively.
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Fig. 9. Frame-per-second metric of all trackers in comparison. Considering
processing 25 frames a second as the real-time speed, we draw a line to show
this threshold. Higher than 25 fps is considered to be a real-time performance.
For viewing convenience, we use the log form of y-coordinates.

Fig. 10. Performance of the proposed SPC method in comparison to several
baseline trackers. X-coordinate is the average CLE metric and Y-coordinate is
the FPS metric. Therefore, higher and more left is the better, as the arrow points
out. Higher than the dashed line indicates the real-time performance.

Though in Fig. 7 the precision curve of Struck method is close
to the proposed method, from the data in Fig. 8 we can see that
the average location accuracy of our algorithm is apparently
better than the Struck method. This means that our method pre-
dicts more accurate target locations in the whole frames. And
data in Fig. 9 show that our method is more than 3 times faster
that Struck. Therefore the over-all performance of the proposed
method is better than the Struck method.

With the proposed saliency prior context (SPC) model, our
method improves the tracking performance considerably in
comparison to the STC method [11] with a similar context-
based framework. Figs. 6 and 8 and Table I shows that our
method achieves much better performance in both frame preci-
sion and location accuracy. As a necessary trade-off, the speed
of our method is lower than STC, but we note that our method
still achieves a real-time performance at over 64 fps, faster than
many other trackers. It is indeed sufficient for real-time appli-
cations, as most normal videos are taken at about 30 fps or
fewer. Therefore our method achieves a good trade-off between
performance and time complexity.

Fig. 11. Comparison with STC tracker: center location error (lower the better).

Fig. 12. Comparison with STC tracker: case study. The left parts of each sub-
figure are the tracking results where red rectangles denote results of the proposed
method and blue denotes the STC method. The right parts are visualization of
our context model at the specific frame. (a) Frame 18, Sequence Bolt. (b) Frame
200, Sequence Girl.

In order to show our improvement to the STC tracker con-
cretely, we draw the average CLE of the two methods on each
sequence, as shown in Fig. 11. We can see that our method
performs quite well on some hard sequences such as Bolt and
Coke, which contain challenges of confusing appearances, de-
formation and occlusion. This result benefits from the saliency
mechanism in our model which fits better in complicated situa-
tions. For example, the tracking result of STC tracker starts to
drift at frame 18 in Sequence Bolt and frame 200 in Sequence
Girl, when our method keeps relatively better results. We visu-
alize the tracking results of two trackers and our model states
at these frames in Fig. 12. From the model visualization we
observe that our model provides a proper implication for the
possible target location though under challenges of deformable
object or irregular motion, therefore avoiding drift successfully.

By the attributes of the most successful sequences (Bird,
Coke, MountainBike, Shaking, Woman, etc.) according to the
benchmark work [27], we know that our method is robust against
challenging factors including occlusion, deformation and out-
of-plane rotation, etc. However, we also see that in some cases
such as Cliffbar and Jumping, the new SPC method does not
perform the best. By observing the appearances of targets in
these sequences, we can see that there are heavy motion blurs
in the target context. This might be the reason of inaccuracy in
results. It will be a future topic to improve the robustness of our
model to heavy blurred contexts.

Discussions on different models: Here we show how the pro-
posed model achieves better performance compared with other
related models.
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Fig. 13. Illustration of the performances with different kernel sizes of smooth-
ing on Cs of the SPC model. Ksize denotes the size of smooth kernel.

Fig. 14. Illustration of the mixture weight γ in (1).

Firstly, the most important difference between the sparsity-
based distribution Cs in our model and the descriptor in [25] is
the smoothing in (5). The smoothing procedure is important in
two ways: (a) It can suppress small noises and extend the salient
spots to a bigger region. (b) The smoothing makes it possible to
locate target in a bigger area when the target moves fast or in
an irregular way. Therefore, we use a big kernel to smooth the
map. Fig. 13 shows the differences of model performances with
different smoothing kernel sizes.

From Fig. 13 we can see that with Cs smoothed, the tracking
performance is much better than those without the smoothing
procedure or with a small smoothing kernel. It is consistent
with our above expectations. In addition, we note that when
the smoothing kernel is too big, the performances will also
decrease due to the fact that the object size is limited. Therefore,
a smoothing procedure with proper parameters is important.

In addition, our proposed model includes two distributions.
Here we show that the mixture of two distributions helps im-
prove the tracking performance significantly compared with the
two distributions alone. From the definition of (1) it is easy to

know that when γ = 1 the model is Cf and when γ = 0 the
model equals to Cs . We illustrate the performances in this two
cases and compare them with our model and the STC tracker
[11], as in Fig. 14. We can see that the mixture of two distribu-
tions (the proposed method with γ = 0.75) shows considerable
advantage over both the two distributions alone. Note that the
performance of STC method is close to the curve with γ = 1.
This is consistent with the fact that STC uses only Cf .

VII. CONCLUSION

In this paper, we introduce a context-based visual tracking
method with a new saliency prior context (SPC) model. By ap-
plying saliency analysis to the whole target context, we build a
new SPC model to describe the context prior in context-based
tracking. Benefited from the incorporated saliency information,
our model is more precise in estimating the possible target loca-
tion in context. And the fast computation of the model ensures
it is not a heavy drawback in speed. Thanks to the convolu-
tion operation derived from the joint probability, the FFT is
applied to the main tracking procedure, achieving a real-time
high speed. By extensive experiments, we show that compared
to existing visual tracking methods, the new algorithm achieves
real-time computational efficiency with overall best location
accuracy performance and a better flexibility compared with
original method. Besides the state-of-the-art performance, our
model is efficient to implement. Therefore, this new method
have the potential to be applied to real-world practical systems.
Since the saliency method we use is designed for still images,
the proposed model sometimes is not stable enough in certain
cases with heavy motion blur. In the future work, motion fea-
tures may be incorporated to the model to further improve the
robustness of the model.
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