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Université du Littoral Côte d’Opale

B.P. 649, 195 Rue M. Luther King, 62228 Calais Cedex, France
boucher@lasl.univ-littoral.fr, noyer@lasl.univ-littoral.fr, benjello@lasl.univ-littoral.fr

Abstract - We propose in this article a 3D dynamic reconstruc-
tion method based on the fusion of data from sequences of range
and intensity images. The vision system acquires both images of
the scene at every time. We use a line segment description of the
objects of the scene, and more precisely a point representation
of the segment described by its extremities.
The detailed solution to this estimation problem lies on a global
filter that matches the segments through the range/intensity im-
age sequences and fuses both data to recover the 3D structure
and motion of an object.
The method performs well on synthetic image sequences from
two sensors [4, 5] and is now applied to an experimental se-
quence of an object evolving according to a rotation/translation
motion. The scene is viewed by a range camera which delivers a
range image and an intensity (reflectance) image.

Keywords: Sensor fusion, multitarget multisensor tracking.

1 Overview

The estimation of the 3D motion and structure from im-
age sequences is a key problem in computer vision and has
been intensively studied [1]. In many cases, the inter-image
spatio-temporal correlations are studied in order to reduce
the vast amount of information contained in an image.

There are many methods to recover the 3D motion from
an image sequence, such as the correlation/gradient al-
gorithms, the tracking of object features, etc. This arti-
cle details an estimation method of the 3D motion and
structure from two image sequences (range and inten-
sity/reflectance), based on a line segment description of the
scene. As a common assumption, such a method deals with
objects which can be described by a polygonal approxima-
tion.

The joint estimation of the 3D structure and motion of
an object is done using an unique filter which fuses the in-
formations from both images to track the segments through
the sequences. The filter also estimates the parameters of
the 3D affine motion that describes the displacement of the
objects in the scene.

2 Description of the problem

The aim of our work is to identify the 3D position and mo-
tion of the objects in a scene viewed by an active vision
system: a range camera. The solution to this dynamical es-
timation problem needs a model of the motion of the object
in the scene, together with a description of the measure-
ments delivered by the sensor.

A range camera is a device which acquires an image
of depth measurements (or the object-camera distance), as
measured from a plane (orthographic) or a single point (per-
spective) on the camera. The data acquired by a range cam-
era is often referred to as being 2

�����
D in nature as opposed

to 3D. This kind of device system also captures a form of
intensity image: the intensities recorded are the amplitude
of the portion of the beam reflected back towards the cam-
era. Since laser cameras use light wavelengths far outside
the visible spectrum, it is why the amplitude of the back-
scattered energy is called reflectance. The main drawback
of this sensor remains its acquisition time although many
efforts have been released [3].

The dynamics of the object is described by an affine
model [11] whose parameters are unknown. The feature
used to estimate the structure and motion of an object is the
line segment, described by both extremities: each object is
supposed to be approximated by a polyhedral object.

2.1 Dynamics equations

In order to estimate the 3D position of both extremi-
ties of the segments and the parameters of the unknown
affine motion, one details the dynamics equation of the 18-
dimensional state vector � .

The evolution of an 3D object in the sensor referential
can be written (in Cartesian coordinates):

��	��
 ���� � ��	��� �� �
(1)

where
��	���������������������� 

is the 3D Cartesian coordinates
vector of a segment point at the time ! and

� � ��� �� �"� are the
parameters of the affine motion ( � � is a 3-by-3 matrix and�� �#� �%$� � ��&� � ��'� �� 

is a 3D vector).

The dynamics equations of this estimation problem can



be written in the following matrix form:

� ��
 � � � � � ����� � (2)

where:� � � � �� �� � �� �� ��� ���� ��� ���������� �
	�	� � �%$� � ��&� � ��'� �� 
is the

18-dimensional state vector;� � � is the transition matrix and has the following form:���
� � ��������������� � 	������� � � ������� � 	��������������� ��� ������������������������������ ���

�����
where

��� �! 
is an i-by-j null matrix and

��"
is the n-

dimensional identity matrix;� � �	�$# �� �%# �� ����� # �'&� �%# �'(� �
is an additive white Gaus-

sian noises matrix with zero means and covariances
equal to ) �$#+*� #-,� � �/. �021 * , .

2.2 Measurement equations

The range camera delivers two images of the scene at every
time ! : a range image and an intensity/reflectance image.
The measurement equations can be written as follow:35476��
 � �98 6 � � ��
 � � ��: 6��
 �47;��
 � �98 ; � � ��
 � � ��: ;��
 � (3)

where:� 476��
 � �$< �!= 6��
 � �%> �!= 6��
 � ��� �!= 6��
 � �%< ��= 6��
 � �%> ��= 6��
 � ��� ��= 6��
 � �� is the
range measure on the position of the extremities (

< �%>
are the pixel coordinates and

�
is the depth measure)

and
47;��
 � �$< �!= ;��
 � �%> �!= ;��
 � �%< ��= ;��
 � �%> ��= ;��
 � �� their ”intensity”

measure;� : 6 and
: ;

are two additive white Gaussian noises
with zero means and respectively ? 6� �@. �6 ��� ,? ;� �/. �; �BA covariances.

� the non-linear functions 8 6 and 8 ; are the transfer
functions from 3D positions to pixel coordinates in the
range and intensity images. They describe the perspec-
tive projection of each extremity:CDE DF < 6 = ;� �HGJILK!M�NPO � � &RQ'
Q ���S<UT> 6 = ;� �HGJVWK!M�N O � � $XQ'
Q � �S>YT�+Z V[GJILK!M�NPO � � &RQ'
Q �J\]Z V <UT (4)

� GJI � GJV �%Z V �%<UT �%>YT � are the identified intrinsic parameters
of the range camera [13].

3 Recovery of the 3D motion and
structure

This estimation problem can be solved by an unique Ex-
tended Kalman Filter which combines the measurements of
both sources [2]. It deals with line segment features of an
object and delivers an estimation of the 3D position of the

extremities together with the parameters of the affine mo-
tion.

The structure of this filter can be summarized in three
parts: first, a prediction stage, then a matching stage and
finally, a correction stage.

3.1 Prediction of the 3D positions

The filter predicts the 3D positions of both extremities of
the segment and the affine motion coefficients using the dy-
namics equation (eq. 2):^`_

� ��
 ��� � � _� � _� � � �ab ��
 ��� � �9c � ab � � � c  � ��d � (5)

where:� _� � � � is the estimation of the 3D stucture/motion at the
time ! knowing the measures until ! ;� _� � � � � � _� � � � � is the estimated motion at time ! ;� c � �/egf � ��h if QkjlQ is the Jacobian matrix of the dynamic
flow.

The motion is computed at each time and is used in the
filter equations to predict the 3D positions (eq. 5). The only
hypothesis made on the motion is that it can be described
by an affine equation, which is a very generic displacement.

3.2 Matching the 2D/3D predicted measures

At this point, the difficulty one faces with is to track each
segment through both image sequences in order to initialize
the measurement equations of the filter (eq. 3). The main
problem of a 3D scene description by a line segment ap-
proximation is that it generates lots of potential candidate
and only one must be chosen.

There are multiple solutions to this multitarget multisen-
sor tracking problem, such as Probabilistic Data Associa-
tion or Multiple Hypothesis Tracking techniques [2], simil-
itude function minimization [7], etc.

The proposed solution deals with the minimization of
the Mahalanobis distance (between two descriptors), which
is widely used in computer vision applications: this simil-
itude function operates on vector attributes that describes
the segment. The choice of these attributes determines the
efficiency of the matching.

The predicted 3D positions of both extremities (the six
first components of � ) are used to compute their predicted
2D positions in both images via the perspective projection
and the knowledge of the intrinsic parameters (quantifica-
tion, principal point, etc.) of the sensor [8, 9]:^nm4 6 ��
 � �98 6 � _� ��
 ��� � �o4 ; ��
 � �98 ; � _� 6��
 ��� ��
 � � (6)

where
_
� 6��
 ��� ��
 � is the the estimation of the position at

the time ! �qp using range image only.

The Mahalanobis distances between the 2D predicted
positions and the measures at time ! �/p are computed, for



each segment of both images (extracted by usual segmenta-
tion methods [6, 10, 12]), and the most probable correspon-
dent is detected:� in the range image by the computation of� � 4 6��
 � � _� ��
 ��� � � :

����� ����  6 �	� 6 ab ��
 ��� � �  6 � ? 6��
 � � O � �� 6 (7)

� in the intensity/reflectance image by the computation
of
� � 47;��
 � � _� 6��
 ��� ��
 � � :
����
 ����  ; �	� ; ab 6��
 ��� ��
 � �  ; � ? ;��
 � � O � �� ; (8)

where:� �� 6 � � 476��
 � \ m4 6 ��
 � � and �� ; � � 47;��
 � \ o4 ; ��
 � � ;� � 6 � egfJ8 6 h if Q��� jlQ and
� ; � egfJ8 ; h if �Q��� jlQ��� are

the Jacobian matrices of the range and intensity mea-
surement functions evaluated at

_
� ��
 ��� � and

_
� 6��
 ��� ��
 � ;� ab ��
 ��� � and

ab 6��
 ��� ��
 � are the covariance matrices of the
predicted state (eqs. 9, 10).

3.3 Estimation of the 3D structure/motion

Matched segments are used to update the filter equations.
The general structure of the proposed solution lies on a cen-
tralized Extended Kalman Filter, which sequentially pro-
cesses the data from both images. First, the Kalman gain
and its associated covariance matrix are computed using
range data only.

CDDE DDF
� 6��
 � � ab ��
 ��� � �  6 �	� 6 ab ��
 ��� � �  6 � ? 6��
 � � O �ab 6��
 ��� ��
 � � ab ��
 ��� � \ � 6��
 � � 6 ab ��
 ��� �_
� 6��
 ��� ��
 � � _� ��
 ��� � � � 6��
 ���� 6 (9)

At this point, only the range data are used to deliver an
estimation of

_
� 6��
 ��� ��
 � . Then the Kalman gain and the co-

variance matrix are computed for intensity data, taking into
account the correction given by the range data.

CDDE DDF
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 �_
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_
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(10)

Finally, the filter delivers the estimated state vector_
� ��
 ��� ��
 � which contains the 3D estimated position of the
segment and its affine motion. When no matching occurs
(wrong segmentation, loss of measurements, etc.), the fil-
ter operates in open loop, and no update is made with the
”deficient” measure.

4 Results from real data

4.1 Range and reflectance image sequences

The previous algorithm is applied to ”real” image se-
quences from the USF Range Image Database1. The
range/reflectance images are delivered by a non-moving
Odetics range camera whose resolution is

p������ p����
pix-

els. The 3D scene contains a moving object which can be
described by a polygonal model.

The figures 1-2 present the range and reflectance images
at the beginning and the end of the sequence ’a’ and ’x’:
the object evolves respectively with a pure rotating motion
during 16 images and a pure translating motion during 12
images.

The magnitude of the rotation for the object ’a’ be-
tween each frame is equal to

��� � ���
approximately, and the

magnitude of the translation of the object ’x’ is equal to ��� .

Range image � Reflectance image �

Range image �! Reflectance image �! 
Figure 1: Images of the sequence ’a’

Range image � Reflectance image �

Range image �"� Reflectance image �"�
Figure 2: Images of the sequence ’x’

1Available at http://marathon.csee.usf.edu/range/DataBase.html



4.2 Matching the line segments

The algorithm detailed in this article deals with segment
features. Each image needs to be segmented first: one im-
plements usual segmentation methods (region growing and
corner detection on range image [10, 12], edge detection on
reflectance image [6]).

For each segment of the scene, the filter computes the
Mahalanobis distance between the 2D predicted positions
in both images and the range/reflectance measures (eqs.
7, 8). The matching occurs when the distance is below
a defined threshold

� ���
for range images and

� ��

for

reflectance images.

The figures 3 and 4 plot the evolution of the Mahalanobis
distance on both sources for one segment of the object of
the sequence ’a’ and ’x’. It should be noticed that this dis-
tance drops to zero when no measure occurs (i.e. there is
no correspondent in the next image) and the filter is not up-
dated.
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Figure 3: Evolution of the Mahalanobis distance: object ’a’
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Figure 4: Evolution of the Mahalanobis distance: object ’x’

4.3 Estimation of the 3D motion

The filter (eqs. 9, 10) jointly estimates the 3D positions
and motion of the object. Its parameters (noise covariance
matrices) depends on the experimental configuration of the
scene:� the measurement noise covariances are:

– . �; = I ��� � ��� , . �; = V � p for the coordinates
�$< �%> �

of the covariance matrix ? ;� in the case of ’a’ se-
quence and . �; ��� � � in the case of ’x’ sequence;

– . �6 � p
for each coordinate

�$< �%> ���	�
of the co-

variance matrix ? 6� in both cases.� the dynamics noise covariance matrix
d �

is diagonal
and equal to �

� � � for the six first components of the
state vector (3D positions) and to �

� ��� � for the other
components (3D motion).
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Figure 5: Estimation of the 3D affine motion: object ’a’
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Figure 6: Estimation of the 3D affine motion: object ’x’

The filter estimates the motion described by a generic
3D affine model. The figures 5-6 show the estimation of
the parameters ( � ��� �� � ) of this model for a segment of the
sequence ’a’ and a segment of the sequence ’x’.

One notes that the filter identifies the characteristics of
the affine motion using few frames.

4.4 Estimation of the 3D positions

The figures 7-8 present for each sequence the estimation of
the 3D position

�� � ��� �� ��� �� ��� �� �� 
of a segment extremity

compared to the measured trajectory (the estimation error
is plotted in dot line).

One remarks on these figures that the positions of a seg-
ment of the ’x’ object derive at time ! � � (the estimation
error increases) due to a wrong measure which is rejected

(the Mahalanobis distance goes beyond the threshold). The
filter manages this loss of mesurement and progressively
re-estimates the correct trajectory.
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Figure 7: Estimation of the 3D position of an extremity
�� �

of a segment of the ’a’ object

Finally, the figures 9-10 show the 3D reconstructed
scene using all tracked segments projected respectively in
the range image and the reflectance image (eq. 4):� the circles define the available measures;� the plain segments are the 3D projected data (esti-

mated by the filter);� the filled squares show the measures used to update the
estimation of the 3D segments;� the dot-line segments indicates when the filter works
in open loop (no matching occurs).

5 Conclusion and perspectives

This article deals with an estimation method of the 3D posi-
tions and motion of polyhedral objects using range and re-
flectance image sequences. The solution lies on an unique
filter which fuses the informations from both sources to
evaluate in real-time these parameters. The proposed al-
gorithm performs well as it estimates the object parameters
with a good accuracy and deals with sequences where loss
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Figure 8: Estimation of the 3D position of an extremity
�� �

of a segment of the ’x’ object

of measurement occurs: the filter operates in open loop and
is updated when the matching is done again.

In order to improve the accuracy of the results, it would
be interesting to add a CCD camera to the vision system
which will deliver intensity images with a higher frame rate
than a range camera and give more data to update the esti-
mation of the 3D structure/motion. Note that this method is
well suited to manage vision systems with different frame
rate and/or devices.
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Figure 9: Reconstructed scenes: object ’a’
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Figure 10: Reconstructed scenes: object ’x’


