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Abstract— Performing motion tracking in real-time is an
old and recurrent problem in Computer Vision. It has been
addressed through a large set of approaches [17], [9], [1],
but achieving a high level of robustness is still a challenge,
especially with low definition input. In the considered ap-
plication, tracking the heart motion in endoscopic beating
heart sequences, the sensitivity of existing algorithms to visual
artifacts and variations in illumination is an issue that calls
for improvements. In the prospect of developing a motion
compensation architecture for robotically assisted beating heart
surgery, we address the problem of visual information retrieval
by proposing a new Composite Tracking Algorithm using both
template matching and texture analysis. As we will show in this
paper, the use of texture characterization of the heart surface
improves the overall precision and robustness, in comparison
with other prior approaches.

I. INTRODUCTION

Driven by the increase of computers power, computer
vision has been evolving rapidly and an ever-growing number
of works have appeared. In the field of robotics, visual
servoing has shown its enormous potential, and recent
advances in visual servoing schemes [3], [2] and pattern
tracking techniques [4], [1] settle the bases for a new
generation of vision-centered applications. But extracting and
interpreting structured information from pixel data is still a
very complex challenge that brings in several research areas
such as signal processing, computer science and automatic
control. Furthermore many open problems are still to be
considered in: denoising of the image, selection of accurate
regions of interest, robustness of the tracking procedure to
changes in illumination. . . all those issues becoming critical
in experimental conditions.

This work takes place in a larger project aiming at develop-
ing a robotic platform for motion compensation of the beat-
ing heart. This is a very demanding task, especially in terms
of robustness and accuracy: 1mm or less precision in the
tracking is required to achieve effective virtual stabilization
of the heart. Several works have investigated motion com-
pensation for surgical applications, starting with the work
of Nakamura in [13] that leaded to further developments in
[16], [6], [15]. Our contribution is a Composite Tracking
Algorithm (CTA) that uses both texture characterization and
pattern matching to track specific regions on the heart during
motion, as the initial step to perform visual servoing.

The paper is organized as follows. In Section II, we give an
overview of our goals and methodology. Sections III and IV
introduce the proposed tracking algorithm. In Section V,
we present tracking results on artificial and experimental

images, and compare the performance with respect to other
commonly used tracking methods. Finally, Section VI sums
up those results.

II. MOTIVATIONS

A. Prior Work

In a former paper, we have presented a method for 3D
reconstruction [12] based on tracking of artificial markers
located on the heart surface. Experiments with this approach
pointed out several practical problems, related to the use of
endoscopic equipment, the power of the light source and
the complexity of placing artificial markers on the heart. We
decided to conduct further investigations on imaging aspects,
and more precisely on improving the region tracking proce-
dure. Our guess was that with a sufficiently robust tracking
algorithm, we might avoid the use of artificial landmarks by
tracking directly a pattern on the heart surface (see Fig. 1),
solving at one time the question of the positioning of those
landmarks.

B. Introducing Texture Analysis

Serveral approaches can be considred to perform visual
tracking: finding similarities between patterns in consecutive
images [8], measuring the movement of the target from
the optical flow [17], using pattern variations during mo-
tion [9] or using shape descriptors [11]. As our goal is
to acheive precise tracking with as less as possible need
for a priori knowledge (we want to be patient-independent)
we focused on pattern tracking approaches. Evaluation of
classical approaches such as Sum of Squared Differences
(SSD) minimization or Correlation maximization, showed
insufficient robustness in region tracking on our experimental
set of images. To improve those results we looked for a way
to extract more information from image data. Preliminary
work, in [14], showed the potential of the approach.

Fig. 1. Sample tracked pattern
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Texture characterization is already used in medical appli-
cations such as expert systems for automatic diagnosis [10].
However, the real-time constraint was not considered in those
applications, while being central in out project. To limit
the necessary computing time, we selected a reduced set of
texture features (see [14]) recalled in Table I.

III. THEORICAL BACKGROUND

A. Region Tracking

The problem of pattern tracking can be stated as a mini-
mization problem. The cost function d represents the distance
between images. Let I be a n × m image, x the tracked
pattern and t the current frame, then the motion of the pattern
between frame t and t + 1 is given by the transformation T
that solves:

min
T

|d(I(T (x), t + 1), I(x, t)))|, (1)

i. e. that projects the pattern in frame t to its new position
in frame t + 1.

In this paper we considered rigid transforms as the T
function, translation:

U(t) =
(

ux

uy

)
, (2)

and homography:

H(t) =

h11 h12 h13

h21 h22 h23

h31 h32 h33

 . (3)

With those models, we make the assumption that the geomet-
ric transformation is rigid. This is a stong assumption, but
the small displacements in the image, resulting from the high
frequency of the camera, make this hypothesis reasonable.

Other displacement models can be also be considered, but
those approaches proved their efficiency in terms of speed,
accuracy, and robustness in the test sequences.

B. Computing Similarities Between Patterns

We use normalized forms of SSD and Correlation to
compute template based distance d as a first step in the
Composite Cost Function computation.

C. Texture Features and Texture Comparison

Texture features [7], [18] associate quantitative information
such as contrast, roughness or homogeneity to a region of
interest. Those values form the texture vector that character-
izes the region. The considered vectors have 8 components,
given in Table I:

V (I) = (x1, x2, . . . , x8)T

V (I ′) = (y1, y2, . . . , y8)T ,

and the distance between texture vectors is computed by
the way of the euclidean distance d:

t(I, I ′) =

√√√√ 8∑
i=1

(xi − yi)2. (4)

TABLE I
CONSIDERED TEXTURE FEATURES

Approach Feature
Coocurrence Matrix Energy
Coocurrence Matrix Contrast
Coocurrence Matrix Cluster Shade
Coocurrence Matrix Cluster Prominence
Run-length Matrix Non-Uniformity
Run-length Matrix Short Low Grey

Level Run Emphasis
First Order Statistics Skewness
First Order Statistics Kurtosis

Then the vector is normalized, as needed by our algorithm:

t̂(I, I ′) =
d(I, I ′)

max
∀I,I′

(d(I, I ′))
. (5)

Evaluation of texture-based characterization on experi-
mental data showed that it is more robust to changes in shape
and illumination than pattern-based approaches.

IV. COMPOSITE COST FUNCTION

In order to combine accuracy of pattern-matching and
robustness of texture-based characterization, we use a Com-
posite Cost Function (CCF) σ:

σ(I, I ′) = λ.d(I, I ′) + γ.t̂(I, I ′), (6)
λ + γ = 1.

Parameters λ and γ, giving the balance between the
two approaches, can be set statically, but dynamic values
proved better efficiency during our test phase. We tried
several expressions for those parameters, and finally came
up with two efficient (in terms of tracking robustness and
computational load) solutions:

γ = d(I, I ′), (7)

γ = exp
(

−d(I, I ′)
1− d(I, I ′)

)
, (8)

λ = 1− γ.

Solution (7) favors pattern-tracking over texture character-
ization, while solution (8) is more balanced.

V. RESULTS

The CTA has been evaluated on a set of artificial sequences
and on experimental beating heart sequences. Artificial se-
quences were generated by superimposing a textured pattern
and a background then applying a known motion to this
pattern, as seen on Fig. 2 where the tracked pattern is
represented by a red square.

Then several algorithms were compared on their ability to
track the pattern, among which:

• Correlation,
• SSD,
• Optical Flow,
• ESM [1], a recent optimisation scheme and

homography-based tracking method.
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Fig. 3. Sample Trajectories for Translating Motion

Beating heart sequences were used for qualitative evaluta-
tion of the tracking. All sequences are 256 grey-levels, with
resolution going from 128× 128 pixels to 512× 512 pixels.

A. Results on Artificial Images

1) Translating Motion: The sequence represents a transla-
tion of the pattern, as illustrated on Fig. 2. Most approaches
perform very well on those sequences, both in terms of
robustness: typical results are presented in Table II and
Fig. 3, both concerning the same sequence. In terms of
accuracy, CTA performs as well as SSD and Correlation,
and better than Optical Flow. The deviation in the trajectory
of the optical flow tracking can be explained by the presence
of lens flares. Other methods performs very well.

2) Rotation and Translation: Adding rotation to the mo-
tion is more demanding and optical flow tracking quickly

Fig. 2. Artificial Sequence

TABLE II
ERRORS IN SIMULATION: TRANSLATION TRACKING (SEQUENCE OF 100

IMAGES AT 100HZ)

Method Mean Error in Pixels Strandard Variation
Correlation 0.00 0.00

SSD 0.04 0.19
Optical Flow 0.90 0.73
Composite 0.00 0.00

ESM 0.00 0.00

diverges after a few iterations. Fig. 4 shows an example of
circular translation with small rotations of the pattern. It is
a very interesting case because the pattern goes through all
the problematic regions of the heart. Correlation and SSD
method pain to track the motion when the pattern goes
through regions of the heart presenting lower contrast or
specularities. On the other hand CTA performs well on this
sequence, as seen on Fig. 4.

B. Beating heart sequences

Interpreting natural sequences is more delicate because
the motion is not precisely known and much more complex:
deformation of the surface and changes in pose and illumina-
tion are very demanding in terms of tracking. Experimental
sequences were used to compare the algorithms in desired
conditions. Those sequences are adequate for qualitative
evaluation of our method.
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Fig. 4. Sample Trajectory for Circular both Translation and Rotation of the Pattern

As expected with beating heart images, the results of
tracking with optical flow are not satisfactory. The tracking
using correlation and SSD give good results, but on some
specific regions their accuracy were not as good as expected.
Finally, the CTA improves precision while keeping good
accuracy.

VI. CONCLUSION AND PERSPECTIVES

The use of texture characterization proved to be an inter-
esting option for robustness improvement in medical vision-
based applications, the main limitation of the approach being
the real-time constraint. The CTA shows a way to use texture
information while coping with time constraints effectively,
with execution time of about 10ms.

The next step in our work is to perform the tracking
online (not only on recorded sequences) to validate our
method in experimental conditions, and to experiment with
visual servoing based on this data. Another objective is to
integrate temporal information in the tracking (as in [5])
using specificities of the heart movement.
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