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Abstract—In the traditional camera calibration method,
one of the core parameters affecting the calibration quality is
the mapping matrices in the x- and y-direction. In this study,
we first calculate the mapping matrices using the traditional
method. And then adopt Particle Swamp Optimization (PSO)
method to further fine tune the mapping matrices. In the
experiments, we use OpenCV packages to perform the original
calibration algorithm, and use Python to implement the PSO
algorithm to fine tune the mapping matrices. Experimental
results show that, we have only minor improvement in terms of
re-projection error (since this quantity is coarse), but we do
produce better vision effects, especially for the regions distant
from the image center.
Keywords: Camera Calibration; Particle Swamp Optimization
(PSO); Mapping Matrix; Re-projection Error
Introduction
Camera calibration can be viewed as a pre-processing
technique for practical visual applications. For wide-angle and
fish-eye lenses, calibration is even more important. It is a key
factor of success for the latter applications. Calibration process
is indeed nonlinear [1, 2]. To improve the performance of
coordinate transformations, Tsai [3, 4] proposed a 2-tage
process method, which produces better results but requires
high cost computation. Heikkila [5, 6] proposed another 4stage method to compensate the radial distortion and tangent
distortion. The most practical and commonly used method was
proposed by Zhang [7] in 2000. His method is widely
implemented in Matlab and OpenCV. Recently, there are
methods using stereo objects to assist the calibration (3Dcalibration) [8]. However, these methods require some specific
geometric structures of the objects. The performance is much
better than the traditional ones but they are also computation
intensive methods.
Particle Swamp Optimization (PSO) is a famous branch of
evolutionary computation, which is originated from social
psychology principle using the fitness concept. Individuals in
the swarm have the ability of communication to exchange
information. PSO is first proposed by Kennedy and Eberhart
[9, 10] in 1995. The underlying idea is interesting. Wilson [11]
found similar behavior from the fish. Reynolds [12] and
Heppner [13] found that the birds form some specific figures
when flying together to reach a place far away. PSO has man
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success application such as Queens Puzzle [14], image
application [15, 16] and neural networks [17]。
Camera Calibration Model
The most commonly used camera calibration model based
on pine-hole mode is depicted in Fig. 1. The transformation
model is shown in (1). The matrix [R T ] , referred to as
extrinsic parameter, is a combination of a rotation and a
translation from World Coordinate to Camera Coordinate.
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In the Camera Coordinate, we us the property of similar
triangles to obtain (2) and (3), where f is the focal length and

zc is the distance of the camera to the world object. For
convenient, one adopts homogeneous form as (4). Together
with the correction of pixel aspect ratio and center shift of the
CCD sensor (cx , c y ) , one re-writes (4) as (5). The matrix A in
(5) is called the intrinsic parameter.

Fig. 1. Pine-hole model for camera calibration.
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There 2 types of distortion induced from the wide-angle
and fish-eye lenses, radial distortion and tangent distortion. An
example of typical distortion effects is shown in Fig. 2. In the
Brown-Conrady model, one merges radial distortion model (6)
and tangent distortion model (7) to obtain a homogeneous
form (8), in which the nonlinear transform is denoted by  .

between the true image and the captured (distorted) one. They
can be regarded as a simulation of a camera which distorts an
image in the capture process. Therefore, whenever these 2
matrices are obtained, the correction process can be done by a
process called Remap which perform inverse mapping together
with image interpolation. The relation between Map and
Remap is illustrated in Fig. 3.

(a) radial distortion

Fig. 3. Map and Remap with interpolation
(b) tangent distortion

Fig. 2. Lens distortions.

x  xr (1  k1r 2  k2r 4  k3r 6 )

(6)

y  y r (1  k1r 2  k 2 r 4  k3r 6 )

Here since the originally obtained matrices Mapx and Mapy
are not precise, especially in the regions distant from the image
center, we use PSO to further fine tune them. The effect of
Map is shown in Fig. 4. The left image is an ideal box image,
while the right one is the transformed (distorted) one. As
observed, distant regions have bigger distortions.
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Fig. 4. Direct mapping of Mapx and Mapy on as ideal image.

Finally, one combines (1), (5), and (8) to form the
calibration model as shown in (9). For practical implement, we
adopt Zhang’s method [7] which utilizes various views of
Chessboard to estimate the intrinsic parameters f x , f y , cx , c y ,
lens distortion parameters k1 , k2 , p1 , p2 , k3 , and extrinsic
parameters. And then, we can use the intrinsic and lens
distortion parameters to perform image calibration.
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The Mapping Matrix
In the implementation, we adopt the tool in OpenCVPython packages to calculate the Mapping matrices Mapx and
Mapy (abbreviated as Map in together). These 2 matrices
provide pixel mapping positions in the x- and y-directions
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Particle Swarm Optimization, PSO
The simplest model of PSO is given in (10) and (11). For
each particle, let x be the particle position and V be the
particle velocity. Let P be the best position of the particle x ,
i.e., Pbest and G be the best position of the swarm, Gbest.
The subscription i represents i -th iteration.
Vi1 Vi Cp Rp (Pi  xi )  CG  RG  (Gi  xi )

(10)

xi 1  xi  Vi 1

(11)

One of the main reason rendering PSO useful is the
coefficients of the 3 terms in (10). The coefficient  stands
for the inertial term. The coefficients C P and CG are random
numbers between 0 and 1, and different for each component.
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Experimental Results
In this study, we adopt Python (2.7.5), numpy (1.9.2) and
OpenCv (cv2 3.0.0) as our software platform. Testing images
are of size 480  640. A set of chessboard are captured in
various aspect. Some examples of images are shown in Fig. 5.
After the calibration parameters are obtained using the training
set, some images from the testing set are tested. The reprojection error can be calculated on the chessboard corners
detected previously. It is the averaged difference of calibrated
and then distorted one over the training set.

2
0.6
0.6
1.7
2.75171042
- 0.05981
0.6
1.7
0.6
2.75132992
3
- 0.06019
4
0.6
0.6
0.6
2.75160842
- 0.05991
- 0.05984
5
0.6
0.1
1.7
2.75167209
6
0.6
1.7
0.1
2.75165152
- 0.05986
7
0.6
1.2
0.6
2.75167752
- 0.05984
The visual results are illustrated in Table 4. In the left
column, there are 2 captured images. The middle column
shows the results of the originally calibrated images and the
right column shows those using fine-turned parameters.
Compare the left corner of the images in the bottom middle
and bottom right. There are still apparent distortions in the
former, while the latter exhibits better visual effect.
Table 4. Comparison of visual effects.
Original
Image

Original
Mapx, Mapy

Fine-tuned
Mapx, Mapy

Fig. 5. Examples of captured chessboard images.
The results of fine tune using PSO are listed in Table 1-3.
Table 1 shows the result using various number of particles in
PSO. We observe that there are reductions of re-projection
error using PSO, although the amount is not significant. Table
2 shows the results using various number of iterations and
Table 3 shows those using various parameter combinations.
Table 1. Test on various number of particles.
Parameter settings
epoch =3, generation=100,  =0.6, C P =1.7, CG =0.6
Error
No. particles
Re-projection Error
Difference
1
100
2.75207381
- 0.05944
2
200
2.75140738
- 0.06011
3
300
2.75148955
- 0.06003
Table 2. Test on various number of iterations.
PSO settings
epoch=3, particles=100,  =0.6, C P =1.7, CG =0.6
No.

iterations

Re-projection Error

1
2
3
4

100
200
300
400

2.77927487
2.77912801
2.77897274
2.77920540

Error
Difference
- 0.03224
- 0.03239
- 0.03255
- 0.03231

Table 3. Test on various parameter combinations.
基本參數設定
epoch = 5, 粒子數=10, generation=100
Re-projection
CG
CP
No

Error
1
0.6
1.7
1.7
2.75143589

Error
Difference
- 0.06008
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Summary
In the field of camera calibration, the distortion model can
be represented using only few parameters. That is, it is
impossible to adjust those parameters to obtain better results
because of the tight relaxation property of the model. Instead,
we perform the fine tune directly on the mapping matrices of
the distortion model, which consist of thousands of parameters.
Therefore this method is somewhat too much relaxed. In the
future, we will try to impose some constraints in order to
reduce the amount of parameters.
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