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Abstract. The camera calibration problem consists in estimating
intrinsic and extrinsic parameters. It can be solved by computing a 3x3
matrix enclosing such parameters - the fundamental matrix -, which can
be obtained from a set of corresponding points. Nevertheless, in prac-
tice, corresponding points may be falsely matched or badly located, due
to occlusion and ambiguity. Moreover, if the set of corresponding points
does not include information on existing scene depth, the estimated fun-
damental matrix may not be able to correctly recover the epipolar geome-
try. In this paper, an EA-based method for accurately selecting estimated
corresponding points is introduced. It considers geometric issues that
were ignored in previous EA-based approaches. Two selection operators
were evaluated and obtained similar results. Additionally, a mutation
operator is designed to tackle bad located points by shifting disparity
vectors. An inter-technique comparison is performed against a standard
camera calibration method. The qualitative evaluation is conducted by
analysing obtained epipolar lines, regarding expected appearance, based
on a-priori knowledge of camera systems during the capturing process.
The quantitative evaluation of the proposed method is based on residu-
als. Experimental results shown the proposed method is able to correctly
reconstruct the epipolar geometry.

Keywords: Camera calibration · Corresponding points · Evolutionary
algorithms · Inverse problems · Fundamental matrix

1 Introduction

The camera calibration problem has applications in diverse fields [11,15]. It is
related to the estimation of intrinsic and extrinsic camera parameters. Intrinsic
parameters characterise inherent optical properties of a camera, including the
focal length, the image centre, the image scaling factors and the lens distortion
coefficients. Extrinsic camera parameters indicate position and orientation of
the camera in relation to the world coordinate system. Intrinsic and extrinsic
camera parameters define the projection of a 3D scene into a 2D image plane,
by a camera system.
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Camera calibration can be performed in either a semi-automatic or an auto-
matic way. The former - called photogrammetric calibration - requires of cali-
bration patterns, which have to be accurately known [5]. Moreover, calibration
patterns or apparatus have to be used [12]. The latter - called self-calibration -
is supported by the epipolar geometry [8]. The epipolar geometry is the intrinsic
projective geometry between any two views. The epipolar geometry is encapsu-
lated in the fundamental matrix, F. A set of corresponding points can be used for
computing the fundamental matrix. Corresponding points are formed by project-
ing a 3D point into two slightly different image planes. Thus, if these projections
are accurately known, the 3D position of a point can be recovered by triangula-
tion. However, in practice, corresponding points may be inaccurately estimated.
In fact, recovering the intrinsic and the extrinsic parameters is an inverse and
ill-posed problem. Moreover, if a set of corresponding points does not include
information of existing scene depth, the estimated fundamental matrix may not
be able to correctly recover the epipolar geometry due to the inverse nature of
the problem.

The camera calibration problem has been addressed using Evolutionary Algo-
rithms (EA) and Genetic Algorithms (GA) by several authors [1,6,10,13,17].
The most similar approaches to the presented method are [2,7]. These works
represent a chromosome as a set of stereo matching pairs. In [2], a minimal set
of matching points is pursued, and there is no guarantee that a single chromo-
some properly contains information of existing scene depth. Also, there is no
clear insight about how the mutation operator works. A chromosome of variable
length is used in [7] due to the considered crossover operator. Thus, multiples
strategies are required to compute the Fundamental matrix, according to the
chromosome’s length.

In this paper, the calibration problem is turned into finding an accurately
estimated set of corresponding points. Consequently, an EA is used for accurately
selecting estimated corresponding points and then estimating the fundamental
matrix.

2 Problem Statement

The calibration problem is an ill-posed problem. Thus, small perturbations in
the input corresponding points may produce arbitrary large variations in the
estimated fundamental matrix. Corresponding points are projections such that:

Definition 1. For a given pair of stereo images, let m be a point, with coor-
dinates [u, v, 1]T , in the right image, and let m′ be a point, with coordinates
[u′, v′, 1]T , in the left image. Points m and m′ are corresponding points iff they
are projections of a scene point M .

There is a set of constraints commonly used for estimating corresponding
points in order to cope with the ill-posedness, for instance: Similarity: the
matching points have to have similar appearance. Uniqueness: a given feature
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point from one image can match no more than one feature point from the other
image. Continuity: disparity of a matching point should vary smoothly almost
everywhere over an image. Ordering: if mi ↔ m′

i and mj ↔ m′
j and if mi is to

the left of mj then m′
i should also be to the left of m′

j and vice versa. That is,
the ordering of points is preserved across images.

Taking into account the inverse and the ill-posed nature of the calibration
problem, there is a set of criteria that the estimated corresponding points has
to fulfil in order to stabilise the solution.

Definition 2. Let S = {(m1,m
′
1) , (m2,m

′
2) , · · · , (mi,m

′
i) , · · · , (mn,m′

n)} be
an accurately estimated set of corresponding points, subject to:

1. The points (mi,m
′
i) have to be projections of scene points Mi, ∀ i = 1, · · · , n.

2. The [ui, vi]T and [ui′ , v
′
i]
T coordinates have to correspond to an accurate

localisation of mi and m′
i, ∀ i = 1, · · · , n.

3. The cardinality of S has to be in relation to existing scene depth.

The calibration problem can be turned into finding an accurately estimated
set of corresponding points. Moreover, the extrinsic and the intrinsic parame-
ters do not depend on the scene content, in the direct problem. However, in
the inverse problem, a set corresponding points belonging to existing scene
depth may compensate the lack of information about scene depth. The prob-
lem addressed in this paper consists in finding a set S which fulfils the above
criteria.

3 An EA-Based Fundamental Matrix Estimation

The EA-based method is briefly described as threefold: 1. estimating a set S+ of
corresponding points, 2. S+ evolution by EA, and 3. calculating the fundamental
matrix.

3.1 Estimating a Set S+ of Corresponding Points

1. Feature points extraction: Feature points are extracted using Shi-
Tomasi [14].

2. Matching feature points: Matching of feature points is performed using
the block-matching algorithm with Normalised Cross Correlation (NCC) and
two different window sizes: −5 × 5 and 7 × 7−. Each point in the reference
image is correlated to every point in a 2D search-window in the target image
and the bidirectional constraint is enforced during the calculation. A set of
matching points is obtained.

3. Filtering matching points: Outliers, in the initial set of matching points,
are removed by RANSAC, and the distance between a point and its epipolar
line is used as a criterion to decide whether or not there is an outlier. Then,
the ordering constraint is verified on the remaining matching points. That
is, the order of feature points is preserved across images. A filtered set of
matching points is obtained.
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4. Clustering filtered matching points: Filtered matching points are clus-
tered based on estimated disparities, in order to take into account the exist-
ing scene depth. The k -means algorithm is used to cluster filtering matching
points, using the subtractive clustering method, available in MATLAB, to
determine the number of clusters κ. As a result, a set S+ is formed, where
S+ =

{(
mj ,m

′
j , k

)}
, j = 1, · · · , nc, and k = 1, · · · , κ.

3.2 S+ Evolution by EA

1. Configuration of initial population: The initial population is built by
sampling with replacement q matching points from each cluster in S+. Chro-
mosome codification is formulated as follows:

θ = ((m1,m
′
1), . . . , (mj ,m

′
j), . . . , (mp,m

′
p)), (1)

where θ is a chromosome and p is the size of the chromosome with p=q×κ.
A chromosome only contains a matching pair of points once.

2. Chromosome expression and fitness evaluation: The fitness function
enforces the epipolar and the smoothness constraints. The fitness function
is given by:

g(θ) =
p∑

i=1

d(mi, Fm′
i) + d(m′

i, Fmi) + Ci. (2)

The epipolar constraint requires the calculation of the fundamental matrix,
F , which is estimated using the set of matching points in S+. The smoothness
constraint is reflected in the term Ci, by summing absolute differences among
the disparity di – where di = [mi − m′

i] – and disparities belonging to the
same cluster of (mi,m

′
i):

Ci =
q∑

j=1

‖di − dj‖1 ∀ i �= j; dj =
[
(uj − u′

j), (vj − v′
j)

]
. (3)

The objective function is given by,

θ = argmin g(θl). (4)

3. Elitist preservation: A number η of the best fitted population individuals
is preserved and kept unchanged among consecutive generations.

4. Selection: Two selection methods are considered – the proportional roulette
wheel and the tournament – to perform parents selection for crossover.

5. Crossover: A single point crossover operator exchanges matching points
between parents, by combining information associated to the existing scene
depth.

6. Mutation: Mutation is applied in an informed manner. The matching point
with the largest distances to its epipolar line is mutated. Given a pair of
matching points, a point is randomly selected from the pair. A number among
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0 to 7 is randomly chosen in order to determine the direction ω towards the
selected point is moved. The new localisation of the selected point is within
an 8-neighbourhood, as it is shown as follows:

m∗
j = mj + δomega, (5)

where ω is a mutation offset, such as:

The uniqueness constraint is verified after a mutation in order to enforce its
fulfilment. In case of degeneration of a chromosome, it is discarded.

7. Validation: The validation consists in verifying that each chromosome does
not contain a matching point two or more times. If a repetition is found, the
chromosome is discarded. The validation is conducted on the initial popula-
tion and after the mutation.

8. Population replacement: The population is replaced by introducing new
generated chromosomes, and elitist chromosomes are kept.

9. Stop criterion: The stop criterion is based on the first occurrence of the
convergence principle, over the elitist population, and a maximum number
of generations. If the population of the best fitted remains unchanged over a
period of τ generations, it is assumed that convergence is reached. In practice
τ is taken as a fixed number, and the number of maximum generations is
fixed large. The elite population is the set S∗.

3.3 Fundamental Matrix Estimation

The estimation of the fundamental matrix has the elite population S∗ as the
input to a non-homogeneous linear equation system that is solved using a pre-
conditioned LMedS and SVD based on the Rank-Nullity Theorem.

4 Experimental Evaluation

The performance of the proposed method was evaluated using the following sets
of stereo images: Lab – which were acquired during the conducted research – and
Corridor [3], Raglan [3] and Kapel [4] – which are available in public repositories.
Matlab was used as programming tool. The Video Processing Toolbox was used
for performing RANSAC and guided sampling. The scripts for corner detection
and matching of Peter Kovesi were used [9]. Obtained results are compared to
the calibration method proposed by Zhang and Kanade [18], which is based on
the bucketing technique and the LMedS estimator [16]. The EA parameters are:
η = 10, τ = 5, Gmax = 20, Pcrossover = 0.7, and Pmutation = 0.15.

Initially, the two selection operators were evaluated using as criteria the resid-
uals – calculated as the distance among points and its epipolar lines – and the
execution time. Experiments are repeated 10 times using the set S+.
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Table 1. Comparison of the two selection methods.

Average residuals

Selection Method Lab Corridor Raglan Kapel

Tournament 3.34× 10−7 3.19× 10−8 5.01× 10−8 1.42× 10−7

Roulette 4.84× 10−9 8.45× 10−9 2.12× 10−9 1.43× 10−8

Table 2. Comparison of the two selection methods.

Average execution times in seconds

Selection Method Lab Corridor Raglan Kapel

Tournament 6.02× 100 4.62× 100 7.43× 100 3.32× 10+1

Roulette 8.30× 100 3.67× 100 7.67× 100 3.72× 10+1

Table 3. Performance evaluation of the proposed method and the bucketing technique
plus LMedS [18].

Average residuals

Method Lab Corridor Raglan Kapel

Proposal 2.11× 10−6 1.32× 10−9 1.63× 10−10 6.10× 10−9

Bucketing plus LMedS 1.87× 10−4 1.60× 10−5 1.21× 10−4 1.83× 10−4

Tables 1 and 2 show that the proportional roulette wheel yielded smaller
residuals than the tournament and they shown similar execution times. The
proportional roulette wheel is used as the selection operator of the proposed
method.

(a) Lab
(b) Corridor

(c) Raglan
(d) Kapel

Fig. 1. Points superimposed on epipolar lines: using the EA-based method at the left
and using the bucketing technique plus LMedS at the right.
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Performance evaluation of the proposed method is based on residuals. Resid-
ual values obtained using the proposed EA-based method are lower than residual
values obtained using the bucketing technique plus LMedS [18]. However, com-
puting elapsed times took longer for calculating the EA-based method. Table 3
shows average residual values of 20 trials.

Regarding the epipolar geometry in Figure 1, the Lab, the Raglan and the
Kapel are stereo images for which the motion between views is approximately a
translation parallel to the x-axis, with no rotation. Although, matching points
lie on corresponding epipolar lines, the epipolar geometry is not correctly recov-
ered for the Raglan and the Kapel datasets. In the corridor dataset, one image
plane is behind the other. Consequently, the epipole is a fixed point at the same
coordinate in both images. The epipolar geometry is recovered.

5 Final Remarks

The proportional roulette wheel is a selection operator simple and easy to imple-
ment. It was chosen for being used in the proposed method based on obtained
residuals and execution times.

Existing scene depth has to be considered in order not only to avoid degener-
ate configurations, but also to introduce information to tackle the inverse nature
of the problem. In the proposed approach, existing scene depth is taken into
account by the means of selecting matching points from clusters.

The proposed EA-based method tackles bad located matching points by
introducing a specifically designed mutation operator, capable of shifting dis-
parity vectors. It is also capable of removing false correspondences by a filtering
step.

Quantitative experimental evaluation shown that the proposed method
reconstructs the epipolar geometry with lower residuals than the bucketing tech-
nique plus LMedS [18]. Qualitative evaluation shown a better reconstruction of
epipolar geometry by the EA-based method. Future work is focused on optimis-
ing consumption of computational resources.
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