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Abstract. In this paper, we propose a method to track a multi-view
camera for modeling indoor environment without calibration patterns.
A multi-view camera is more convenient for modeling background or
objects in speed and usage than expensive 3D scanner. However it re-
quires a good initial pose and motion of a multi-view camera because
the initial pose has an effect on overall accuracy. Thus, we use structura&
constraints of a multi-view camera and coplanar calibration pattern to
provide a good initial poses. Then, we estimate camera motion by ca
culating rigid-body transformation between corresponding 3D points i
each point clouds set. Finally we perform bundle adjustment in order to.
optimize all poses of the camera. Since it gives absolute camera motion in
a room without scene constraints, the proposed technique is more us
than conventional pose estimation for modeling indoor environment. The
proposed method can be used to accurately augment virtual obJects a8

1 Introduction

Camera calibration is the process that determines the relation between a Wor
coordinate system and a camera coordinate system [1]. The relation
sented by camera parameters, and enables us to rectify images and reco
3D background [2]. Especially, the pose of a camera including position
entation plays an important role in registering initial point clouds for r
indoor environment with a multi-view camera [3].

Many researchers have proposed various camera calibration algorit
order to obtain camera parameters accurately. T'sai proposed two-step Of
tion algorithm that exploits an accurate non-coplanar pattern called Ts
[1]. It is known as the first algorithm to consider radial coefficient of a lens @
tion. However, a precise right angle pattern is required to get the correct rest
Zhang [4], Sturm [5], etc., overcame this constraint by using homogr
several images (more than three) Zhang proposed a flexible calibration n
with a coplanar pattern for a desktop vision system (DVS) [4]. Calibrati
be done by capturing feature points in a coplanar pattern at different p
However, it requires several images in order to obtain accurate results [4]ru i

The process of obtaining extrinsic parameters, which determine
camera, with calibration patterns is inconvenient in modeling of indoor envir
ment. The accuracy of camera poses largely depends on how precise calibratl
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pattert is. Practically, it is difficult to make a calibration pattern with the re-
quired precision. [n fact, it is more difficult than camera calibration because it
gses only one image [6].

In this paper, we propose a method to track a multi-view camera for mod-

 ¢ling of indoor environment without calibration patterns. Since the initial pose
of a multi-view camera has an effect on overall accuracy, we use structural con-
gtraints of a multi-view camera to iteratively optimize an initial pose of a camera
with known calibration pattern. This gives the absolute camera position in the
indoor environment. Based on the initial position, we estimate camera motion
by calculating rigid-body transformation between corresponding 3D points in
each point clouds set. Finally, we apply bundle adjustment in order to optimize
all poses of the camera. Thus, we can know the absolute motion of the camera
in a rooi.

The proposed method provides a good initial pose with respect to a user-
defined orientation in indoor environment. Since it only uses point clouds, it
does not need calibration pattern to track a multi-view camera. [t is useful for
registration in an indoor environment object modeling, and it can be used to

~ accurately augment virtual objects.

This paper is organized as follows: Camera model and the rigid-body trans-
formation are introduced in Chapter 2. The method to find the initial pose and
estimate motion by using 3D homographies is explained in Chapter 3. Then we
show the experimental results of a proposed method in Chapter 4. We present
the conclusion and future work in Chapter 5.

2 Camera Model and Rigid-Body Transformation

. In a world coordinate system, a point, M = [X,Y, Z]T, is projected onto m =
* [4,9]7 in image plane by projection matrix P following simple pinhole camera
. model. Projection matrix consists of the product between intrinsic parameters
. and extrinsic parameters [2]. It is 3 x 4 matrix which has 11 degree of freedom.

X
i ‘ ‘
7 P=A[Rt| (1)
1

Where, (v is an arbitrary scale factor, R is a 3 x 3 rotation matrix and t =
[tz t,.¢.)7 is 3 x 1 translation matrix. ‘Rt| is a transformation matrix between

Aworld coordinate system to a camera coordinate system. A is a special matrix
fomposed of intrinsic parameters which shape is as follows.

~ [k, [k, cothd u,

A = 0 »»L:in? Vo i2)
0 N 1

_where, f is a focal length, k, and k, are horizontal and vertical scale factors,
Tespectively. (4o, Vo) is a principal point where : axis meets image plane. #
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represents the angle between X and Y axis in retinal plane. In practice, g
almost 90 degree, thus fk,cot® becomes 0 and sin# has 1 value, ide
the 3D space, camera motion can be represented as sequential transform.
Change of coordinate system in the 3D space can be rigid-body transform
4 x 4 homography. Its homogeneous representation is shown in equation (3!

where, H;_,; indicates a homography including rotation and translation m
which transform L; coordinate system to L; coordinate system.

3 Pose Optimization and Motion Estimation

3.1 Initial Pose Optimization

We introduce the pose optimization method of a multi-view camera.
posed method uses structure constraints of a multi-view camera. Cople
tern is used in determining orientation of a world coordinate system. Pra
the pose estimation with general calibration algorithm using coplanar
makes considerable errors. We found that the reconstructed shape of
view camera with general camera calibration methods is much different
original one shown in Fig. 1 (a), (b). We propose the optimization a
reducing those errors and overall procedure is shown in Fig. 1 (c). A mul
camera is an extension of a general stereo camera. It has more than 2
in one camera body. Generally, the poses of those lenses are determined
small displacement error through lens alignment process in the factory.

Genoral Camera calibration
(Get tha initial extrinsic paramet:
¥
Selact (Change) the pivot lons
i =)
[ Estimate R, T of other lenses |
y .
' Non—finear optimization

Dispiacement error < Threshold

Yes :
| ot optimized R, T of all lenses |

(b) ()

Fig. 1. Calibration error and overall procedure for optimizing poses of inner lens
original shape of camera (3 lenses: top, left, right) (b) reconstructed shape of ¢ ‘.
by general camera calibration (¢) overall procedure for reducing calibration errors
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Fig. 2. Multi-view camera structure and displacement of inner lenses

displacements, then, were tested by nsing several calibration algorithms. Finally,
manufacturers provide optimal intrinsic parameters and baselines so that it is
possible to give disparity map. The important thing we focus nn is that the
distance among lenses are preserved whenever the camera is moving. We use
displacement error including translation and rotation error as a rost function
shown in equation (4).

L—1 L= 1
Rern)r - Z ”Ti.j o Ru;r”a . ’errm" - Z \Fc;w,l o ‘;’}H ‘
———— -y {4)

E = Repror + 0T error

where, L denotes combination number between lenses. v is a scale factor, )
and R, , are ideal translation and rotation matrix between 1eh lens and jyy, lens,
respectively. 5; ; and r, ; Is experimental translation and rotation matrix ob-
tained by camera calibration between 1, lens and Jth lens. Boror 18 quaternion
operation,

Iig. 2 shows a displacement of a multi-view camera. I and T is extrinsic pa-
fameters matrix of 1, and )y, lenses, respectively. And, Di_,, is transformation
matrix between each lens in a camera coordinate system. W;_,, is transformation
matrix between each lens in a world coordinate system.

Since the displacement of each lens is preserved in a world coordinate system,
We can estimate extrinsic parameters of other lenses if we know the extrinsic
Parameter of a reference lens.

L, =W, L, RT RTY,) |

Where, [, | ; 18 ideal transformation including |Rt| in a camera coordinate Sys-
tem, R,t;] is extrinsic parameters matrix of 1y, lens. We define the homography
between 1,, lens and Jin lens as W,

When all lenses are located on the same plane and their Z-axis directions are
Parallel, D,_,, can be represented as the simple form which has only rranslation
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values.
RT _RT:. RT _RT4. g, |
[‘[’1_}3 =t [ i i t1} D1_¢J = [ 23 i tt} [nggg statz_"?]

0 1 0 1 0 1

After estimating extrinsic parameters of other lenses, an overall optimiz
which minimizes calibration error must be performed. A cost function |
here is shown in equation (7).

L-1

E 1.5 R t:
B~ Zﬂ IT:W:X — T; X||, OptimizeT; = [ A 1,]

where, T is the transformation matrix of j;, lens obtained by general ¢
calibration. T;W; represents estimated T}, and X is the feature point in a
coordinate system. The proposed method is especially robust when the d
between the calibration pattern and a camera is far.

3.2 Direct Computation of Motion

The motion of a multi-view camera can be represented by rigid-body trans
tion. We calculate 4 x 4 homographies, called rigid-body transformation m:
by using corresponding points of each point clouds without any calibration
tern. Overall flow of algorithm is shown in Fig. 3. In Fig. 3, A; and B;
2D corresponding points in each image. We can get depth values of A
because we have several lenses. Since a multi-view camera cannot gu:
perfect disparity map, we need the process to eliminate invalid points fr
corresponding point set. Then, we get full 3D corresponding points from
ages. Using these matched points, we can calculate rigid-body transfo )
We exploit direct technique proposed by K.Arun to calculate homography (7

[Fi.nd4x4 Homography between {4, } and [314}"

L Optimization of Homography J i
(b)

Fig. 3. Overall procedure to obtain 4 x 4 homography

We exploit direct technique proposed by K.Arun to calculate homogra
[7]. Given two point clouds {a;,b;} in 3D, 4 x 4 homography including rotatior
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matrix and translation vector between each point cloud can be achieved through
following steps. We use Levenberg — Marquat non-linear optimization method
to refine the results.

Step 1. Compute centers of each point cloud and vectors.

15 S | -
Ei:Wgai,ai:ai_ahbizﬁgbﬂbi=bi_bi (8)

Step 2. Compute H matrix.

Gixbix Gizbiy Gizb; .
f= § : Qiybia igybiy “i,yff.z (9)

2 af,,zbi,z ai,zbi,y ai,zbi,z

Step 3. Compute the SV D(Singular Value Decomposition) of H = USVT.
Step 4. Find R = VUT and Compute Det(R) = 1.

Step 5. Find t = (b— R - a).

Step 6. Minimize R and t by using Levenberg — Marquat

Error = ||(R-a; +t) — b (10)

We obtain the [Rt] matrix through above procedure without calibration pat-
terns. The last step is called bundle adjustment (10]. In this step, we optimize
all poses of cameras using the cost function defined in equation (11).

7
= i R; t;
i = E |\ T:W: X —T; X ||, OptimizeT; = [ 0 1] (11)

i=0

Where, M is the total number of images taken from a multi-view camera, @, 04 ¢
s corresponding points between i, and i, point clouds.

4 Experimental Results and Analysis

We use digiclops, IEEE1394 multi-view camera, to obtain images and point
clouds. Digiclops exploits CC'D sensor, ICX084AK, and its focal length is 6mm
(8]. Especially, it has 3 lenses on the same plane, shown in Fig. 4(a), and its Z
axis direction is parallel. Initially, we perform a Tsai’s camera calibration with
the non-coplanar pattern to achieve intrinsic parameters of each lens exactly. Fig.
4 shows the structure of digiclops and the calibration pattern. The calibration
Pattern gives orientation of a world coordinate system and feature points.

) The displacement error function of digiclops defined in Chapter 3.1 is shown
n (12). If we get. optimized extrinsic parameters, then error is almost 0.

{Terr‘or = ”S'f"f» 3 G”‘.t” & “St.l = Gt,i” + “ST.i' = Gr‘.f“

Rerror = Rt — Boll + | By — Rl + |1 s = R (12)
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(b)

=®-5m —8--5m —A=7

Fig. 5. Results of optimizing pose with increasing distance (a) Terror (b)

where, Repror is quaternion operation. G, is ideal values related to the
between left lens and right lens shown in Fig. 4. S, is experime
related to the distance between left lens and right lens calculated
camera calibration. Experimental results are shown in Fig. 5. Proposeq!
reduces calibration error effectively.

In order to measure an accuracy of camera motion, we perform ex
using synthetic data implemented in OpenGL space. Equation (13) is
measure. |

Error

M
Error =" ||(R - a; +t) — bi||*, NormalizedError(NE) =
=0

where, Error is the sum of all pixel errors which are differen
tween destination points {b;} and transformed source points {R -
Normalized Error(NE) is the mean error of each pixel. The simulatio
are shown in Fig. 6. Fig. 6 (a) shows initial two point clouds. Fig. 6 (b
the results after applying [Rt] to source points. Error is under 0.001mm. £
(c) shows Error and NE when the number of points is increasing.

We also apply our algorithm to real environment. We use well
RANSAC (Random Sample Consensus) method to find out 2D correspond
points from two images [9].
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Number of pointy
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(a)

Fig. 6. Accuracy of rigid-body transformation (a) initial two point clouds (b) after
fitting (c) errors as number of points is increasing
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Fig. 7. Camera moving along Z axis (a) scene with cameras and point cloud (b) top
view of motion (c) errors with translation along Z-axis from reference position

(a) (b)

Fig. 8. Real scene experiment (a) original 2D image (b) before fitting two point clouds
(c) after fitting two point clouds by obtained transformation

: First, we move a multi-view camera along Z-axis (back-ward movement) by
USing accurate cart that enables us to move the camera along Z-axis exactly. We
ef{k a camera position per 50 mm movement. Fig. 7 (a), (b) show the camera
tion in 3D space. Virtual cameras are represented as a circle. As expected,
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the motion follows Z sxis. And the Error and NE are shown in Fig. 7(c).
this case, M is 120 points and N E is below 50 mm.

Second, we extend our experiment which estimates an arbitrary camera mg
ment. The results are shown in Fig. 8. Fig. 8 (a) shows a starting scene. We mg
a camera by hand and capture point clouds at two different positions. Fig. 8 {
shows two point clouds before applying transformation matrix. Fig. 8 (c) she
two point clouds after applying transformation matrix.

5 Conclusions and Future Work

We proposed a method to optimize camera poses with coplanar pattern a
timate motion for modeling indoor environment. The proposed method p
optimal starting position of a multi-view camera by using structural constra
And camera motion is obtained by calculating homography between the
sponding points of each point clouds. In the experiment, we showed the s
tion results and motion estimation results in the real environment. Acc
results, we can get registered point clouds of whole room environment b;
a multi-view camera. In order to improve accuracy, it is necessary to
tee robust dense disparity estimation algorithm and obtain more corresp
points exactly. As future works, we consider full modeling of rooms or obj
using proposed method. The proposed technique can be extended to A
Reality, for accurately augmenting virtual objects, or Robot Vision.
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