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ABSTRACT

Metrics based on mutual information and not resorting to ground
truth data are proposed in this paper in order to measure tracking
reliability under occlusion. The variations of the proposed metrics
can be used as a quantitative estimate of changes in the tracking
region, caused by occlusion, sudden movement or the deformation
of the tracked object. The proposed metric was tested on an object
tracking scheme using multiple feature point correspondences. Ex-
perimental results have shown that mutual information can effec-
tively characterize object appearance and reappearance in many
computer vision applications.

1. INTRODUCTION

The measure of the performance of a tracking algorithm is consid-
ered an open issue in the tracking research community. Most of
the tracking techniques use subjective evaluation methods, while
some of them use quantitative evaluations based on ground truth
data [1]. The implementation of reliability measures not resort-
ing in ground truth data is particularly important. Several metrics
for performance evaluation of tracking algorithms without ground-
truth, based on color and motion were introduced in [2]. Measur-
ing tracker performance is important in cases of rapid performance
degradation such as partial or total occlusion. Different algorithms
handling occlusion were presented [3, 4, 5, 6, 7, 8, 9]. Never-
theless, quantitative measures of the tracker performance are not
generally proposed. Mutual information was first introduced in
computer vision in [10]. In [11, 12] it was applied to combine
the outputs of multiple tracking algorithms in order to improve the
overall tracker performance.

The use of mutual information in object tracking as a tool for
extracting information concerning the condition of the object being
tracked is assessed in this paper. The tracking process is modeled
as a communication between a transmitter and a receiver through a
channel. Two metrics based on mutual information are introduced:
The first metric introduced is used as a quantitative measure of the
tracking process. Moreover, its variations can increase user under-
standing over the behavior of the tracking region and are closely
related with changes in the that region. These changes are caused
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by partial or total occlusion, movement of the occluding object and
abrupt movements or deformations of the occluded (tracked) ob-
ject. Determining and understanding these changes may improve
the tracker performance and assist an event detection scheme. The
second metric introduced is used as a quantitative measure of the
tracking algorithm initialization efficiency and is closely related to
the metric used as a measure of the tracking process.

Object tracking is performed by minimizing the sum of squared
differences of a large set of feature points generated in the tracking
region presented in [13]. The algorithm presented in [14] is used
for feature point tracking. Kalman filtering motion prediction is
employed to estimate the tracked region position during occlusion.
Robustness to partial occlusion is achieved by estimating the mo-
tion of the lost feature points, using the estimated motion of the
bounding box [13].

The main contribution of the presented work is the introduc-
tion of mutual information based metrics as measures of tracking
reliability. Moreover, the use of the metric is extended to the anal-
ysis of partial and total occlusion in object tracking.

2. MUTUAL INFORMATION METRICS

The tracking process, can be modeled as a communication be-
tween a transmitter (reference frame) and a receiver (target frame)
with an Nmax symbol alphabet. The tracking process is character-
ized by loss of information caused by feature point rejection and
wrong feature point correspondences [13, 14]. Mutual information
is a well established measure of the amount of information trans-
mitted through the communication channel [15, 16]. Therefore, it
can be used as a quantitative measure of the tracking process.

2.1. Tracker performance metric

Let xri and xci represent the coordinate vectors of feature point i in
the reference and current frame, respectively. During the tracking
process, a feature point set

S1 = [xr1; : : : ;x
r
N ]T (1)

is tracked to a feature point set

S2 = [xc1; : : : ;x
c
M ]T ; (2)

withM � Nmax: LetU; V be two random variables with p(u); p(v)
their marginal probability mass functions and ui = J1(x

r
k); vj =



J2(x
c
k) their possible outcomes, where J1 and J2 are the reference

and target image respectively and xrk 2 S1 ;x
c
k 2 S2 . The mutual

information of two random variables U; V with a joint probability
mass function p(u; v) is defined as:

I(U; V ) =

NmaxX
i=1

NmaxX
j=1

P (ui; vj) log2
p(ui; vj)

p(ui)p(vj)
; (3)

where Nmax is the maximum number of the available grayscale
levels. In order to take into account the lost feature points during
the tracking process a cost function Em is defined:

Em(U; V;N;M) = c1(
I(U;V )

Imax(U; V )
� �1

N �M

N
+ c2) (4)

The term I(U;V )
Imax(U;V )

is the mutual information part of the cost
function. The maximum mutual information Imax(U; V ) is [17]:

Imax(U; V ) = �

NmaxX
i=1

p(ui) log2 p(ui) (5)

The term N�M
N

is a penalizing quantity depending on the number
of the lost feature points during the tracking process. The constants
c1; c2; �1 are set in order to ensure that:

0 � Em � 1: (6)

In the case of total occlusion:

I(U;V )

Imax(U;V )
= 0 and

N �M

N
= 1 (7)

leading to the minimum value of Em. The maximum value of Em

occurs when:

I(U;V ) = Imax(U; V ) and N = M (8)

2.2. Tracker initialization performance metric

Since the feature point set S1 generated on the the initial frame
belongs to the set of the possible feature point set configurations, a
metric measuring the reliability of S1 is also defined. This metric
characterizes the efficiency of the selected region for tracking.

Each feature point set is characterized by its entropy:

HSk
= �

NmaxX
i=1

pk(ui)log2pk(ui); (9)

Let Nk be the number of feature points generated in the tracked
region. In general, Nk � Ns. HSk

is maximized when

pk(ui) =

� 1
log2Nk

Nk � Nmax

1
log2Nmax

Nk > Nmax
(10)

The maximal symbol value the communication alphabet can
reach is Nmax (maximum number of grayscale levels). In order to
handle degenerative cases where the number of the generated fea-
ture points Nk is much smaller than the initial user preference Ns

a penalizing term depending on the number of not generated fea-
ture points is added. Therefore, the proposed metric is formulated
as:

Ei =

8>>>><
>>>>:
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(11)

Threshold NT is usually a fraction of the user specified feature
point number Ns: The penalizing term is introduced only when
Nk < NT ; that is, when the number of generated feature points is
smaller than a fraction of the user specified feature point number.

3. RESULTS

The proposed metrics were tested using the object tracking algo-
rithm presented in [13]. In order to evaluate the metric efficiency
in partial and total occlusion situations, image sequences contain-
ing total occlusion and severe partial occlusion were used. Curves
showing the variations of metrics Em and Ei during the tracking
process were acquired for different occlusion situations.

In Figure 1, the tracking region (head of the football player) is
occluded by the foot of another football player. The value of the
cost function Em for each frame of the image sequence appears in
Figure 2. Em drops at its minimum value during total occlusion.

The face in Figure 3 is partially occluded and at the end of par-
tial occlusion the tracking region remains intact. The beginning of
partial occlusion in frame 34 is marked by a sudden drop in Em.
The beginning of disocclusion is also marked by a drop in frame
101. Drops in frames 49, 57, 73, 80, 86, 93 are also important as
they mark the movement of the occluding region. Another exam-
ple of a lab image sequence is presented in Figure 5. The peaks
appearing in Figure 6 represent static scenes (little or no motion
between the current frame and the previous frame).

The variations of the initialization performance metric Ei (eq
11) with respect to the minimum allowed distance in pixels be-
tween feature points in the reference frame are presented in Fig-
ure 7 for the football image sequence. The value of Ei gener-
ally increases when the minimum allowed distance between fea-
tures increases. A rapid decrease in the Ei value is noticed when
the minimum allowed distance between features increase causes
Nk � Ns.

4. CONCLUSIONS

In this paper, metrics based on mutual information were estab-
lished as a reliability measure to the object tracking process. The
metrics proposed provide also a means to detect abrupt changes.
These changes include partial occlusion, full occlusion or move-
ment of the occluding object. Motion detection of the tracked ob-
ject is also possible in static scenes.

Experimental results show that the variations proposed metrics
can be used as a means to acquire a more thorough understanding
of the object tracking process in many computer vision applica-
tions.
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Fig. 1. Football image sequence. Tracking of the head of the foot-
ball player: (a) before total occlusion, (b) total occlusion, (c) re-
gion reappearance.
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Fig. 2. Values of the cost function Em for part of the football
image sequence (Fig. 1). X-axis: frame number. Y-axis: value of
Em:
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Fig. 3. Lab image sequence I: (a) beginning of partial occlusion
(frame 34), (b) disocclusion (frame 101), (c) movement of the oc-
cluding region (frame 85), (d) movement of the occluding region
(frame 86).
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Fig. 4. Values of the cost function Em for the lab image sequence
I (Fig. 3). X-axis: frame number. Y-axis: value of Em:
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Fig. 5. Lab image sequence II: (a) initial frame, (b) partial occlu-
sion.
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Fig. 6. Values of the cost function Em for the lab image sequence
II 5. X-axis: frame number. Y-axis: value of Em:
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Fig. 7. Values of the cost function Ei for the initialization pro-
cess in the football image sequence (Fig. 1). X-axis: Minimum
distance between feature points in pixels. Y-axis: value of Ei:


