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Abstract: In camera calibration, accurate estimation of homography matrix between the world coordinates of the calibration board and its
image coordinates is a key step in high-precision calibration of intrinsic camera parameters. The existing homography matrix estimation
methods have problems such as dependence on thresholds, low computational efficiency, and initial model or sorting quality affecting
results. In this paper, a homography matrix estimation method based on adaptive genetic algorithm was proposed. Firstly, a new circular
grid calibration board was designed and the strategy of first sampling of data sets was optimized. Secondly, a mathematical model for the
estimated homography matrix was established according to the adaptive genetic algorithm. Thereby the optimal homography matrix
between the calibration board and its image was obtained. Finally, the intrinsic camera parameters were calculated based on Zhang’ s
calibration method. The experimental results show that compared with the results of three traditional estimation methods RANSAC,
PROSAC, and LMEDS, the reprojection error of the images by our estimation method is reduced by about 4.11%—7.85%, 11.94% —
16.91%, and 10.19%—17.82%, respectively; and the average running time of the algorithm decreases by about 25.85%—37.47%,
11.99%—22.71%, and 46.50%—53.35%, respectively. In addition, the homography matrix estimation method in this paper was applied
to camera calibration. The results show that compared with the traditional estimation method, the average accuracy of the camera during
the calibration process increases by about 5.48%, 15.06% , and 11.47 %, respectively; and the average calibration efficiency of the camera
is improved by about 10.13%, 5.71%, and 14.26 %, respectively. The homography matrix estimation method proposed in this paper not
only obtained reliable results, but also had certain value and significance in improving the estimation accuracy and calculation efficiency in
camera calibration.
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iterations to obtain the best model, resulting in high
0 Introduction computational costs and significantly affected by
threshold selection. The PROSAC algorithm is an
improvement of the RANSAC algorithm, which

reduces the computational effort by selecting new

Camera calibration directly affects the accuracy and

reliability of subsequent 1image processing and

analysis"?. However, due to changes in the lighting

]

environment or differences in camera angles®”, when samples from pairs of points with smaller errors after

some key points are detected, there may be a certain each iteration rather than completely random selection.

degree of positioning error, which leads to some But when the initial model estimate is inaccurate or the

matching point pairs™*” of low quality in the data set, and
thus adversely affects the solution of the homologous
matrix'®.

To avoid this problem, some researchers proposed
robust estimation algorithms such as RANSAC",
PROSAC™, and 1.MedS". The RANSAC algorithm
estimates the homography matrix by randomly selecting
minimal sample sets, then computes the projection
errors between all other matching point pairs and the
model, classifying them as inliers or outliers based on a

predefined threshold. The algorithm requires multiple

proportion of inlier points in the dataset is low, this
algorithm may not ensure the accuracy of the final model.
The LMedS algorithm finds the best model by
minimizing the median error of matching point pairs,
effectively avoiding the impact of the existence of
numerous abnormal matching point pairs on the
estimation results. However, this method requires
sorting the errors of all matching point pairs, which
improves the computational complexity. In addition,
using median error as a standard may not fully reflect the

best fit of the model, especially when there are many
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useful matching point pairs in the dataset. LMedS may
not be able to make full use of this information, resulting
in the model estimation being impossible to achieve
optimality.

In recent years, many researchers improved these robust
algorithms or proposed some new homography matrix
estimation methods. Lai et al."” proposed an improved
RANSAC algorithm for estimating homography matrix. A
priori probability sampling method was used instead of the
random sampling method, and a quadratic matching
strategy was introduced into calculation of the matching
error, to eliminate more mismatched point pairs, thereby
to improve the accuracy of the homography matrix.
However, the prior probability depends on the distance
measurement of the key points, making this method
unsuitable for all image scenarios, and the results are
greatly affected by the error of the key point extraction.
Zhao et al."" used the HALF-SIF T method to compensate
for the positioning errors generated during feature
extraction, and adopted a new internal point selection
method and homography matrix refinement method:
covariance weighted”” MLESAC"™ and covariance
weighted L-M""". This method improves the accuracy and
robustness of homography matrix estimation by taking into
account the anisotropy and inhomogeneity of feature
positioning errors. Therefore, this method has high
computational complexity and the calculation amount of the
algorithm is relatively large. Yan et al. "™ proposed an
unsupervised depth homography method. This method
designed a multi-scale feature pyramid twin network to
extract multi-scale feature information of images, and

combined dynamic attention mechanism"”

and deep
learning technology'” to effectively solve the homography
problem in repetitive texture scenarios. Nevertheless, this
method requires the construction of a complex model and
numerous resources to train the model, resulting in high
cost of algorithm implementation.

In this paper, a novel and efficient homography matrix
estimation method was proposed to optimize the
homography matrix estimation of calibration board and
its images with Zhang’s camera calibration method.
Firstly, a new circular grid calibration board was
designed to adapt to the iterative calculation of
subsequent genetic algorithms. Next, the strategy for
matching points to initially sample the data set was
optimized. Then, an adaptive genetic algorithm was
introduced to establish a mathematical model that
estimates the optimal homography matrix of the
calibration board and its image. Experimental results
showed that compared with the traditional estimation

methods namely RANSAC, PROSAC, and [LMedS,
the homography matrix estimated by adaptive genetic
algorithm not only significantly reduced the reprojection
error of the image, but also reduced the average running
time of the algorithm. At the same time, this method
also effectively improved the estimation accuracy and
calibration efficiency during the camera -calibration

process.
1 Camera calibration mathematical
model

1.1 Perspective projection imaging process

In order to describe the imaging process of objects

from three-dimensional space mapped to two-

dimensional planes, a mathematical model of the process
[18.19]

of object perspective projection imaging is
established, as shownin Fig.1.
0,
Z\\
0\\
Y\\

Fig. 1 Object perspective projection imaging model

According to the projection imaging model, the
coordinates of the target point P in three-dimensional
space need to be converted from the world coordinate
system to the camera coordinate system by rotation and
translation. According to the principle of similarity
transformation, the corresponding imaging point p of the
target point in the image coordinate system can be
obtained. Then,
information of the pixel on the physical size, the

combining the width and height

coordinates of the imaging point are further converted

from the image coordinate system to the pixel coordinate

system. This conversion process™” is
X5
Up
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where s is the scale factor, [u, v, 1] represents the
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coordinates of the imaging point p in the pixel coordinate

T .
system, [ X' Y} ZY 1] represents the coordinates
of the target point P in the world coordinate system, K is
the camera internal parameter matrix, and [ R|¢] is the

external parameter matrix.

1.2 Homography matrix of calibration board
and its image

The calibration board plane is used as the xoy reference
plane, and the z axis is perpendicular to the calibration
board plane to establish a world coordinate system. Then
the reflective mark on the calibration board can be
considered to lie on the same plane with Z, =
Therefore, there is a homographic relationship™’ between
the real plane of the calibration board and its image plane.
This relationship can be represented by a homography
matrix, and the specific form is

U, hia hy hy || X
S| vy [T ho ha hos || Y5, (2)
1 hSl h32 h%? 1
where s 1s the scale factor, the first matrix to the right of
the equation is a homography matrix, represented by H.

XYoyy o 0 0 0
0 0 0o XY Yy 1
XY yy o 0 0 0
0 0 o XY Yy 1

where i=1,2, 3,4 respectively represents the sequence
numbers of the four corresponding points, and the pixel
coordinates and plane coordinates are represented by
(u,v;,1) and (X, Y™, 1)" respectively.

1.3 Solving camera parameters in homography
matrix

When the camera is fixed, and the calibration board 1s
placed at different positions within the camera’s field of
view, the images from multiple perspectives can be
captured to obtain rich geometric information. According
to Section 1.2, there is a homography matrix H between
each image and the calibration board plane. With
Egs. (1) and (2), it can be seen that when Z = 0 in the
world coordinate system, the parameters matrix K in the
camera, the column vectors r; and r, of the rotation
matrix R, and the translation matrix # have a relationship
with the homologous matrix as shown in

w
—u X,

w
—u X,

w
7M4X4

77}4X4W

By expanding the matrix into equation form, the linear
equations can be obtained by

XY Y+ by
XY A Y+ b

XY b Y+ b
T XY Y by

It follows that two linear equations are obtained by a

3)

set of corresponding points. In addition, according to the

scale-invariant ~ property  of  the  homogeneous
coordinates, H is multiplied by any non-zero constant 4.
Although there are changes in terms of scale, the

equation still holds. Let #= 1/, there is

! ! /
11 12 13

1
H'= H=| hj bo by |- 4)
has

! !
31 32 1

It follows that the homography matrix has 8 degrees of
freedom. Combined with Eq. (3) , it can be seen that at
least 4 sets of corresponding points are required to
calculate the homography matrix H. Assume that there
are 4 sets of corresponding points, the solution to
homography is expressed as

—u, YY" —ui || Ay
—u YY" —u || Ay
: : hy |=0, (5)
*M4Y4W T Uy hos

w
— Uy Y4 — Uy h31

_h3.°»_
H=MK[r, r, t], (6)
where A is the scale factor. If the H matrix is expressed in

the form of column vectors as [/z] h, /L3], then we

can obtain
rn=2X"'K 'h,
ro=2"'K 'h,, (7)
t=21"'K 'h,.

At the same time, the rotation matrix R has the
characteristics that all column vectors are unit vectors
and any two column vectors are orthogonal, that is,
rir,=0, r'ri=r/r,. Combined with Eq. (7), two
constraints for camera internal parameters can be derived
as

hi(K ')'K 'h,=0,
hI(K ')'K '"hy—h) (K '")'K 'h,=0.
Let B=u(K '")"K™', and it can be seen that B is a

®)
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symmetric matrix with 6 unknown elements. Therefore,
solving it requires at least calibration of the homography
matrix between the calibration board plane and the
3 images. If matrix B is known, the camera internal

parameters can be further derived as
vo=(B1;B;;— BBy )/(By B — Bl,),
p=Bs— [B?:s + (BB, — BBy )]/Bu,

fl: N /I/Bn ,

)
fy: /f‘Bu/(BuBzz_ f2)7
a=—Buyuf’f/n,
uy=avy/f, — By [/ 1.
2 Homography matrix estimation

method

In this paper, the implementation of the homography
matrix estimation method is mainly divided into two
parts. The first part is to design a new calibration board
and optimize the initial sampling strategy of matching
points to the data set. The second part, based on the
matching point pairing data set, the evolutionary idea of
adaptive genetic algorithm is introduced to estimate the
optimal homography matrix, thereby improving the

accuracy and efficiency of homography estimation.

2.1 Design and sampling strategy of new

calibration board

Traditional calibration boards have two

types:
checkerboard grid and circular grid, as shown in Fig.2. The
black and white grids on the checkerboard grid plane are

clearly separated, and the positions of key points can be

(a) Checkerboard grid

(b) Traditional circular grid

accurately identified, which has the advantage of high
recognition accuracy. However, it is more sensitive to light
changes, and the detection of key points is greatly affected
in strong light reflections or uneven light environments. In
contrast, circular grid usually exhibits better geometric
stability in camera imaging. Even if there is occlusion or
ambient light changes, the center of the reflective mark as
a key point can still be easily detected at different angles.
However, due to the neat and symmetrical arrangement of
the reflective marks on the traditional circular grid
calibration board, the calibration board lacks directionality,
and can’t provide a clear directional reference for the camera
during the calibration process. In addition, when 4 points
are selected, four points are easily collinear, and the H
matrix can’ t be accurately solved. Besides, recent studies
also proposed the use of absolute phase targets™*, as
shown in Fig. 2 (c). Nevertheless, using absolute phase
targets usually requires additional hardware support (such
as projectors, encoding modules, etc.) , and requires the
projection system to be accurately synchronized with the
camera’ s shooting, which makes the system integration
complexity. Therefore, this paper finally chooses to
improve the traditional circular grid calibration board, as
shown in Fig.2 (d) . The reflective marks on the calibration
board are distributed asymmetrically, and the plane of the
calibration board is divided into four areas, and the
reflective marks in each area form a triangle shape, which
can make it clear directionality for shooting at any angle of
view. At the same time, when there are enough reflective
marks on the calibration board, this asymmetric design can
significantly reduce the situation that the four reflective
marks on the plane are collinear, effectively improve the

effectiveness and efficiency of the calculation.

(

¢) Absolute phase targel

(d) New circular grid

(e) New circular grid after coding

Fig. 2 Calibration boards
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The solution of the homography matrix needs to select 4
point pairs from the matched point pair data set for direct
linear transformation calculation. Whether using
RANSAC, 1.LMedS, or other algorithms, there is often a
problem of initial sampling. At present, the initial sampling
strategy of most algorithms adopts a random method , but
in some algorithms, the random method of initial sampling
might directly affect the final model results. Therefore, this
paper optimizes the initial sampling strategy of the adaptive
genetic algorithm and abandons the traditional random
sampling method. First, the matched point pair data set is
grouped according to the four regions of the calibration
board plane. Second, a matching point pair is randomly
selected from each of the four groups. In the process of
generating the initial chromosome ancestral population of
the adaptive genetic algorithm, the use of such an initial
sampling strategy can make the initial population diverse,
which helps the algorithm to explore widely in the search
space and avoids falling into the local optimal solution,
thereby effectively improving the computational efficiency
and accuracy of homography estimation.

2.2 Estimating homography matrix based on
adaptive genetic algorithm

If there are N sets of corresponding points between the
calibration board and its image, these N sets of
corresponding points can constitute a matching point pair
data set. Based on this data set, some algorithms can be
used to estimate the optimal homography matrix. Among
them, RANSAC, PROSAC, and LMedS are several
classic algorithms. However, these algorithms usually have
shortcomings of large number of iterations and large amount
of computation. At the same time, parameter thresholds
often need to be set based on experience, and the
performance of the final model may be significantly affected
by the initial model. Therefore, this paper proposed a

425) 15 estimate

method based on adaptive genetic algorithm
the optimal homography matrix between the calibration
board and its image. This method simulates the evolution
process in nature to quickly and accurately estimate the
optimal homography matrix. The specific algorithm steps
are as follows:

Step 1 The reflective mark is encoded on the new
calibration board. The encoding method is binary, and

the encoding order follows the principle of from left to

Praum,
Pr.—

where fun 18 the minimum fitness value in the

Proax —( Proyax — Promns )X

right and from top to bottom. The reflective marks on the
target board are numbered 0000B—1111B, which is also
used as the point pair number between the reflective
marks on the calibration board and the corresponding
points of their images, as shown in Fig.2 (e) .

Step 2 Matching point pair dataset D is constructed. The
calibration board image is captured by a camera. After
preprocessing, the calibration board image is fitted with an
ellipse using the least squares method to extract the center
coordinates of all reflective marks in the image. The center
coordinates are matched with the plane coordinates of the
reflective marks to obtain the matching point pair dataset D.

Step 3 In initial stage, chromosome ancestral
population is generated. According to the optimized
initial sampling strategy, 6 matching point pair
sequences from data set D are generated to form a
chromosome ancestral population F. Each matching
point pair sequence is a chromosome, which consists of 4
matching point pairs. Each matching point pair can be
regarded as a gene unit on the chromosome. The
generated chromosome ancestral population F is shown
in Fig.3. Each gene unit represents a matching point pair.
It is represented by four small squares of binary 0 or 1,
which is the basis for subsequent chromosome crossing
or mutation. In the initial stage, different colored blocks
are used to indicate that the gene units come from
different areas of the calibration board. After this, the
changes in the color blocks are used to demonstrate the
process of chromosome crossover or mutation.

Gene unit
Chromosome 1 ToToToJo [O[TJoJO[T[oJoJO [0 1]1]
Chromosome 2 {0001 o[ 1]ofo[1Tofol 1 olt]1]1]
Chromosome 3 [OJO]TTJoJo]1JoTiT1To o 1 o 1]1]
Chromosome 4 [0 ]0JoJo ol 1[1ol1Tofol1]1]i]1]o]
Chromosome 5 (000 J0 ool t[oft ofofoft]1]1]1]
Chromosome 6 [0J0T0oToT 1Tt ToTa i o o 1Tt 1 o]

Fig.3 Chromosome ancestral population F

Chromosome
population

Step 4 The probability of chromosome crossover and
mutation is adaptively adjusted. In order to find the
optimal solution globally, it is stipulated that the
chromosomes with lower fitness have greater possibility
of crossover and mutation, to ensure that the iterative
results will gradually approach the optimal solution.
During the crossover process, the crossover probability
formula of two chromosomes is expressed as

f,> avg»

f’_fMIN . .
I < S
f;xvg 7fi\/lIN f f

population; f,,, is the average fitness of the population; f”

(10)
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is the fitness value of the chromosome with the smaller
fitness; Prosx and Pragy are the maximum and

minimum values of the crossover probability. During the

Provn,

P rIH -

Provax _( Proviax — Prowix )X

where fyn 1s the minimum fitness value in the

population; f,.. 1s the average fitness of the population; f

1s the fitness value of the chromosome; Prouix and
Proun are the maximum and minimum values of the
mutation probability.

Step 5 A new chromosome population is generated.
The gene crossover or mutation operations on the
chromosome ancestral population are performed to
generate a new chromosome population S. The process
of chromosome gene crossover and mutation is shown in
Fig. 4. In the process of crossing two chromosomes,
gene fragments with equal numbers and the same size are
randomly selected for crossover operations. In the
process of mutation of one chromosome, the bit of the
gene unit randomly generates a mutation operation,
changing the binary bit from O to 1, or from 1 to 0.

Gene fragment

| —
Chromosome 1 [0J0J0JoJoJtJoJo[tJoJoJo 1ot ]1]

—

Chromosome 2 [0J0 o1 JoJtJoJoiJoJo o 1t ]1]
| S|

L.Before gene crossover

Gene fragment

Gene fragment

| r—— |
Chromosome 1 [0J0JoJoJoJtJotJoJtJoJo]tJo]1]1]

L. After gene crossover

Chromosome 2 [0J0TJ0JoJoJtJoJo1JoJoJo i o i ]1]
| S|

Gene fragment

ILBefore gene mutation  Chromosome 3 [0JoJ 1Tt JoJoJ1JoTi[tJoTo 1 Jo 1 1]

Chromosome 3 |0|0|1|1.0 1 0I1|1|0|0.0|1|1|

Fig.4 Chromosome gene crossover and mutation

1L After gene mutation

Step 6 According to Eq. (5), the homography matrix
H, corresponding to all chromosomes in the
chromosome ancestral population F and the newly
generated chromosome population S is calculated. In
addition, the root mean square error is evaluated as a
fitness function for each chromosome in the population.
We sort their fitness and select the 6 chromosomes with
low fitness as the winners of this evolution, and use them
to replace the previous ancestral population F. Here, it is
assumed that the actual projected pixel coordinate p, =
(u,, v, )of point P, on the calibration board , and the pixel

coordinate p,'=(u,,v, ) obtained by reprojection.

mutation process, the mutation probability formula of
chromosomes is expressed as

SZ Lo

f*f;vn\' (l 1)
_/;wg _fMIN f f

Among them, the reprojection coordinates are calculated
in reverse according to Eq. (3) based on the obtained H,,
and known P, plane coordinates. The calculation formula
18
/ h]]X,‘))t/+/l|2YI¥/+h|3
Up, = w w )
hSIXP, + hSZYP, + hss

(12)
o /L21X,‘Q’+/LZ2Y,¥+/LB
’ hglxx+h32Yx+hgg

!
Up

Then the reprojection error of point P, and the
reprojection error of the image are

= J(u, —u, )V +(v, — v, ), (13)

Ae,=| p.— p!

2

RMSE/IZV:Ae? iin —p!
N&TT N o

i=1 =1

s

Step 7 The cycle threshold 7 is set. If the specified
cycle threshold is reached, the sequence solution of the
optimal chromosome is returned, otherwise steps 4 to 6
are looped. The average fitness obtained in this evolution
process is compared with the average fitness obtained in
the last evolution process. If the ratio of the absolute
value of the difference to the average fitness obtained in
the last evolution is less than », the cycle can be ended.
This » is usually a priori value, and here it is taken as

0.05. The above ratio calculation formula is

o ‘ f:"wg 7ﬁ.ASTAV(,; ’

fLASTAw;

; (15)

i

where f,

¢ 15 the average fitness value obtained in this
evolution, fiasrave 18 the average fitness value obtained
in the previous evolution, and 7, is the calculated ratio
result. In addition, for the rationality of the algorithm
implementation, a maximum iteration number threshold
k1s set to limit the number of iterations of the algorithm.
Step 8 The optimal homography matrix is got. In the
optimal ~ chromosome  sequence  solution,  the
chromosome with the smallest fitness is taken as the
optimal point pair sequence, and its corresponding
homography matrix is the optimal homography matrix H
between the calibration board and its image. The specific

algorithm implementation steps can be seen in Fig.5.
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Endoded reflective markings
on new calibration board

l Got optimal chromosome solution,
. . . and thus got optimal homography
Constructed matching point pair N
dataset D

!

According to optimization strategy.
chromosome ancestral population
F was generated

terations exceeded

korm<n

Sorted by fitness. selected winner
chromosome crossover and of this evolution, and replaced
mutation in population ancestral population F

I {

Chromosomes in the anestral Calculated fitness of each
population crossed or mutated genes chromosome in ancestral population
to produce a new population S F and new population S

Calculated probability of

A

\ 4

Fig.5 AGA estimation H matrix flow chart

3 Experiments and results

The camera used in this article is an industrial camera,
the camera type is an area-array camera, with a resolution
of 2592X1 944, apixel size of 2.2 pm, alens focal length
of 12 mm, and the output image is of black and white type.

Firstly, a comparison experiment of the homography matrix
estimation was conducted. Compared with the traditional
estimation method, the proposed estimation method was
improved in terms of image reprojection error and algorithm
running time. Then, a camera calibration experiment was
conducted, and the calibration results of several estimation
algorithms were compared. This comparison demonstrated
the reliability and effectiveness of the proposed method in

camera calibration.

3.1 Comparative experiment of homography
matrix estimation

First, the camera was fixed on a tripod to ensure that
it was stable during shooting. Second, 15 positions were
selected randomly in front of the camera’s field of view
and make sure that these positions were at different
viewing angles or distances of the camera. The new
calibration board was placed in turn at these positions
with different viewing angles or distances from camera.
Third, the board was photographed at every position by
using the camera to obtain a set of images, as shown in
Fig. 6. z is used to represent the approximate depth

distance between the calibration board and the camera.

1) z=12m (12) z,=12m (I3)z;=12m (I4) z,=1.8 m (I5) z,=1.8 m
(I6) z,=1.8 m (I7)z;=12 m (I8) z=1.2 m (19) z=2.4 m (I10) z,p=2.4 m
(I11)z,=24 m (112) z2,=2.0 m (I13) z5=3.0m (I14)z,=3.0m (I15) z,5=3.0 m

Fig. 6 Sequence of images captured by camera

After obtaining the image sequence, RANSAC,
PROSAC, LMedS, and the adaptive genetic algorithm in
this paper were used to calculate the homography matrix
between each image and the calibration board plane, and the
image reprojection error and algorithm running time were
counted. The algorithm was used to calculate each image
100 times in a loop, and the average value was taken as the
final result. This paper used RMSE as the standard for
measuring the reprojection error. The calculation method
is shown in Egs. (13) and (14) . In addition, to ensure the
comparability of the four algorithms, the homography
matrix iteration cutoff conditions of the four algorithms

were kept consistent, with a maximum number of iterations

k=500 or »,<C 0.05.

Mean values of the four algorithms executed 100 times
are shown in Fig. 7. It can be seen that the PROSAC
algorithm, as an improvement on the RANSAC algorithm
improves its computational execution efficiency, but its
accuracy often decreases due to the narrowing of the
selection range of matching point pairs in subsequent
iterations. At the same time, it is limited by the influence of
the initial model, and the final estimation accuracy might be
very unsatisfactory, which is reflected in 15, 18, and 115 in
Fig.7 (a) . The LMedS algorithm obtains the final model by
comparing the median errors of the matching point pairs in

the model before and after each iteration. Therefore, the
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algorithm takes relatively more time to run and the accuracy
can’t reach the optimal level. The AGA optimized
homography matrix algorithm proposed in this paper
improves estimation accuracy and computational efficiency
compared with the three traditional algorithms.

: ‘31 L ERANSACCIPROSACE LMedSEEAGA
1.2f M
L1f
1.0p
3 0.9
‘g, 0.8F =
=2 07¢ 1
= 0.6f
~ 05k
0.4F
0.3f

0.2
0.1f
¢ 1 12 13 14 15 16 17 18 I9 I10 111112113114 115

Number of images

(a) RMSE mean value
0.15 m RANSAC e PROSAC A LMedS v AGA
0.14f
A A
= 0.13f & & N A
5} A
E002F & X g L . .
A
Zonf
g
£ 0.10f
z . ., " . L] -
& 0.09f T A . -
= [ ]
§0 0.08F °
z‘ o © o ° ° ° o °
0.07¢ o o o *
v v o
0.06f v v Y v 'Vv"v'v
0.05

T 12 13 14 15 16 17 18 10 TI0T1T 112113114115
Number of images

(b) Mean runtime

Fig. 7 Mean values of four algorithms executed 100 times

15, 18, and 115 in Fig.7 are excluded, and the impact of
the initial model on PROSAC is ignored. Compared with
the RANSAC algorithm, the reprojection error of the
images is reduced by about 4.11%—7.85%, and the
average running time of the algorithm decreases by about
25.85%—37.47%. Compared with the PROSAC
algorithm, the reprojection error of the images is reduced
by about 11.94% —16.91%, and the average running time
of the algorithm decreases by about 11.99%—22.71%.
Compared with the LMedS algorithm, the reprojection
error of the images is reduced by about 10.19% —17.82%,
and the average running time of the algorithm decreases by
about 46.50%—53.35%.

3.2 Camera calibration comparison experiment

In order to verifly the influence degree of the optimized
homography matrix for camera calibration, the camera
calibration comparison experiment was repeated 5 times.

The homography matrix sequence calculated by different

algorithms for the image sequence in Fig.6 was used for
camera calibration using Zhang’ s calibration method™".
The reprojection error of the image sequence obtained in
the experiment and the time spent in completing the
camera calibration were recorded. In the experiment,
assuming that there are m images in the image sequence,
the reprojection error of the image sequence is

1 m
ISRMSE =— se;, 16
. Zrmse (16)

i=1
where ISRMSE represents the reprojection error of the
image sequence, the reprojection error of any image is
represented by rmse;, and the subscript 7 indicates its
position in the image sequence.

In addition, the entire camera calibration process
included image preprocessing, key point detection,
homography matrix calculation, Zhang’s calibration
method to calculate camera intrinsic parameters, etc.
The specific results of the experiment are shown Fig.8.
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Fig. 8 Camera calibration results of four algorithms
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According to the results presented in Fig. 8, the
homography matrix optimized by the adaptive genetic
algorithm significantly improves in the accuracy and
efficiency of camera calibration compared to the
traditional algorithm. At the same time, the obtained
results are consistent with the experimental results of

homography matrix estimation mentioned above. In
addition, this paper statistics the optimal camera intrinsic
parameter matrix, the average reprojection error of the
image sequence and the average camera calibration
completion time obtained by the four algorithms in 5
repeated experiments, as shown in Table 1.

Table 1 Camera calibration results

Method Camera matrix K Average reprojection error/pixel Average calibration time/s

[5902.876 0 1318.084]

RANSAC 0 5901.323  967.538 0.452 3 9.786 0
L 0 0 1 ]
[5899.049 0 1326.386 |

PROSAC 0 5897.731  956.390 0.503 3 9.3277
0 0 1
[5905.037 0 1313.029]

LMedS 0 5905.251  994.282 0.4829 10.257 3
L 0 0 1 |
[5875.746 0 1310.413]

AGA 0 5874.963  967.637 0.427 5 8.7950
L 0 0 1

It can be seen from Table 1 that in the camera intrinsic

parameter matrix calculated by optimizing the

through the

algorithm, the camera’s pixel principal point coordinates

homography matrix adaptive genetic
are closer to the real principal point coordinates. The
focal lengths of the camera lens on the x axis and y axis is
also closer to the real focal length. At the same time,
during the camera calibration experiment, compared
with  the RANSAC, PROSAC, and LMedS
algorithms, the AGA algorithm increases the average
reprojection accuracy of the image sequence by 5.48%,
15.06%, and 11.47%, respectively; and the AGA
algorithm improves the average completion time of
camera calibration by 10.13%, 5.71%, and 14.26%,
respectively.

It was evident that homography matrix optimization
method based on adaptive genetic algorithm proposed in
this paper improved the calculation accuracy and
computing  efficiency compared with traditional
algorithms. This improvement was mainly due to the
adaptive  adjustment  mechanism  of  algorithm
parameters. During the evolution process, the cross rate
and variability rate were dynamically adjusted according
to the fitness changes of individuals (matching point pair
sequences) in the population. In the early stage of
evolution, higher initial cross-rate and variance rates
search

enhanced population diversity and global

capabilities, thereby effectively avoided premature
convergence to local optimal solutions. During the late

stage of evolution, as the cross-rate and variance rates

gradually decreased, evolution accelerated convergence
to a more optimal solution or approximate solution.
Throughout the process,
reduced the

this adaptive adjustment

mechanism generation of redundant
individuals, thereby reducing unnecessary calculations
and improving the efficiency of calculations.

In addition, 1t must be noted that in the experiment,
reprojection error was taken as an indicator of overall
accuracy evaluation. However, the experiment includes
multiple sources of error, such as feature extraction
error, lens distortion error, and calculation error of the
model. In this study, the impact of these errors was
minimized by the key point extraction method of subpixel
and the

consistency of the number of data bits during the

accuracy, the simplified distortion model,

calculation process, thus ensuring the reliability of the

comparison results of several algorithms.

4 Conclusions

A method to estimate the homography matrix was
proposed based on an adaptive genetic algorithm to
optimize the camera calibration process of Zhang’s
calibration method. First, the improved calibration
board was placed in the camera field of view at different
viewing angles to obtain a set of images. Then, two sets
of comparison experiments were conducted, and
RANSAC, PROSAC, LMedS, and the algorithm
proposed in this paper were compared. Experimental
that

algorithms, in terms of homography matrix estimation,

results  showed compared with traditional



QIAN Cheng, et al. / Homography matrix estimation method based on adaptive genetic algorithm

567

the algorithm in this paper could effectively improve the

estimation accuracy and efficiency of the homography

matrix. In terms of camera calibration, after adopting the

algorithm in this paper, the accuracy estimation and

calibration efficiency in the camera calibration process

were also improved to a certain extent.
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