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Abstract
This paper discusses self-calibration method for a multi stereo-rig
passive face recognition system with overlapping views of
individual cameras.
Two cameras fixed inside a rig can be easily calibrated in a
factory environment so each rig will be considered individually
calibrated. It is incredibly important to estimate relative positions
and orientations of the stereo rigs with respect to each other
without using any calibration objects. We propose calibration
method using point correspondences between all cameras.
In this paper we present a novel more robust method that
calculates metric reconstruction. Our method reconstructs 3D
point set for every stereo rig from multiple dynamic scene images.
Point correspondences are established by tracking points over all
images captured simultaneously. So pairing between points is
known but data keeping outliers. Then RANSAC technique is
applied to reject outliers and finally 3D motion is estimated.
In this paper it is shown that the presented method can be
accepted as sufficient in accuracy. Our method can be easily
adopted for various numbers of stereo rigs.
Keywords: Self-calibration, 3D motion estimation, stereo-rig.

1. INTRODUCTION
Passive 3D face recognition system is the area of intense research
over the past decade. A wide range of 3D acquisition
technologies, with different cost and operation characteristics
exists [1,10].The most cost-effective solution is to use several
calibrated 2D cameras fixed inside a rig to capture images
simultaneously, and to reconstruct a 3D surface [11] (Fig.1A).

Figure 1: Passive 3D faces recognition system: A – common
view; B – stereo-rigs.
The term stereo rig is used in this paper to refer to any twocamera system, which comprises a set of two cameras (with
overlapping views) that are physically connected together and
capture images simultaneously (Fig.1B).
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Passive 3D face recognition system using stereo-rigs demands an
accurate calibration of the devices which includes, first, intrinsic
parameter measurement and estimation of the relative poses of the
cameras with respect to each other inside a rig, second, estimation
of relative positions and orientations of the stereo rigs with respect
to each other. Our paper focuses on the second part of the
calibration procedure (estimation of relative positions and
orientations of the stereo rigs with respect to each other).
Roughly speaking, there are two groups of calibration methods.
The first group is based on using of some object with known
geometry (calibration pattern) or moving single feature like an
LED [13, 15, 19].
One of such methods can be used for a calibration of two cameras
fixed inside each rig. Due to the fact that calibration can be
performed in a factory environment, stereo rigs are considered
individually calibrated in this paper. Since the goal of this paper is
to calibrate a multi-camera system without using any calibration
objects, methods from the first group are out of our consideration.
The second and most suitable group of methods is self-calibration.
Both the scene shape (3D structure) and the camera parameters
(motion) consistent with a set of correspondences between scene
and image features are estimated using this group of methods [3,
8, 17, 20].
The main part of calibration literature from the mentioned second
group of calibration methods concerns extrinsic calibration. The
goal of extrinsic calibration is to determine the 3D rotation and
translation (3D motion) parameters relative to a fixed coordinate
system. The estimations are based on 2D point features as they
appear in an image sequence. Such methods are called structure
from motion (SFM) methods. Usually 3D motion estimation
methods involve two steps: first, 2D motion estimation that might
be represented by 2D displacement vector field and, second,
calculation of 3D motion from 2D displacements.
We propose to use 3D displacements for 3D motion estimation in
this paper instead of using 2D displacement. We have 2D features
as an input of our algorithm. We reconstruct 3D point set for
every stereo rig using given calibration. So we receive sets of 3D
displacements (keeping outliers) that can be used for estimating of
3D motion between 3D point sets (and consequently between
stereo rigs). Such kind of 3D motion estimation methods using 3D
points are sometimes called 3D alignment [16].
There are two main approaches to the problem of 3D motion
estimation. If pairing between 3d points is known, closed form
(analytic) solution is suitable [2, 6]. But analytic solution is
breaking down in presence outliers (even if we have only one
outlier). If pairing between points is unknown, iterative algorithms
that start by matching nearby points and then update the most
likely correspondence can be used [4].(See [13] for an overview
of applications.). Iterative algorithms require good initialization
and they are sensitive to overlap and outliers [4]. Some
approaches are proposed to deal with 2D feature correspondences
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selection for robust camera calibration [12, 14, 18, 20]. However,
reliable and automatic SFM is a difficult problem so far [18].
The paper is organized as follows. The proposed method is
described in Section 2. Experiments on several multi-camera
sequences are presented in Section 3. Conclusions are given in
Section 4.

2. SELF–CALIBRATED METHOD
2.1 The overview of multi stereo-rig selfcalibration method
The overview of multi stereo-rig self-calibration method we
propose is shown in Fig.2.

2.2 3D motion estimation algorithm based on
RANSAC
The basic 3D alignment algorithms presented in literature are
sensitive to outliers in the data [16]. As 3D tracks (and appropriate
points correspondences) automatically extracted from images will
almost always contain false matches, robustness with respect to
outliers is very important. In this section, we will describe
algorithm for this.

2.2.1 Problem definition
Given
a
set
of
point
correspondences
{(
)
|
} measured
in
two
Cartesian coordinate systems (left stereo rig, right stereo rig) find
the rigid transformation (rotation and
translation)
, between the two
systems so that for corresponding points
(from left coordinate system) and
(from right coordinate system) we have:
.
To achieve robustness with respect to
false correspondences, the well-known
(adaptive) RANdom SAmple Concensus
(RANSAC) approach [7, 9] can be
applied. RANSAC is a very generic
method for rejecting outliers. Here, we
will describe a robust motion estimation
algorithm based on RANSAC and one of
the basic 3D alignment algorithms [6].

2.2.2 RANSAC based algorithm

Figure 2: The overview of multi stereo-rig self-calibration
method: A – captured image sequence, B – 2D features detection,
C - 2D features matching, D – track generation
The method mainly includes two stages, corresponding 3D feature
extraction and robust 3D motion estimation. To obtain
corresponding points, we let a person walks between stereo rigs
(Fig.1A).
By analyzing the motion of human body from synchronous video
sequences, we can find 2D points suitable for corresponding point
(Fig.1B). Matching is performed to find corresponding points on
the images captured simultaneously (Fig.1C).
Once we have pairwise matches, next step is to link up matches to
form tracks (Fig.1D). Each track can potentially grow up to
become eventually a 3D point. Some tracks might be inconsistent.
Track should have length equal three in order to be consistent.
We remove inconsistent tracks on the feature extraction stage.
Then generated tracks are verified by 3D triangulation. On this
step reconstructed 3D points should have distance from the
appropriate stereo rig within certain reasonable range (for
example, from 0.5 m to 1.5 m).
The next stage of our method is robust 3D motion estimation.

The motion of point from the left rig
coordinate system can be expressed as
[
]
, where
is the appropriate point in the right rig
coordinate system, the orthogonal matrix
describes rotation and vector
describes translation of . We assume
that camera geometry is described by perspective projection with
intrinsic camera parameters
(

and

are the effective focal

lengths, is the skew parameter, and (
) is the principal
point.
RANSAC repeatedly samples a small subset
containing
point correspondences, and generates a hypothesis for the
solution using only the sample .
has to contain at least four non-planar 3D points. Each of the
multiple solution candidates generated by one of the appropriate
algorithm [6] can be treated as a single hypothesis . Each
hypothesis is describes appropriate motion (
) which is in
turn a candidate of a solution of the whole task.
Each hypothesis is evaluated by counting how many 3D point
correspondences are consistent with it. A correspondence
(
)
is considered consistent with a hypothesis
if a
(
) (error measure is presented
suitable error measure
further), is below a certain threshold .
(
)
We propose to use the following error measure
| ∑(
The

Russia, Vladivostok, September 16-20, 2013

), where

{(

)

set
)

|

|
of
| (

all

)

|

||

.

consistent
correspondences
} is called the support set of

21

The 23rd International Conference on Computer Graphics and Vision

hypothesis . The hypothesis with the largest support set found
during the iterations could be returned as the result of RANSAC.
Usually, in the final step, the result is estimated from . However
this approach is based on the assumption that
is outlier-free,
which in general cannot be guaranteed. So in our algorithm the
result is estimated from . As the influence of noise is typically
lower when estimating from a large set of data (as opposed to the
very small samples ) we sampled a subset
containing
more than 4 point correspondences (as usual – 10 point
correspondences).
Let us assume the data contains a proportion of outliers. The
probability of getting at least one outlier-free sample
is
(
(
) ) , where
denotes the number of
RANSAC iterations. In order to get at least one outlier-free
sample
with a probability of (at least) , we hence need
)
to perform at least
iterations.
(
) (
Typically, the proportion of outliers is unknown. The number of
iterations of the RANSAC algorithm can optionally be adapted
on-line basing on the following approach [2]. Let us assume the
largest support set
is founded during previous iterations. It can
be used to derive an upper bound for [2]:

|

accuracy error estimation in this article we propose mean 3D
̂
̂ |,
∑ |
position error. It is given by
̂
̂
where is rotation estimation, is translation estimation.

3.1.1 Noise sensitivity analysis
The noise added to the 3D points is Gaussian with standard
deviation varying from 0.05 to 2.5 mm. A percentage of outliers
that was injected in the dataset was established as 25%.
We studied the behavior of the algorithm as a function of 3D point
noise while s percentage of outliers is fixed.
Fig.3A shows mean 3D position error with various standard
deviation.

|

| |

.

Hence, the required number of iterations is [2]:
(

|
(

(

)
| |
)
| |

|.
)

If the proportion of outliers is very high, however,
might
always stay very large leading to a very big running time. In order
to enforce a certain limit on the running time, we specify a
maximum number of iterations in the beginning and make sure
that N not increased by using the following adaptation rule [2]:
(
).
When we have 3D motion ( and ) calculated we can easily
calculate position and orientation of all cameras relatively to each
other.

3. EXPEROMENTAL RESULTS
The algorithm described above was tested with synthetic and
experimental data. Synthetic data allows us to study the algorithm
with respect to 3D image noise and to assess the conditions under
which reliable results are expected.
We used two types of experimental data: calibration points and
real points. Calibration points are obtained from the images of 3D
calibration object (chessboard pattern). Since the sizes of this
pattern are known, we can use standard camera calibration
algorithm and compare the results obtained with our selfcalibration algorithm with standard camera calibration algorithm.
Calibration points are so accurate that the motion parameters
obtained with this data and with the standard calibration algorithm
may be considered as the ground-truth.
The synthetic data consists of a hundred 3D points. The points in
the set were chosen randomly from a uniform distribution within a
cube of size 750x750x750 mm centered about the origin. The
synthetic data was formed by adding noise to the individual points
and transforming them to a new location. Then a percentage of
outliers was injected in the point set. The noise added to each
component was uncorrelated, isotropic and Gaussian, with zero
mean and variable standard deviation. For each noise level one
hundred trials were performed. The average response of algorithm
over this hundred trials was used to compute several different
error statistics for the calculated transformations. For absolute
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Figure 3: Mean 3D position error: A - synthetic data for different
standard deviation of noise; B – synthetic data for different outlier
percentage; C – real data: images of moving human body; D – real
data: images of static chessboard pattern.
From fig.3A we can deduce the stability of self-calibration
method against noise on the poses of the input 3D features.

3.1.2 Outliers sensitivity analysis
Percentage of outliers that was injected in the dataset was varying
from 0 to 50 %. The noise added to the 3D points is Gaussian with
standard deviation that was established as 1.0 mm.
Fig.3B shows mean 3D position error with various percentages of
outliers. From fig.3B we can deduce the quality of the estimation
is independent of the outlier percentage.

3.1.3 Experiments with real data
Real experiments were conducted using image sequences of a
moving person. Two stereo-rigs were calibrated by using
chessboard pattern. Feature points of the body were found, filtered
and reconstructed. Motion of these points was estimated using the
proposed method.
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Figure 4: 3D image of a head: A - two stereo rigs are not
calibrated so two 3D images of the head are not aligned. B – after
self-calibration. Two 3D images of the head are aligned after selfcalibration has performed using the proposed method.
Fig.4A shows motion that exists between two 3D images of a
head reconstructed using images from different rigs since extrinsic
calibration between stereo rigs was not known. Then 3D motion
between point sets was estimated using the proposed method.
Fig.4B shows that two 3D images of the head are aligned after 3D
motion estimation.
Fig.3C and Fig.3D show mean 3D position error in various
experiments with real data. Fig.3C shows mean 3D position error
for 3D motion calculated using proposed method and points
detected and matched on images of moving human body. Fig.3C
shows mean 3D position error for 3D motion calculated using
classical calibration method [19].
From fig.3C and fig.3D we can deduce that accuracy of the
presented method is worse than accuracy of common calibration
techniques but it can be accepted as sufficient for some practical
purposes. For example, proposed method can be used when using
of calibration objects is undesirable or impossible.

4. CONCLUSION
A new self-calibration algorithm has been proposed for obtaining
3D motion parameters of a multi stereo-rig system over time
without using any particular calibration apparatus. The idea is to
use previously valid stereo-rig calibration parameters and image
point matches to perform an alignment of two 3D paired point sets
that contains outliers. The method is tested in both artificial data
and real video sequences. The results show that our method is
robust in datasets with up to 50% of outliers. The advantage of
our approach is the fact that no calibration objects are needed to
perform metric calibration of the multi stereo rig system as most
reference approaches demand.
The proposed method was evaluated against standard method for
multi-rig calibration and proved to have acceptable in accuracy.
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