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Abstract:
Nowadays many known ways exist to compute 3D models of office rooms. But all of them have one
disadvantage: the long computation time. Within this work, the computation of a sparse 3D model
of a room is described which is done in a short time. To do this we extend the stereo reconstruction
method on panoramic images, and we calibrate the camera with a method which takes benefits from
the image acquisition process, and from the innovative design of our self developed artificial targets.
Experimental results show the feasibility of the proposed 3D reconstruction.

1 Introduction
The relation between a point � in 3D space and its corresponding point � in image plane is given
by [6] � ���
	����� ���� ��� �� ��� (1)

where � is an arbitrary scale and P is a ��� � matrix known as the perspective projection matrix.
The points � �!�#"$�&%'� � �)( and � �!��*$�,+-�/.0� � �)( are expressed in homogeneous coordinates. The�1�2� rotation matrix  and the translation vector � describe the pose (i.e. the extrinsic parameters)
of the camera with respect to the world coordinate system. The �3�4� matrix 	 contains the intrinsic
parameters of the camera, such that

	5� 678:9<; = "'>= 9<? %@>= = � ACBD � (2)

where 9<; and 9$? are the scale factors in the E and F axis directions, respectively. The principal pointG "'>��,%H>JI is the point where the optical axis of the camera intersects the image plane (we assume zero
skew).

A closer look at equation (1) points out the problems that we need to address in order to compute
a sparse 3D model of an office-like room. Indeed, as the camera used to reconstruct the scene is
uncalibrated (i.e. 	 is unknown) we need to deal with the problem of camera self-calibration [5].
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Moreover, as both the scene and the camera motion are unknown (i.e. � and
G K�,�@I ) we need to

deal with the problem of structure from motion [3].

Several types of methods to resolve (1) have been proposed in the literature. These methods can
be categorised with respect to the number of images used to reconstruct the scene. In a single
view method [4, 9] the reconstruction of a 3D structure can be done if vanishing points and lines
can be computed from the image. For the stereo view approaches, we can use either the small
baseline stereo method [14], the wide baseline stereo method [13], or a combination of both methods.
Multiple views (captured by one or more cameras) methods are also proposed [1, 8, 9]. For those
cases, the camera moves “randomly” in the scene. When the camera only rotates around the axis
perpendicular to its optical axis, we are talking about panoramic view methods [12].
In this paper, we propose a multiple stereo views method with a zoom camera. The images are
acquired in the way that we are able to build panoramic views of the scene.

2 Image acquisition process
For the acquisition of the scene’s panoramic view, we use a zoom camera mounted on top of a
Pan-Tilt-Unit (PTU). From the technical features of the camera, we can compute the maximum
horizontal camera’s field of view by L

cam
max � �NMPORQTS&MPU'V * max�XWZY (3)

where * max is the maximum resolution of the camera in the * -direction, and
W

is the camera’s focal
length. In addition, if we consider that two consecutively acquired images should overlap each other
of about 9 degrees, we define[T\ � Q�]�^`_aV

L
cam
max b 9L

PTU
max

Y and c \ �
[T\L
PTU
max

(4)

where the parameter c \ indicates the rotation angle between two consecutive image views.

Figure 1 depicts the image planes of an acquisition process while the PTU is rotating about c \ de-
grees. The PTU rotates to its leftmost side position, and then the first image is captured (image 1).
The PTU gradually rotates c \ degrees to the right, and at every step the camera captures a new
image. The image acquisition process is ended when the PTU reaches its rightmost side position.
As a result, we are able to capture a panoramic view of the scene. We remark that the overlap area
between the first and the last image is smaller than for the other images (images 1 and 13 in fig. 1),
because the maximum horizontal rotation of the PTU is � �edgf .
Our method requires to take two panoramas of this kind (the tripod with both PTU and camera has
to be moved to an arbitrary second position) in order to build stereo panoramic images (the stereo
baseline is the distance between the two tripod positions).
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Figure 1: Acquisition of a panoramic view.

3 Calibration
Camera calibration means the process from which we are able to compute both the intrinsic (i.e. in-
ternal geometry) and the extrinsic (i.e. external geometry) parameters of the camera [6].

Intrinsic parameters: As we use a zoom camera (i.e. variable focal length), the intrinsic parameters
of the camera need to be computed before the 3D reconstruction process starts. On the assumption
that the PTU’s axis of rotation goes through the camera’s centre of projection, we can rewrite the
equation (1) as � �ih#j4�k	lmjJ�nh (5)

where �ih#j is the projection of the scene point �oh on the image p . In other words, we can say that
the point �qh must belong to the straight liner h-� G 	smjTI/t � �uh#j (6)

Moreover, as explained in [5], the relationship between two different images can be written as� �ihCvw�
	lxvT�nh<�
	lxv G 	smjTI t � �ih�jy�{zsv|j}�ih#j (7)

where zlv|j is a �~��� non-singular homogeneous matrix. This matrix is a homography [6] and relates
the analytical correspondence between points of images p and � , respectively. On the assumption
that :j��5�)� � � = � = � ( ��� = � � � = � ( ��� = � = � � � ( � (w.r.t. the second image � ), equation (7) gives after some
algebra 	lxv b zsv|j}	5� = (8)

This equation gives us the way of how to compute the intrinsic parameters of the camera if at least
four point correspondences are found in both images p and � . To solve (8), we favour to use the
RANSAC algorithm [7]. Moreover, since the camera’s centre of projection does not exactly belong



to the PTU’s axis of rotation, we apply also a non-linear optimisation process in order to improve
the accuracy of the computed intrinsic parameters.

Extrinsic parameters: Algebraically, if
G K�R�@I defines the rigid displacement from the image

�
to

the image
�

camera coordinate systems, we have the relationF � �Z�F �<� � (9)

where F~h is the vector defined by equation (6) as
r h���� r hR� . Taking the vector product with � , followed

by the scalar product with F � we have F ��� G � �l�F � IN� = (10)

which expresses that the vectors F � , F � and � are coplanar. By rewriting (10) as F (�'� F � � = , we can
derive the so-called �N��� essential matrix� �����|���0 where ���|�|��� ��� = b ��� �|���� = b �|�b �|� �|� =

���� (11)

The computation of the matrix � is done using the ”8-point algorithm” [11]. Then, by means of
the singular value decomposition method, we are able to compute the translation � and the rotation
matrix  . Finally, using the intrinsic matrix 	 to relate points in the camera coordinate system to
image points in pixels, we have � ( � 	 t ( � 	 t �� ��� �� � � � = (12)

where � is the �w� � fundamental matrix which defines the epipolar geometry [6] needed to find
corresponding image points between two distinct camera’s positions.

4 Landmarks and 3D reconstruction

To compute the extrinsic parameters of the camera (see section 3), we need to accurately find several
corresponding image points between various camera positions. For this purpose, we have designed
unique targets (see fig. 2a) which are positioned in the scene (prior to the image acquisition process)
at unknown locations. Under perspective projection, the invariant properties of such targets are the
intersection points of the tangents between two circles. We remark that for every target the two
bottom circles (see fig. 2a) are identical, while the size of the top circles is used to identify the target
itself (useful to find corresponding targets among image pairs). As a result, by using an iterative
method, we are able to extract (from four tangents) eight projective invariant points for each pair of
ellipses (see fig.2b). A similar idea to extract the extrinsic parameters from two circles is described
in [2].

While artificial targets are used for the extrinsic parameter estimation, the sparse 3D reconstruction
of the scene is based on natural landmarks (i.e. corner based features). These points are extracted
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Figure 2: (a) Example of our targets. (b) Under perspective projection, four tangents between two ellipses give
eight invariant points.

among all images using the method proposed by Harris and Stephens [10]. Afterwards, by means
of the epipolar constraint (12) corresponding points can be found, and the 3D reconstruction can be
performed.
Reconstruction is here the process of computing three-dimensional structure of the scene from two-
dimensional image information (e.g. point based features). Given two image points � � and � �
from two distinct camera positions, we can compute by means of the projection matrices � � and � �� � � �
� � � and � � � �Z� � � (13)

where � is a 3D point of the scene. Then, equation (13) can be written in the form (for a suitable����� matrix   )

 :� � = with  �� 67778 ¡
�� b " � ¡3¢ �¡ � � b % � ¡3¢ �¡ �� b " � ¡3¢�¡ �� b % � ¡3¢�

ACBBBD � (14)

where ¡ h � and ¡ h � are the i-th row vectors of the matrices � � and � � , respectively. Since this equation
defines the point � up to a scale factor, we can impose the constraint �J�£�¤� �

. The solution
of equation (14) is simply the eigenvector of the matrix  ¦¥§  associated to the smallest eigenvalue.
This stage can be done again by using the singular value decomposition method.

5 Experimental results
For image acquisition we have used a Sony firewire zoom camera (DFW-VL-500) mounted on top
of a pan-tilt-unit. Five artificial targets (see fig. 2a) were fixed around the room. The size of the
room is approximately 4.5 x 6.0 m. We note that we do not need to measure any distance or relative
positions between any of the targets. The camera was positioned at two distinct locations to acquire
the panoramic views of the office room. After choosing the desired focal length of the camera (this



may vary w.r.t. the size of the room), we carry out the sparse 3D reconstruction of the room as
described in fig. 3. The right hand side of fig. 5 shows the 3D reconstruction of the five targets used
to calibrate the camera. Assuming perpendicular walls of the room, we get a mean angle error for
the five targets of �©¨ � � f . The left hand side of fig. 5 shows the sparse 3D model of the room after
the reconstruction of up to

�eª0�
points as explained in section 4. We remark that the model contains

some outliers ( « points) which are essentially due to mismatch during the correspondence process.
For the evaluation of the accuracy of the presented method, several gauge targets (i.e. strap-like
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Figure 3: 3D reconstruction block diagram.

format with known length) are fixed on the walls of the room. Figure 4a shows such a constellation
where two gauge targets are located near a calibration target. Figure 4b shows the 3D reconstruction
of three planes (noted I, II, and III) each of them defined by two gauge targets. The diamond-styled
markers show the locations of the camera where the panoramic views are taken. Table 1 describes
the parameters coming from four (a, b, c and d) experimental evaluation cases. Cam. pos. are the

case Cam. B Pts Tgs nb. of ¬ ¬®
pos. (cm) matches (cm) (cm)

a 1-2 54.7 161 5 5968 5.03 2.48
b 1-3 99.6 146 5 7291 4.38 1.06
c 1-4 151.6 106 4 6930 3.80 1.48
d 1-5 207.2 105 5 6765 8.63 1.84

Table 1: Experimental evaluation data.

camera positions as plotted in fig. 4b. The value B indicates the stereo baseline for the related case.
The value Pts indicates the number of points for which we compute a 3D reconstruction. The value



Tgs indicates how many calibration targets we found. The number of matches indicates how many
correspondences we found. In addition (related to each case), the value ¯° indicates the mean error
concerning the length (i.e. about 1 m) of all reconstructed gauge targets, and the value ¯± indicates
the mean distance of all reconstructed black squares (see fig. 4a) w.r.t. the planes defined by two
gauge targets.
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Figure 4: (a) Gauge targets used for the accuracy evaluation, and (b) their 3D reconstruction. The diamonds
depict camera locations.

6 Conclusions
We have presented and described a method for the sparse 3D reconstruction of an unknown office
room. To do that, we have extended the stereo reconstruction approach on panoramic images. Our
method tackles two main problems which are camera self-calibration and structure from motion.
The emphasis of the proposed method is also laid on flexibility (i.e. independent of the room’s size),
execution time (i.e. less than 30 min in matlab), and robustness. The experimental results show the
feasibility of the proposed method, and the quality/accuracy of the computed 3D model.
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