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ABSTRACT

Occlusions are challenging issue for robust visual tracking. In
this paper, motivated by the fact that a tracked object is usual-
ly embedded into context that provides useful information for
estimating the target, we propose a novel tracking algorithm
named Tracking with Context Prediction (TCP). The context
here includes the neighboring objects and specific parts of tar-
get. The proposed method simultaneously track the target and
context objects using the existing tracking methods. The po-
sitions of the context objects are used to predict the position
of the target. Thus, the target can be stably tracked even when
it is partially or fully occluded. By computing the probabil-
ity of each prediction being target, our algorithm allows the
drifting of context objects during tracking and do not require
predictions from all context objects are correct. Experiments
on challenging sequences show significant improvements es-
pecially in the case of occlusions and appearance changes.

Index Terms— context, tracking, prediction, drifting

1. INTRODUCTION

Visual tracking has a wide range of applications, e.g. intelli-
gence video surveillance, human machine interface .etc, and
has long been studied in computer vision. Although there has
been many tracking methods successfully on-line learning the
changes of target [1, 2, 3, 4], tracking the object with occlu-
sions or significant appearance changes remains very chal-
lenging. One of the reasons is that they may learn wrong
changes due to the simply decision of the position of target
just with information from target itself. This directly results
in the bad stability of tracking.

One way to enhance the stability of tracking is to constant-
ly predict the possible positions of the target with the context
objects during tracking. We will call the context objects, in-
cluding neighboring objects and specific parts of the target,
helpers later. For instance, the head and T-shirt of the woman
in Fig.1(a) and the athlete with the ball in hand in Fig.1(b) are
all powerful helpers for the tracked targets.

To exploit context for tracking, we propose a novel al-
gorithm called Tracking with Context Prediction (TCP) by

(a) (b)

Fig. 1. Take the women in (a) and the ball in (b) as targets.
Helpers may be parts of target, e.g. the head and T-shirt in (a)
or neighboring objects, e.g. the athlete with the ball in (b).

simultaneously tracking several helpers for purpose of pre-
dicting the possible positions of target. Instead of binary
classification in [1, 2, 3, 4], we divide each frame into three
parts, i.e. target, helpers and background. We constantly
track the helpers and update the relative vectors between the
helpers and the target during the tracking (Fig.2(b)). With the
predictions from helpers, our approach limits drifting even
when the target is occluded or appearance changes signifi-
cantly (Fig.2(c)).

There are several related tracking approaches with the
contexts, for example, Cerman et al. improve object tracking
by using a single “companion” region close to the target [5];
Grabner et al. find the “supporters” to predict the possible
target position [6]. Our approach is inspired by the compan-
ion and supporter ideas from the works [5] and [6]. In our
approach, we take the image regions as the context objects
and use the relative vectors to predict the position of target.
This has several advantages. As context, the image region is
more reliable than simple features in [6]. In contrast to the
companion in [5], the relative vectors do not need the context
objects confined to a region surrounding or next to the target.

2. GLAD MODEL

GLAD model is an algorithm which can optimally integrate
the labels from labelers with unknown expertise proposed by
Jacob Whitehill et al. [7]. It can obtain the probability of
each label being positive or negative. The main idea of the
algorithm is as follows.

Consider a database of n images, each of which belongs
to one of two categories of interest. We wish to determine the
class label Zj (0 or 1) of each image j by querying from m
labelers. The observed labels depend on serval causal factors:
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(a) target and helpers (b) relative vectors (c) target predication

Fig. 2. (a) A frame with the target marked red and helper-
s marked blue. (b) Update the relative vectors between the
helpers and the target. (c) Even if the target is occluded,
helpers can correctly predict the position.

(1)the difficulty of the image; (2)the expertise of the labeler;
(3)the true label. Denote 1/βj ∈ [0,∞) as the difficulty of
image j and parameter αi ∈ (−∞,+∞) as the expertise of
each labeler i. The labels of image j given by labeler i are
denoted as Lij and, under the model, are generated as follows:

p(Lij = Zj |αi, βj) =
1

1 + e−αiβj
(1)

Given a set of observed labels l = {lij}, the task is to infer
simultaneously the most likely values of Z = {Zj} (the true
image labels) as well as the labeler accuracies α = {αi} and
the image difficulty parameters β = {βj}. The Expectation-
Maximization is used for inferring these parameters. It is use-
ful for evaluating the category of each image without ground
truth. Shortly, we use the model to evaluate the predictions
from the helpers in our method.

3. TRACKING WITH CONTEXT PREDICTION

In the following we describe our novel tracking approach
based on the methods in section 2. Consider a tracking in-
stance in Fig.2(c). When the man is occluded by the woman,
we can predict the man’s possible positions using the helpers
marked in Fig.2(a). The main idea of our approach is to con-
stantly use and update the relations between the helpers and
the target. Specially, the target can be viewed as a helper with
relative vector (0, 0).

Specifically, our approach works as follows: For each
video frame, we firstly obtain a set of positions of helper-
s H = {hi|i = 1 . . . n} using On-line boosting for feature
selection (OBF) method [1]. Then, we can get n possible po-
sitions of the target P = {pi|i = 1 . . . n} according to the
helpers and their relative vectors R = {ri|i = 1 . . . n} to
target and P = H + R. Thirdly, the set P is heuristically
extended for GLAD model in section 2. Finally, the target
position is estimated with the probability of each position pi
being the target and update the relative vectors.

3.1. Extending data for GLAD

In GLAD model, each image has a set of labels from all la-
belers. But in set P , each possible position just has a single
label obtained from one helper. Therefore, in order to use the
method in section 2, we should extend the set P described
before. Suppose the set P is the possible positions predicted

by the trackers T = {t1, t2, . . . , tn}. Denote D(·, ·) as the
distance function and lij ∈ {0, 1} is the label of pj provided
by ti. The extended data are heuristically obtained as follow:
for each position pj , we calculate the distance between pj and
the other positions pi, if D(pj , pi) ≤ θ (typically is 3) then
lij = 1 else lij = 0. i.e.

lij =

⌈
1

2

[
1− sign

(
log

(
D(pj , pi)

θ

))]⌉
(2)

Thus, the pj can obtain n labels from all trackers. So do
the other possible positions in the set P . For each position
j, the difficulty parameter can be learned with the extended
data:

βj
t = exp

(
cjt ×

∣∣∣∣∣ 2n
n∑

i=1

lij − 1

∣∣∣∣∣
)

(3)

where cjt is the confidence got from the tracker tj when track-
ing the jth helper at time t.

3.2. Estimation of the position of target

Run the GLAD model on the extended dataset got in 3.1 and
we can get the probability set Q = {qi|i = 1..n} and qi
is the probability of position pi being the target. Get rid of
the minimum in Q, i.e. assign it 0. Then, we can get the
normalized probability set U = {ui|i = 1..n} derived from
Q where ui = qi/

∑n
k=1 qk. And finally, the position

x∗
t =

n∑
i=1

uipi =
n∑

i=1

pi
qi∑n

k=1 qk

=
1∑n

k=1 qk

n∑
i=1

qipi = K1

n∑
i=1

qipi (4)

is the new target position, where K1 is the normalized factor.
3.3. On-line estimation of the relations between helpers
and target

Suppose the position of the ith helper hi is xi
t = (xi

t, y
i
t) and

the target position is x∗
t at time t. We wish to get the relative

vector rit+1 for predicting at time t + 1. But it is impossi-
ble for us to get the precise vector without the groundtruth of
the position of target at time t + 1. In order to estimate the
approximate of the relative vector, here we assume that the
relative vectors are more or less fixed and the objects are in
uniform rectilinear motion over short time intervals.

Denote rit = x∗
t − xi

t as the real relative vector between
helper hi and target at time t and vi

t = x∗
t − x∗

t−1 as the
displacement of the target from time t − 1 to t. Based on
the above hypothesis, we can get the approximation of the
displacement v̂i

t+1 from time t to t+1, i.e. v̂i
t+1 = vi

t. Then
we can obtain the estimation of the relative vector at time t+1
as follows:

r̂it+1 = rit +M i
tv

i
t+1 ≈ rit +M i

t v̂
i
t+1

= x∗
t − xi

t +M i
t (x

∗
t − x∗

t−1) (5)
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where the M i
t is 1 when the helper hi keeps stationary

(D(xi
t,x

i
t−1) ≤ θ) but the target moves (D(x∗

t ,x
∗
t−1) > θ)

at time t, otherwise 0, i.e.

M i
t =

{
1, D(x∗

t ,x
∗
t−1) > θ and D(xi

t,x
i
t−1) ≤ θ

0, else (6)

3.4. On-line evaluate the expertise of each prediction

After the tracking of each frame, we would like to on-line
determine which of the helpers can give the most accurate
prediction. Denote αi

t as the expertise of helper hi at time t,
which is used in GLAD model. Here we use the exponential
forgetting principle:

αi
t = (1− w)αi

t−1 + wN i
t (7)

where w is the learning rate(typically set 0.1) and N i
t is 1 if

the prediction from helper hi are correct at time t, else 0. i.e.

N i
t =

{
1, D(x∗

t,i,x
∗
t ) ≤ θ

0, else
(8)

Where x∗
t,i is the possible position of target predicted by the

helper hi at time t, i.e. x∗
t,i = xi

t + r̂it.The summary of our
approach is described in Algorithm 1

Algorithm 1: Tracking with Context Prediction
Input : A Video Sequence
Output: A Video Sequence with Marked Target
Initialization:
1. Manually mark one target and N − 1 helpers and
establish the relative vectors between the helpers and
target.
2. Initialize N trackers with N marked objects.
3. Initialize the expertise of N trackers.
For t=2 to T
1. Obtain the positions of N helpers using N trackers.
2. Generate N possible positions of target according to
the relative vectors and the positions of helpers.
3. Get the extended datasets for GLAD heuristically
using the method in 3.1.
4. Run GLAD model and obtain the probability of each
position being target.
5. Normalize the probabilities and estimate the position
of target.
6. Update the relative vectors and other parameters.
7. Update the appearance model of each tracker.
End For

4. EXPERIMENTS

A goal of this section is to demonstrate that including con-
text into tracking results in a more robust and stable tracker.
We implement our approach using the OBF, which may drift
due to slight occlusion or appearance change, as basic tracker

in framework of GLAD model. We tested our approach on
several challenging video sequences, each of which includes
serious occlusion or significant appearance changes.

A few results of tracking are shown in Fig.3. In the “Old
Man” sequence, the man is heavily occluded by the old wom-
en. We choose four neighboring objects as helpers (see the
1th image in Fig.3(a)) to predict his positions. In the “Doll”
sequence, it presents complete occlusions and turning around
360o. And the helpers in this sequence include not only the
neighboring objects but also a specific part of the doll (see
1th image in Fig.3(b)). In the “Bottle” sequence, it moved
with the hand from front to back and occluded by the bottle
before it. It takes the specific parts of itself as the helpers (see
the 1th image in Fig.3(c)). From the results, we can see that
our method could correctly track the target even when they
are occluded or appearance changes. The TCP performs well
because of the good predictions from the helpers. As well,
we could find that the helpers of the three sequences drift to
other positions during the tracking. But it can well deal with
the wrong predictions aroused by the drifting of helpers and
does not require all predictions correct. Note that we evalu-
ate the expertise of the helpers for predicting the target and
the difficulty of tracking each helper on-the-fly, and under the
GLAD model we can get the probability of each predicted
position being target. Therefore, we can get rid off the wrong
predictions and keep the predictions correct.

The more detailed quantitative results and comparison are
summarized in Fig.4. They show the error curves about the
three video sequences discussed above. For all sequences,
we labeled the ground truth of the object for each frame.
We compared our approach with three on-line learning track-
ing methods, i.e. a supervise method (OBF) [1], a semi-
supervised method (OSB) [2] and a combined method (B-
SB) [3]. The vertical lines and the intervals among them
without points (e.g. interval Fig.4(a)[250,305]) represent that
the tracker loses the target and the error is infinity. From
the error curves, we can see that our method gets better
results than the others especially when the targets are oc-
cluded (intervals Fig.4(a) [250,350], Fig.4(b) [760,880] and
Fig.4(c) [95,115]) or appearance changes significantly (inter-
val Fig.4(b) [1370,1770]). OBF, OSB and BSB lose the target
once there are occlusions or appearance changes. If tracking
lost, OBF no longer return back to the target, and the OSB
and BSB can detect the target when the original target ap-
pearance appears again. But our method track well during the
whole tracking process with just loosing slightly in precision
when the target is occluded or its appearance changes.

5. CONCLUSION

In this paper we present a novel tracking system called TCP
which uses helpers to predict the position of target. The
helpers here may come from the neighboring objects or the
parts of itself. It can evaluate the predictions from helpers and
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(a) The “old man” sequence. The black box is target (old man) and others are helpers. The frame numbers from left to right are 1, 258, 262, 268, 296 and 308.

(b) The “doll” sequence. The doll with black box is target and others are helpers. The frame numbers from left to right are 1, 783, 846, 872, 1437 and 1485.

(c) The “bottle” sequence. The bottle with black box is target and others are helpers. The frame numbers from left to right are 1, 91, 98, 105, 110 and 117.

Fig. 3. Screenshots of tracking results. They are the instances of (a) partially and fully occluded. (b) heavily occluded and
turning around. (c) partially occluded and move from front to back.

(a) Old Man Sequence (b) Doll Sequence (c) Bottle Sequence

Fig. 4. Error plots for three video sequences we tested on.

get rid off the wrong predictions automatically. The approach
can significantly improve the tracking performance, espe-
cially when the target is occluded or changes its appearance
heavily. The basic tracking method OBF used in this paper
can be easily replaced by any other tracking methods.

It is unadvisable that simply regarding non-objects as
the useless background and ignoring information provided
by context objects. There are many ways to extend this
work: firstly, helpers can be found automatically via relations
mining. Furthermore, predictions can be more precise using a
more sophisticated relation model between helpers and target.
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