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1 Introduction

Object tracking is a hot topic in computer vision and has 
many applications, such as vehicle navigation, video sur-
veillance, human-computer interaction, etc. Though much 
progress has been made in recent years [1], it is still a very 
difficult task to design a robust and efficient tracking algo-
rithm in challenging scenes. The difficulties are the tracker 
should work adaptively in fast illumination change, large 
pose variation, severe occlusion and cluttered background, 
and runs in realtime.

To enable robust and efficient tracking, two major mod-
ules need to be designed: appearance model and tracking 
strategy. The appearance model usually learns an invariant 
representation of an arbitrary target and incrementally tune 
itself to maintain good performances under different con-
ditions. This task could be challenging as the target may 
undergo sudden visual changes (e.g. color, pose) or partial 
occlusion by similar objects. And the goal of a tracking 
strategy is to find the most probable location in the input 
image. Thus the tracking results are obtained by optimizing 
a pre-defined objective (e.g. distance, similarity) function. 
This objective function is usually defined by the appear-
ance model. Besides, the online updating samples usually 
come from the tracking results. Thus, the updating of the 
appearance model is also related to the tracking strategy. So 
the success of the two modules is not independent of each 
other.

Tracking performances can be promoted by improving 
the appearance model and tracking strategy simultaneously. 
Thus, we propose a new object tracking algorithm with 
adaptive appearance learning and occlusion detection in 
an efficient self-tuning particle filter framework. The main 
contributions of this paper include: (1) The appearance of 
a target object with multi-modality is modeled with a set 
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of weighted and ordered submanifolds, which can guaran-
tee the adaptability when there is fast illumination or pose 
change. Efficiency is improved using the temporal coher-
ence in the process of searching the best matched submani-
fold. (2) To overcome the occlusion problem, we use the 
reconstruction error data of the appearance model to extract 
the occlusion region by graph cuts. When an occlusion is 
detected, the tracking result is improved with feedback 
of occlusion detection. And the updating problem is also 
alleviated. (3) To overcome abrupt motion problem, multi-
modality of state transition distribution is also taken into 
account in the motion model. (4) The number of samples 
is tuned with respect to scene conditions in a fuzzy logic to 
improve the efficiency of traditional particle filter.

The remainder of the paper is organized as follows. 
First, related work are reviewed in the next section. Then 
details of the proposed algorithm are described in Sect. 3. 
Next, experiments and analysis are presented in Sect. 4. 
Last, we draw conclusions in Sect. 5.

2  Related work

Appearance model plays a critical role in object tracking. 
And current appearance modeling strategies can be mainly 
divided into two categorizes: discriminative methods [2–7] 
and generative methods [8–12]. A discriminative method 
treats tracking as a binary classification problem between 
object and background. Grabner et. al. [3] proposed an 
online AdaBoost feature selection algorithm for tracking. 
Their method could run in real-time but would cause drift-
ing problem. Then semi-supervised online boosting [13] 
algorithm is proposed to alleviates the drifting problem 
by combining decision of prior information and an online 
classifier. In [2], online multiple instance learning is used 
instead of supervised learning to avoids drifting problem 
caused by incorrectly labeled trainging examples. This 
method is robust to partial occlusion. A generative method 
treats tracking as searching for the region with highest sim-
ilarity to a pre-trained or online learned appearance model. 
In [8] an online subspace learning algorithm is proposed to 
incrementally update the appearance model during track-
ing. This method works well in many challenging scenes. 
But it may not handle well fast appearance changes or 
multi-view appearance modeling, as only a single subspace 
is used to represent the object. To account for the highly 
nonlinearity properties as fast appearance variations, prob-
abilistic appearance manifolds [14] and conceptual mani-
fold learning [15] are proposed. In [16–18], graph based 
semi-supervised learning and manifold learning algorithms 
are proposed to solve the multi-view data modeling prob-
lem, which can also be utilized to improve the multi-view 
appearance modeling in tracking. In [19, 20], the tracker is 

decomposed into multiple basic tracker with sparse prin-
ciple component analysis. So visual tracking can be more 
robust to severe conditions in real scenes. Recently, track-
ing by utilizing sparse representation is a very hot topic, 
which was first introduced by [10]. Though there is an 
implicit advantage of robustness to large image corruptions 
using sparse representation in tracking, the computation 
cost is a little high. Then efficiency is improved in [21–23]. 
And occlusion problem is also alleviated by occlusion 
detection [21, 24] or a local sparse appearance model [25].

Tracking strategy can be deterministic [3, 26] or stochas-
tic [27, 28]. The deterministic strategy usually estimates the 
target’s location by a gradient descent search of a cost func-
tion. In [26], the mean shift iterations are employed to find 
the most probable target candidate which is the most similar 
to a given target model, with the similarity being expressed 
by the Bhattacharyya coefficient based metric. Although 
the deterministic methods are usually efficient, they often 
suffer from the local minimum problem during track-
ing, which may be due to the sudden appearance changes. 
Different with the deterministic strategies, the stochastic 
methods take into account the measurements noise and the 
model uncertainties during object tracking. And the visual 
tracking is formulated as a problem of Bayesian inference 
in state space. Particle filter [27] is one of the most popu-
lar stochastic tracking strategies. It approximates the pos-
teriority density function by a set of random samples with 
associated weights. It has already demonstrated success in 
many object tracking algorithms, such as [8, 19]. But there 
are still limitations of traditional particle filter. One is the 
well known sample impoverishment problem, which leads 
to a loss of diversity. And the other is that it usually needs 
a number of particles to approximate the posterior density. 
So computation cost becomes too high that features like 
HOG or SIFT cannot be used in tracking for speed reasons. 
Some researchers proposed methods to speed up the particle 
filter based tracking algorithms. In [29], the optimal impor-
tance function for sampling particles on the affine group is 
obtained by an analytical appearance measurement func-
tion, which can improve the efficiency. In [30], the number 
of particles are adjusted by the value of noise variance. In 
[21], a minimum error bounded particle re-sampling strat-
egy is proposed to reduce the wasted particles.

3  Tracking with adaptive appearance learning 
and occlusion detection

Our tracking algorithm is based on the particle filter 
framework, which can deal with nonlinear/non-Gaussian 
motion modes. In this framework, object tracking is casted 
as an inference task in a Markov model with hidden state 
variables:
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where Ot = {o1, o2, . . . , ot} is a set of observations and 
Xt describes the motion parameters of the target at time t.  
ot is the observation vector at time t and ot ∈ R

d×1. We 
use four motion parameters to describe the state variable: 
Xt = {xt , yt , ht ,wt}, where xt, yt, ht, wt denote x, y trans-
lation, height and width of bounding box at time t. The 
appearance model p(ot|Xt) denotes the appearance likeli-
hood of state Xt. The motion model p(Xt|Xt−1) represents 
the state transition probability between two consecutive 
states. The posterior probability p(Xt|Ot) is approximated 
by a set of Ns particle samples {Xk

t }
Ns

k=1 with importance 
weights {wk

t }
Ns

k=1. New particle samples are generated with 
respect to the state transition probability p(Xt|Xt−1).

3.1  Adaptive appearance learning

The appearance of a target object changes over time due 
to illumination or pose variation. The non-stationary obser-
vation data with multi-modality can be modeled with non-
linear manifold via a set of linear submanifolds [14]. Let 
M denote the nonlinear appearance manifold of a target, 
which consists of a mixture of submanifolds M1,M2, . . .,  
MN. A submanifold Mi indicates one appearance modality 
of the target under different conditions. Every submani-
fold is approximated by a low-dimensional linear subspace 
computed by principal component analysis (PCA). We 
denote the corresponding eigenvectors and center as Ui and 
µi for each submanifold. Ui ∈ R

d×q and µi ∈ R
d×1. An 

illustration of the adaptive appearance manifold is depicted 
in Fig. 1. The images in the bottom of Fig. 1 show a person 
who changes his pose. Each submanifold is used to model 
the appearance data of one pose.

The distribution of the observations in a period is mod-
eled with a mixture of submanifolds. However, a new 
observation ot will be represented by one major component 
of the manifold. So the observation should be compared 

(1)

p(Xt|Ot) ∝ p(ot|Xt)

∫

p(Xt |Xt−1)p(Xt−1|Ot−1)dXt−1
with the appearance submanifold to determine which one 
(if any) it matches. The observation ot can be approximated 
with each submanifold Mi:

The approximation error is

As the probability of ot being generated from Mi is 
inversely proportional to the amplitude of the approxima-
tion error, we define a similarity score (range 0 ∼ 1) to 
measure the probability:

where α1 is a constant parameter.
We denote the best matched submanifold as Mi∗ and the 

corresponding approximation error as ei∗. A naive approach 
to find Mi∗ is to compare ot with every submanifold Mi, and 
Mi∗ is determined by

However, the efficiency is a little low to search in this naive 
way. As the observation can not change abruptly, it is more 
likely for the matched submanifold at time t to be the same 
as the one at previous time t − 1. This is called temporal 
coherence. We hope to design a new strategy to speed up 
the searching process using the temporal coherence. To 
achieve this goal, we define a new variable st which equals 
the similarity score between the observation ot and the 
matched submanifold Mi∗:

The value of similarity st can be used to reflect the qual-
ity of the approximation with the appearance manifold. 
We assume the distribution of st can be approximated 
with a Gaussian N(µs, σs). Every submanifold is assigned 
a weight ωi,t(i = 1 ∼ N) to measure the match frequency 
in the tracking process. The submanifolds are ordered by 

(2)ôt,i = UiU
T
i (ot − µi)+ µi

(3)ei = ot − ôt,i = (I− UiU
T
i )(ot − µi)

(4)Sim(ot ,Mi) = exp(−α1�ei�)

(5)Mi∗ = max
Mi

Sim(ot ,Mi)

(6)st = Sim(ot ,Mi∗)

Fig. 1  Illustration of the 
appearance model
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the value of weights. So the first submanifold is the most 
promising one to be matched at each time t.

Given a new observation ot, the similarity score 
between ot and each submanifold is calculated in 
order. When there is a submanifold Mi which satisfies 
Sim(ot ,Mi) ≥ µs,t−1 + k1σs,t−1(k1 > 0), the search pro-
cess stops and Mi∗ = Mi. If µs,t−1 − k2σs,t−1 < maxi=1...N

Sim(ot ,Mi) < µs,t−1 + k1σs,t−1(k1, k2 > 0), then Mi∗ is 
determined to be the submanifold with biggest similar-
ity score. If the biggest similarity score is not bigger than 
µs,t−1 − k2σs,t−1, then the submanifold with the smallest 
weight is removed and a new submanifold will be con-
structed. We use observation data of previous 4 frames to 
construct the new submanifold in the experiment.

In a short period during tracking, the submanifold match-
ing results are usually the same. That is to say, the speed of 
matching can be promoted by about N times in that short 
period with the smart matching strategy. Though for the whole 
time of tracking, the speed promotion is not so much. The effi-
ciency of the appearance model is still largely improved.

After we have obtained the matched submanifold Mi∗, 
the weight of each submanifold is updated as follows:

where ρω is the updating rate and Bi,t is 1 for the matched 
submanifold and 0 for the unmatched submanifold. The 
mean and variance µs and σs are also updated online with a 
constant learning rate ρs:

When there is no occlusion of the target object, the obser-
vation model p(ot|Xt) can be calculated directly with:

where α2 is a constant parameter.
But if the target is occluded by another object, the obser-

vation model obtained through Eq. (10) may be not accu-
rate enough for tracking, especially in the condition of 
severe occlusion. We hope to extract the occlusion region 
and remove the affection to obtain a more accurate appear-
ance model. Besides, occlusion detection can also alleviate 
the updating problem of the appearance model when occlu-
sion occurs. We describe the occlusion detection strategy 
below.

3.2  Occlusion detection by graph cuts

It is difficult to judge whether the appearance change of 
a target is caused by occlusion, as the target may undergo 
sudden illumination variation. There is a tradeoff between 

(7)ωi,t = (1− ρω)ωi,t−1 + ρωBi,t

(8)µs,t = (1− ρs)µs,t−1 + ρsst

(9)σs,t = ((1− ρs)σ
2
s,t−1 + ρs(st − µs,t−1)

2)0.5

(10)p(ot|Xt) ∝ exp(−α2�ei∗�
2)

the complexity of occlusion detection strategy and effi-
ciency. We hope to design an effective and also efficient 
occlusion detection strategy to improve tracking. Thus we 
make a little strong hypotheses. In this paper, we assume 
that the occlusion region is consistent without hole and 
the area is big. Besides, the occlusion region is different 
enough with the target object as a whole. In most scenarios, 
the hypotheses are reasonable. Thus we can investigate to 
detect the occlusion using the approximation error informa-
tion obtained by Eq. (3). And the occlusion region is seg-
mented from the target by Graph Cuts [31]. But it should 
be pointed out that this strategy may fail in the scenario that 
similar objects occlude the target.

First, the 1D vector |ei∗ | is converted to be a 2D image 
map Ie with size the same as the image template. The 
default size of the image template is 32× 32 in the experi-
ment. We denote the image template corresponding to 
the observation ot as I and the set of pixels in I as P. The 
occlusion detection can be considered as a binary labeling 
problem. And each pixel p ∈ P should be assigned a label 
lp ∈ {target = (1), occlusion = (0)}. The maximal a poste-
rior of L = {l1, l2 . . . , ld}

T for I can be obtained by mini-
mizing the Gibbs energy E(L)[31]:

The energy model E(L) is defined as:

where E1(lp) is the intensity term, denoting the cost when 
the label of pixel p is lp, and EN (lp, lq) is the contrast term, 
denoting the cost when the labels of neighboring pixels 
p and q are lp and lq respectively. Np is the 4-connection 
or 8-connection neighborhood of pixel p. The parameter 
� measures the influences of the two terms. EN (lp, lq) is 
defined as

where δlp �=lq is a Kronecker delta function and dpq denotes 
the intensity difference between pixel p and q. The constant 
ǫ is a positive parameter. β is also a parameter and set to 
be β = (2�� Ip − Iq ��)

−1, where �·� is the expectation over 
intensity samples of neighboring pixels in an image. To 
reduce computation cost, ǫ can be set to zero and β is taken 
as a constant. E1(lp) is defined as:

The probability of a pixel belonging to the target is 
inversely proportional to the approximation error of appear-
ance model and it is defined as:

(11)L
∗ = argminE(L)

(12)
E(L) = �

∑

p∈P

E1(lp)+
∑

p∈P

∑

q∈Np

EN (lp, lq)

(13)EN (lp, lq) = δlp �=lq

ǫ + exp(−βd2pq)

1+ ǫ

(14)E1(lp) = − logProb(Ip|lp)

(15)Prob(Ip|lp = 1) ∝ exp(−γ1e
2
p)
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where γ1 is a constant parameter and ep is the approxima-
tion error data in image map Ie at pixel p.

The probability of a pixel belonging to occlusion at time 
t can be learned adaptively based on data from the occlu-
sion pixels in the previous frame at time t − 1. There is 
an implicit assumption that the occlusion object does not 
change abruptly. Besides, at any time the probability of 
observing a occlusion pixel at pixel p of any intensity is 
uniform. Thus, the probability can be expressed as a mix-
ture of a uniform function and the kernel density function:

where γ2 ∈ [0, 1] is the mixing factor, and ηI is a random 
variable with uniform probability ηI(Ip) = 1/256. Up is the 
set of occlusion pixels in the previous frame at time t − 1.  
K(x) is a Gaussian kernel density function. To reduce the 
computation, the latter term can be simplified to be the 
intensity histogram.

To minimize energy EL defined in Eq. (12), we use the 
implementation of [32]. Then we can obtain the segmenta-
tion result. But there is a doubt that whether the extracted 
region is an occlusion. As the occlusion region is consid-
ered to be big enough in the hypothesis, we define a thresh-
old (e.g. 0.3) to help making decisions. The extracted 
region is classified as occlusion if the size is bigger than the 
threshold. Figure 2 is an example of occlusion detection. 
The left image is the tracking result at frame #104 of video 
“dudek”, in which the face is occluded by a hand. The mid-
dle image is occlusion detection result by Graph Cuts, from 
which we can see the detected occlusion region is similar to 
the hand. For comparison, we also give the detection result 
by thresholding the image map Ie in the right image. Even 
after applying morphological operations, the result is not so 
satisfactory. We can see that there still exists much noise 
and holes, which would affect making decisions.

Then the appearance model p(ot|Xt) in Eq. (10) is 
improved with feedback of the occlusion detection result 
L
∗:

(16)

Prob(Ip|lp = 0) ∝ γ2ηI + (1− γ2)
1

|Up|

∑

Im∈Up

K(Ip − Im)

(17)p(ot|Xt) ∝ exp(−α2�diag(l1, l2 . . . , ld)ei∗�
2)

The updating problem is alleviated with occlusion reason-
ing. If there is no occlusion at time t, we use the observa-
tion data ot directly for updating: ot,update = ot. If an occlu-
sion is detected, the observation data used for updating is 
improved by:

where µi∗ is the mean vector of Mi∗. Then the appearance 
model is updated with ot,update by the incremental learning 
algorithm [8].

To reduce concerns of readers that the hard thresholding 
may cause a sudden jump of the tracking results, we use 
experimental results on video “dudek” to show the occlu-
sion region size changes during time together with tracking 
precision curve. From the bottom image in Fig. 3, we can 
see that there is occlusion between frame #103 and #107. 
And the images in which occlusion is larger than 0.3 are 
frames between #104 and #106. From the upper image in 
Fig. 3, we can see that the corresponding tracking preci-
sion has small variation but does not drop suddenly when 
we apply thresholding on the occlusion detection result.

(18)ot,update = µi∗ + diag(l1, l2 . . . , ld)(ot − µi∗)

Fig. 2  An occlusion detec-
tion example. The left image 
is a tracking result, in which 
the face is occluded by a hand. 
The middle image is occlusion 
detection result by Graph Cuts, 
the right image is occlusion 
detection result by thresholding 
the image map Ie.
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3.3  Adaptive motion model

Most particle filter based trackers resample with normalized 
weights which are determined by the appearance probabili-
ties {p(okt |X

k
t )}

Ns

k=1. But the probabilities computed at time t 
may be not correct in conditions such as severe occlusion 
or sudden illumination change. This may affect the distribu-
tion of resampled particles. Thus tracking result at next time 
t + 1 may be not so correct and drifting problem may occur. 
Even with accurate occlusion detection or fast appearance 
learning rate, this problem may not be alleviated. We hope 
to improve the process of drawing new samples.

The particle samples at time t − 1 are {Xk
t−1}

Ns

k=1, and 
the importance weights {wk

t−1}
Ns

k=1 are determined by 
the probability {p(okt−1|X

k
t−1)}

Ns

k=1. We select the N1 sam-
ples with the largest N1 weights. Then they are resampled 
with the normalized N1 weights and we obtain the resam-
pled particles χt−1,1 = {Xk

t−1,1}
N1

k=1 for drawing samples 
at time t. The other N2 = Ns − N1 particle samples are 
rejected and we generate another uniform particle samples 
χt−1,2 = {Xk

t−1,2 = X
∗
t−1}

N2

k=1 for drawing samples at time 
t, where X∗

t−1 denotes the optimal state estimation at time 
t − 1.

New samples at time t are drawn with respect to the 
state transition probability p(Xt|Xt−1). To propagate the 
particles, we take into account the velocity of object in the 
motion model. We assume that the object is moving with a 
constant acceleration in a very short period. So the average 
velocity between time t − 1 and t can be estimated with an 
autoregressive filter. The parameters of height and width in 
state Xt are modeled independently with a Gaussian distri-
bution around corresponding parameters in state Xt−1.

where vxt−1 and vyt−1 are the average velocities of x and y 
translation between time t − 1 and t. n is the order of the 
autoregressive filter, which we choose 2 in the experiments. 
ai and bi are coefficients of the filter. We use the Burg algo-
rithm to estimate these coefficients with the state data of 
previous 5 frames before time t.

The process noise ǫt for each state parameter is inde-
pendently drawn from a zero-mean Gaussian distribution 
N(0,�),� = diag(σ 2

x , σ
2
y , σ

2
h , σ

2
w). σh and σw are set to be 

fixed values. σx and σy are set to be different values with 
respect to the two particle samples χt−1,1 and χt−1,2. For 
χt−1,1, (σx, σy) = (σx1, σy1), where σx1 and σy1 are fixed 
with big values. For χt−1,2, (σx, σy) = (σx2, σy2), where σx2 
and σy2 change adaptively with variance of object motion. 
As the motion of an object is smooth for most of time, σx2 

(19)
(xt , yt , ht ,wt) = (xt−1, yt−1, ht−1,wt−1)

+ (vxt−1, vyt−1, 0, 0)+ ǫt

(20)(vxt−1, vyt−1) =
∑

i=1...n

(aixt−i, biyt−i)

and σy2 usually have small values. σx2 and σy2 are updated 
online with a constant learning parameter ρσ:

3.4  Self‑tuning particle filter

Traditional particle filter uses a lot of particles to find the best 
estimation of target state, especially when the state dimen-
sion is high. To prevent failure in severe conditions, the num-
ber of particles is usually set to be high. But in fact most of 
particles are waste of computation in ordinary conditions. So 
we design a new efficient particle filter which can adjust the 
number of particles adaptively with the scene conditions.

The parameter N2 defined in Sect. 3.3 is fixed with a 
constant value. The parameter N1 defined in the same sec-
tion changes adaptively with similarity score defined by 
Eq. (6) in a fuzzy logic:

when N1,t−1 ≥ N1,t, the particles with the least 
N1,t−1 − N1,t weights are dropped for generating new sam-
ples. When N1,t−1 < N1,t, an extra �N = N1,t − N1,t−1 par-
ticles {Xk

t−1,3 = X
∗
t−1}

�N
k=1 are added to χt−1,1. Usually we 

set Ns1 > Ns2 > Ns3 > Ns4, that is to say, more particles 
are generated when the similarity score is lower.

In most time of tracking, the motion of object is smooth 
and the appearance changes slowly. Thus the similarity 
scores are usually high and less particles are needed. So the 
tracking speed is also largely improved in this way.

Figure 4 shows an example of the efficiency improvement 
experiment on “dudek” sequence [8]. In the experiment, f1 
and f2 are equally set to 0.5. Ns1, Ns2, Ns3, Ns4 and N2 are 
set to 500, 400, 300, 200 and 100 respectively. There are 
573 frames in the sequence. The average number of parti-
cle samples generated by the proposed strategy is 446 com-
pared with a predefined value 600. Thus the speed of image 
patches sampling and template matching is promoted by 
(600− 446)/600× 100% = 22.2% in this example. The 
efficiency improvement depends on the image sequences and 
the values of the parameters. So different videos or param-
eters may result in different efficiency promotion.

4  Experiments

Eight challenging image sequences are used to test the 
robustness and efficiency of our object tracking algo-
rithm. All these videos are publicly available [2, 8, 19]. 

(21)
σx2,t = (1− ρσ )σx2,t−1 + ρσ |xt − xt−1|

σy2,t = (1− ρσ )σy2,t−1 + ρσ |yt − yt−1|.

(22)N1 =















Ns1 st ∈ (−∞,µs,t−1 − f1σs,t−1]

Ns2 st ∈ (µs,t−1 − f1σs,t−1,µs,t−1]

Ns3 st ∈ (µs,t−1,µs,t−1 + f2σs,t−1]

Ns4 st ∈ (µs,t−1 + f2σs,t−1,+∞)
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In these videos, there may exist different challenges and 
they are summarized in Table 1. The proposed algorithm 
is compared with seven latest popular tracking algorithms: 
Incremental Visual Tracking (IVT) [8], Multiple Instance 
Learning (MIL) [2], Fragments-based tracking (Frag) [33], 
Online AdaBoost (OAB) [3], Visual Tracking Decomposi-
tion (VTD) [19], Structured output tracking (Struck) [34], 
Compressive tracking (CT) [35]. The tracking results of 
the compared methods were obtained by running the open 
source code provided by the authors. And the initial states 
are set to be the same in the first frame. In the experiments, 
we tune the parameters of the other methods carefully. But 
it should be noted that these results obtained by running the 
open source code may be not the best, as we may not tune 
the parameters to the best.

For quantitative comparison, two measures are used 
as in [6, 7]: (1) center position error—the Euclidean dis-
tance between the tracked window centroid and the ground 
truth window centroid, and (2) bounding box overlap—if 
the tracked bounding box and the ground truth bounding 
box are A and B respectively, the overlap score is defined 
as S =

A
⋂

B

A
⋃

B
, where 

⋂

 and 
⋃

 represent the intersection and 
union of two regions respectively.

The values of parameters are described belows. The 
image patch is usually resized to a template with size 

32× 32. The value of the template size can be smaller 
to make the program run faster. The number of submani-
folds N is determined by tracking precision and compu-
tational cost. N can be selected to be 2 ∼ 5. We choose 
N = 3 in the experiments. The parameters k1 and k2 in 
the adaptive manifold learning are usually chosen as 
k1 ≥ 0.5, k2 = 1.0 ∼ 2.0. We choose k1 = 1.0, k2 = 1.5 
in the experiment. The online learning parameters 
(ρω, ρs, ρσ ) = (0.01, 0.05, 0.01). The larger values of the 
three parameters, the model will update more quickly. Our 
algorithm is implemented in Matlab and can run at about 
25 fps on a standard PC with a 3.4 GHz Intel Core i7-4770 
CPU (The program is not parallel).

4.1  Robustness testing of parameters selection

The most important parameters of the proposed algorithm 
are N, k1 and k2. To prove that the performance of the algo-
rithm is not sensitive to the three parameters, we test the 
performance of the algorithm when it changes N, k1 and k2 
separately. And the values of other parameters are the same 
as described above in the experiments. As space is limited, 
we only give experimental results on video “david” as an 
example. In “david”, there is severe illumination change, 
pose and scaling variation.

The larger value of N, the appearance model is more 
robust to the appearance variations. But the running speed 
of the algorithm will be slower. Figure 5 shows the aver-
age center position error results of different N on video 
“david”. The value of error decreases as N increases. But 
there isn’t too much difference when N ≥ 3. In fact, we 
found that N = 3 is good enough to model the appearance 
variations in most other videos, and the program can run 
fast.

The smaller value of k1, the speed of template match-
ing during tracking will be faster, but the precision of 
tracking results may be lower. The smaller value of k2, the 
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Table 1  Challenges of the image sequences

⋆ Indicates severe variation or occlusion

Video Illumination Occlusion Pose Scaling

car4
√
⋆ × ×

√

david
√
⋆ ×

√
⋆

√

faceocc2
√ √

⋆
√

×

girl
√ √

⋆
√
⋆

√

sylv
√

×
√ √

animal
√

× × ×

trellis
√
⋆ ×

√
⋆

√

dudek
√ √

⋆
√ √
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Fig. 5  The average center position error of different N on video 
“sylv”
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submanifold with smallest weight of the appearance model 
will be replaced by a new submanifold more frequently. 
Figure 6 shows the average center position error results of 
different k1 on video “david”. We can see that the average 
center position error decreases as k1 increases. But there is 
little improvement when k1 is larger than about 1.0. Fig-
ure 7 shows the average center position error results of dif-
ferent k2 on video “david”. We can see that the difference is 
very small when k2 ∈ [1.0, 2.0]. This means that the algo-
rithm is not sensitive to k2.

It should be noted that, the results by running the pro-
gram twice with even the same parameters may have small 
differences. The reason is that the particles generation pro-
cess during tracking is random, which can influence the 
tracking result. And this can further influence the updating 
of the appearance model.

4.2  Qualitative evaluation

Figure 8 shows the results of tracking a vehicle. There is 
sudden illumination change as the vehicle passes beneath a 
bridge and under trees. IVT, Struck and our tracker are able 

to track the target well. Other trackers lose the target when 
it passes beneath the bridge. But the VTD tracks the target 
again after that.

Figure 9 shows the results of tracking a person who 
moves from a dark room to a bright room while changing 
his pose. IVT, Struck and our tracker are able to track the 
target well. The VTD loses the target when the illumination 
changes dramatically. There are drifting problems of other 
trackers.

Figure 10 shows the results of tracking a person who 
occludes his face by a book while changing his pose. The 
MIL, VTD, CT, Struck and our tracker are able to track the 
target well. The IVT and OAB lose the target when it is 
occluded severely. The Frag tracker loses the target when 
the person has a large pose variation.

Figure 11 shows the results of tracking a girl who has 
large pose variation and is occluded by another person. 
The MIL, Frag, Struck and our tracker can track the target 
well. The IVT and CT lose the target when the girl turns 
around. The VTD and OAB lose the target when the girl is 
occluded by another person.

Figure 12 shows the results of tracking an animal doll. 
The MIL, Frag, VTD, CT, Struck and our tracker are able 
to track the target well even the target has a dramatic pose 
change, while the IVT and OAB lose the object.

Figure 13 shows the results of tracking an animal with 
sudden motion. The IVT, MIL, Struck and our tracker are 
able to track the target well. But the OAB, Frag, CT and 
VTD lose the target in some sequences.

We also test our algorithm on other two sequences 
"dudek" and "trellis". In the iamge sequence "dudek", our 
algorithm is able to track the target object even there is 
severe occlusion (#105), sudden motion (#287) and dra-
matic pose variaiton (#374, #458). In the image sequence 
“trellis” there is fast illumination change ,pose variation 
and cluttered background. From Fig. 14 we can see that the 
proposed algorithm can still work very well.

4.3  Quantitative evaluation

In order to better demonstrate the performance of our 
algorithm, a quantitative analysis is provided. We use the 
ground truth data provided by [21] and [19].

Figure 15 shows the detection accuracy in the term of 
center position error, which is the Euclidean distance 
between the tracked window centroid and the ground 
truth window centroid. From Fig. 15 we can see that the 
experimental results obtained by our method are compara-
ble with the best results. And the average center position 
errors of these methods are also summarized in Table 2. 
Our algorithm achieves the highest accuracy in three video 
sequences, and the second in two videos. The precision 
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Fig. 8  Qualitative comparison results of IVT (green), MIL (blue), OAB (black), Frag (magenta), VTD (cyan), CT (purple), Struck (yellow) and 
Ours (red) on image sequences "car4" (color figure online)

Fig. 9  Qualitative comparison results of IVT (green), MIL (blue), OAB (black), Frag (magenta), VTD (cyan), CT (purple), Struck (yellow) and 
Ours (red) on image sequences "david" (color figure online)

Fig. 10  Qualitative comparison results of IVT (green), MIL (blue), OAB (black), Frag (magenta), VTD (cyan), CT (purple), Struck (yellow) 
and Ours (red) on image sequences "faceocc2" (color figure online)
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Fig. 11  Qualitative comparison results of IVT (green), MIL (blue), OAB (black), Frag (magenta), VTD (cyan), CT (purple), Struck (yellow) 
and Ours (red) on image sequences "girl" (color figure online)

Fig. 12  Qualitative comparison results of IVT (green), MIL (blue), OAB (black), Frag (magenta), VTD (cyan), CT (purple), Struck (yellow) 
and Ours (red) on image sequences "sylv" (color figure online)

Fig. 13  Qualitative comparison results of IVT (green), MIL (blue), OAB (black), Frag (magenta), VTD (cyan), CT (purple), Struck (yellow) 
and Ours (red) on image sequences "animal" (color figure online)
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plots are also shown in Fig. 16. From the precision plots, 
we can see that the curve obtained by our method is above 
other curves in most videos.

Table 3 shows the average overlap score of these meth-
ods on the six challenging image sequences. Our method 
achieves the highest score in two videos and the sec-
ond in two videos. And our method achieves comparable 
results with the best method in the remaining two videos. 

The success plots are also shown in Fig. 17. And the curve 
obtained by our method is also above other curves in most 
videos in Fig. 17.

Table 4 shows the percentage of successfully tracked 
frames. The target is defined to be successfully tracked 
if the overlap score is larger than 0.5. Our tracker 
achieves the best in four videos and the second in one 
video.

Fig. 14  Tracking results of our method. The images on the upper row are results of image sequence “dudek” and the images on the bottom row 
are results image sequence “trellis”

Table 2  Average center 
position error

Video IVT MIL OAB Frag VTD CT Struck Ours

car4 1.6 48.8 87.1 132.9 13.4 80.2 2.3 1.7

david 5.7 29.6 19.7 19.8 51.7 15.9 6.7 3.6

faceocc2 6.4 12.6 20.0 32.1 12.0 11.7 5.3 9.2

girl 26.6 13.7 5.0 6.7 10.8 21.2 3.5 4.1

sylv 29.2 6.6 10.6 5.3 5.1 4.8 3.8 3.3

animal 8.5 10.5 31.3 29.6 35.1 19.9 8.6 5.5
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Fig. 15  The center position error results on six challenging videos
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Fig. 16  The precision results on six challenging videos
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4.4  Analysis

Our algorithm achieves better or comparable results in 
these challenging videos for several reasons. One reason 
is that we use a set of weighted and ordered submani-
folds as appearance model, which are specially effective 
to model highly nonlinear or multi-view visual data. Thus 

incremental learning of appearance model will be more 
adaptive and tracking will be smoother. The second rea-
son is that we add occlusion reasoning in the appearance 
modeling, which can also largely improve tracking perfor-
mances. The appearance model will be damaged by blind 
updating strategy without accounting for occlusion, as the 
appearance model will be mixed with occluding objects 
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Fig. 17  The success results on six challenging videos

Table 3  Average overlap score Video IVT MIL OAB Frag VTD CT Struck Ours

car4 0.896 0.272 0.222 0.224 0.521 0.244 0.492 0.887

david 0.699 0.323 0.433 0.442 0.262 0.433 0.521 0.695

faceocc2 0.777 0.689 0.608 0.482 0.617 0.695 0.792 0.721

girl 0.174 0.403 0.693 0.624 0.469 0.251 0.723 0.667

sylv 0.613 0.715 0.679 0.763 0.745 0.764 0.798 0.812

animal 0.619 0.578 0.466 0.402 0.347 0.520 0.587 0.633

Table 4  The percentage of 
successfully tracked frames

Video IVT MIL OAB Frag VTD CT Struck Ours

car4 100 27.3 27.0 27.1 51.6 27.5 38.1 100

david 81.5 23.7 29.1 25.2 21.1 30.0 43.3 95.7

faceocc2 98.0 100 77.1 51.3 78.5 99.9 100 96.3

girl 18.6 32.6 93.2 73.8 50.0 11.2 96.8 95.6

sylv 75.3 98.0 83.1 94.8 88.9 100 100 100

animal 88.7 83.1 66.2 35.2 21.1 73.2 73.2 88.8
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incrementally. Thus drift may easily occur and tracking 
will fail eventually. Last but not the least, the highly nonlin-
earity of motion state transition is also exploited to promote 
performances of the proposed tracker when there is rapid 
or sudden movement. And new uniformly distributed and 
independent samples are generated to increase diversity of 
particles during tracking. Thus the sample impoverishment 
problem of particle filter is also relieved.

5  Conclusions

In this paper, we have proposed a new object tracking algo-
rithm with adaptive appearance learning and occlusion 
detection in an efficient self-tuning particle filter frame-
work. The success lies in that we take into account of the 
multi-modality of the appearance and motion models. And 
the tracking result is improved by feedback of occlusion 
detection when the target is occluded. The efficiency is also 
improved with self-tuning strategy compared with original 
particle filter. We test our algorithm in several challenging 
image sequences and our algorithm is able to work accu-
rately, robustly and efficiently.
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