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Coordinate calibration is a fundamental process in machine vision systems, as it directly
affects the measurement accuracy and efficiency of the system. In this study, an
experimental model for planar coordinate calibration using a homography
transformation was developed. A two-dimensional calibration board comprising 140
black circles with a diameter of 10 mm was designed to generate the world coordinates.
The corresponding image coordinates were acquired using a complementary metal-
oxide semiconductor camera mounted above the calibration board. The captured images
were processed using image processing and machine vision software to extract the
coordinates of the circle centers. Subsequently, the world coordinates and the
corresponding image coordinates were used to compute the homography matrix. Using
this matrix, the reprojection image coordinates were obtained, and the reprojection error
of each calibration point, as well as the average reprojection error of all 140 calibration
points, were calculated and evaluated. The experimental results indicate that the average
reprojection error was 0.677 pixels. Additionally, the coordinate calibration error for
most calibration points ranged from —0.6 mm to 0.5 mm along the OX axis and from
—0.6 mm to 0.6 mm along the OY axis. The proposed method was further validated to
determine the real-world positions of objects for robot manipulation.

1. INTRODUCTION

In recent years, along with the rapid development of science
and technology, the Fourth Industrial Revolution and artificial
intelligence (AI) have given rise to many advanced
technologies that have strongly impacted production and daily
life. Among these, machine vision technology has emerged as
a key innovation. The operating principle of this technology is
similar to that of the human eye: it uses cameras to capture
image data, which is then processed using image processing
and machine vision software to identify the characteristics of
objects of interest, such as shape, color, size, or position.
Typically, a machine vision system consists of one or more
cameras connected to a computer, along with a light source to
assist the camera during image acquisition.

Currently, machine vision technology is applied in many
fields, including product quality inspection, automated optical
inspection (AOI) systems [1, 2], industrial automation lines
[3], semiconductor and electronics manufacturing [4, 5],
medical image analysis [6, 7], defect detection [8, 9], and non-
contact measurement applications [10-12].

In machine vision systems, coordinate calibration is to
establish the mapping between image coordinates and their
corresponding world coordinates. To date, many studies have
focused on developing algorithms and calibration methods to
enhance the accuracy and efficiency of machine vision
systems. For instance, Lee et al. [13] introduced a camera
calibration technique using a line classification method. This
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technique relied on an end-to-end neural network designed for
single-image camera calibration to directly estimate the
intrinsic and extrinsic camera parameters from an image and a
corresponding family of line segments. To further improve
learning efficiency, an auxiliary line classification work,
allowing the network to effectively capture and encode global
geometric information from linear features, was investigated.
The reported findings indicated that this technique achieved
state-of-the-art performance. Nguyen et al. [14] presented an
unsupervised learning framework to train a deep convolutional
neural network for estimating planar homographies.
Experimental evaluations demonstrated that their algorithm
achieved faster inference speed while maintaining
comparable, and in some cases superior, levels of accuracy and
robustness under varying lighting conditions. In related work
by Wang et al. [15], a new homography estimation technique
based on a self-supervised regression network was
investigated. In this study, spatial pyramid pooling modules
were employed to improve feature extraction quality by using
contextual information from multiple receptive fields within
each image. Experiments on the synthetic dataset revealed that
the proposed technique outperformed several -existing
approaches. Fang et al. [16] investigated a learning-based
algorithm for regressing per-sequence calibration parameters
based on an efficient family of generalized camera models.
The proposed method achieved self-calibration results with
sub-pixel reprojection error. Furthermore, their method was
validated across diverse camera properties, including
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perspective, fisheye, and catadioptric configurations.
Experimental findings indicated that their approach effectively
improved depth estimation for machine vision systems. In
another study, Lee et al. [17] presented a neural scene parser
for single-image camera calibration in man-made
environments. Their approach exploited semantic and
geometric cues, resulting in substantial gains in calibration
accuracy. The proposed structure comprised two networks.
The first estimated the zenith vanishing point and generated
multiple candidates defined by the rotation and focal length of
the camera, while the second one evaluated each candidate
using the input image and the geometric cues. The study
demonstrated that this technique outperformed conventional
single-image camera calibration techniques in both indoor and
outdoor scenarios.

In addition, Schaffalitzky and Zisserman [18] described the
geometry of three different structures, including a set of
equally spaced coplanar parallel lines, a planar pattern
generated through translational repetition of a fundamental
element, and a collection of elements organized in a regular
planar grid. Their method indicated that the output produced
by geometric grouping algorithms can be exploited for
unsupervised vanishing point estimation and line detection. Le
et al. [19] trained neural networks using only image pairs. The
images were aligned through homography mapping. They
investigated and discussed how to make and train a deep
neural network capable of handling dynamic environments.
Experimental findings demonstrated that their method could
robustly estimate homographies in complex scenarios
involving dynamic environments, blurred images, or a
shortage of textures. In another study, Yu et al. [20] presented
a technique for improving camera calibration accuracy using a
high-precision calibration board. In this method, regularly
distributed target markers in the form of concentric ring
patterns were displayed on a liquid crystal display (LCD)
panel. Sub-pixel edges were then located at multiple positions
on the liquid crystal display panel. These sub-pixel edge points
were then transformed into parameter space to make a family
of lines, and the intersections of these lines were regarded as
the center pixel coordinates of the calibration targets.
Experimental findings demonstrated that their method was
practical and straightforward to implement. Su et al. [21]
proposed a technique for recovering the intrinsic parameters
of cameras using two views of a planar surface. This study
introduced new homography-mapping-based minimal
solutions for camera self-calibration. Specifically, 2.5-point
and 3.5-point camera self-calibration algorithms for points on
the ground plane were utilized to enable simultaneous
estimation of the camera focal length and principal point. This
study demonstrated the practicality and efficiency of these
algorithms in terms of reliability under various noise levels
and different camera configurations. Zhang et al. [22]
presented a novel method for estimating the six-degree-of-
freedom camera extrinsic parameters in a robot vision system.
In this method, homography mapping between the plane
images of two cameras was used. A closed-form solution for
the rotation matrix and the translation vector of the camera
extrinsic parameters was derived from the characteristics of
the eigenvalues and eigenvectors. The experimental findings
demonstrated that their method was effective and achieved
satisfactory performance.

Furthermore, homography-based coordinate calibration has
been successfully applied to robotic manipulation and high-
precision planar measurement systems. Ngo and Van [23]

developed a vision-based automatic classification system for
mechanical and measurement components handled by robot
arms. In this study, the authors introduced an algorithm for
coordinate calibration process. Experimental data were used to
transform coordinates from the image plane to the world
coordinate system, enabling accurate determination of object
positions. The calibrated coordinate data were then transmitted
to the robot for automated classification. This proposed system
is simple, efficient, and user-friendly. Wang et al. [24]
introduced a perspective distortion compensation technique
for planar imaging to improve pixel-level equivalence and
measurement accuracy in machine vision systems. In their
study, a rectified image plane was constructed and calibrated
through homography mappings among the measurement
plane, the original image plane, and the rectified plane.
Parameters, including radius, length, angle, and area of a
designed pattern, were evaluated during the investigation
process. The experimental findings indicated that the proposed
approach  achieved reliable  high-precision  planar
measurements even in the presence of perspective distortion.

Previous studies have shown that a considerable number of
studies have concentrated on coordinate and camera
calibration processes for machine vision systems utilized in
various applications, yielding substantial benefits. However,
existing calibration approaches still face several challenges.
Therefore, it remains necessary to continue conducting
research and developing experimental models for these
processes in machine vision systems using homography
transformations, and to evaluate the reprojection accuracy of
the proposed method.

2. METHODOLOGY
2.1 Perspective transformation

Perspective transformation refers to the projection of a point
from real space (3-D) onto the image plane (2-D), as illustrated
in Figure 1. In this model, oxyz represents the camera
coordinate system. The image plane coincides with both the
xoy and XOY planes. The optical axis passes through the center
of the lens and lies along the z- and Z-axes of the two
coordinate systems. Therefore, the center of the image plane is
placed at the origin, and the coordinates of the lens center are
(0, 0, 1), where A denotes the focal length.
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Figure 1. Perspective transformation model



Supposing that the camera coordinate system oxyz coincides
with the world coordinate system OXYZ, and that Z > 4 (all
measured points are in front of the lens), the mapping between
the image coordinates (x, y) and the world coordinates (X, ¥,
Z) can be derived using similar triangles in the xoz and yoz
planes, respectively.

In this method, the inverse perspective transformation
enables the determination of a point in real space with
coordinates (X, Y, Z) from an image point with coordinates (x,
»), as expressed in Eq. (1):

wi=P'c; (1)
where, P denotes the perspective projection matrix.
2.2 Determination of the homography matrix

Within the framework of the camera model [25], both
intrinsic and extrinsic parameters are, in principle, directly
measurable. However, when the camera is employed as a
quantitative measurement device, accurately determining one
or more of these parameters often becomes complex in
practice. This estimation process necessitates a collection of

{Xall + Ya]_z + 1a13 + 0a21 + 0a22 + 0a23 - xXa31 - xYa32 - xa33 = 0
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Eq. (4) contain eight unknowns. To determine these
unknowns in matrix 4, the world coordinates (X;, Y;) of at least
four points and their corresponding image coordinates (x;, y;)

Since the homography matrix 4 is defined up to a scale
factor s, one element in Eq. (5) can be arbitrarily fixed to
resolve this scale ambiguity. In this study, as; is set to 1,
resulting in eight independent unknown parameters in matrix
A.

3. EXPERIMENTAL MODEL
3.1 Experimental system

The experimental system, as shown in Figure 2, consists of
a calibration board, a CMOS camera, a light source positioned
beneath the calibration board, and a computer fitted with
image processing and machine vision software. The CMOS
camera was utilized to capture the image data. This camera
was rigidly mounted above the calibration board to ensure
mechanical stability and was carefully adjusted to achieve
optimal focus prior to image acquisition. The detailed
technical specifications of the camera are presented in Table
1.

3.2 Calibration board

To obtain the world coordinates, a 2-D calibration board

X, v, 1 0 0 0 —xX
0 0 0 X, v, 1 —yX
X, v, 1 0 0 0 —xX,
0 0 0 X, Y, 1 —y,X,
X; Y, 1 0 0 0 —xiX,
0 0 0 Xy Y3 1 —y5X,
X, ¥, 1 0 0 0 —xX,
0 0 0 X, ¥, 1 —yX,

image pixels that correspond to predefined world coordinates
serving as reference points. The systematic procedure of
computing the camera model parameters from these known
spatial references is commonly defined as camera calibration,
which establishes the mathematical mapping between the
image plane and the world coordinate system.

According to the camera model, we have:

ch=Aws 2

where, cn represents the camera coordinate matrix, A4
represents the homography matrix, and ws represents the
world coordinate matrix.

In 2-D space, Eq. (2) can be described in the following
homogeneous form:

SX1 [@11 Q12 (13 [X
[sy]= z1 Qzz Gz3||Y 3)
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where, s denotes the scaling factor, and s # 0. By replacing sx
=x s and sy = y -s into the matrix equation and expanding it,
Eq. (4) is obtained as follows:
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are substituted into Eq. (4). Consequently, Eq. (5) can be
expressed as follows:
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was developed, as shown in Figure 3. It included 140 black
circles, each with a diameter of 10 mm. The centers of the
circles were spaced 20 mm apart along both the X- and Y-axes.
The corresponding world coordinates (X, Y) of the calibration
points are summarized in Table 2.

Figure 2. Experimental system



Table 1. Camera specifications

No. Specifications
1 High-Definition (HD) video calling (1280 %720 pixels)
2 HD video recording: Up to 1280 %720 pixels
3 Logitech Fluid Crystal™ technology
4 Autofocus
5 Photo: Up to 8 megapixels
6 High-speed Universal Serial Bus (USB) 2.0 port
7 Lens and sensor type: Plastic

Figure 3. Calibration board

Table 2. World and image coordinates of calibration points

Original World Original Image
Points Coordinates (mm) Coordinates (Pixels)
X Y A X ¥y
1 0 0 0 195 143
2 20 0 0 233 143
3 40 0 0 271 144
4 60 0 0 309 144
5 80 0 0 347 145
6 100 0 0 384 145
7 120 0 0 422 145
8 140 0 0 460 145
9 160 0 0 497 145
10 180 0 0 535 145
11 200 0 0 573 145
12 220 0 0 611 145
13 240 0 0 650 145
14 260 0 0 688 144
127 0 180 0 188 482
128 20 180 0 227 482
129 40 180 0 266 482
130 60 180 0 304 482
131 80 180 0 342 483
132 100 180 0 381 483
133 120 180 0 419 483
134 140 180 0 457 483
135 160 180 0 495 483
136 180 180 0 533 484
137 200 180 0 572 484
138 220 180 0 610 485
139 240 180 0 649 485
140 260 180 688 486

3.3 Determination of the image coordinates

In this section, to identify the corresponding image
coordinates, the image data captured by the camera was
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transmitted to a computer equipped with image processing and
machine vision software. The software detected the black
circles on the calibration board image using a circle grid
detection algorithm, thereby determining the center
coordinates of these circles, as shown in Figure 4. The
corresponding image coordinates (x, y) of the circle centers are
summarized in Table 2.

Figure 4. Recognition results

4. RESULTS AND DISCUSSIONS
4.1 Homography matrix 4

By substituting the world coordinates of 140 calibration
points and their corresponding image coordinates into Eq. (6),
the coefficients a1, ain, ais, ax, ax, a, asi, asy, with azz =1,
are determined. The homography matrix A is then expressed
in the following form:

1.878 0.043 195.671
A=| 0.003 1.851 144.233
0.00002 0.00006 1.0000

4.2 Reprojection image coordinates

Once the homography matrix A4 is determined, the
reprojection accuracy can be evaluated by calculating the
reprojection image coordinates as follows:

1.878 0.043 195.671
¢ =1 0.003 1.851  144.233| wx
0.00002 0.00006 1.0000

The reprojection image coordinates are summarized in
Table 3.

4.3 Reprojection error
4.3.1 Reprojection error of each calibration point

To investigate the reprojection accuracy, the pixel reprojection
error is computed using the following Eq. (6):

e =0 —x)? + i — yer)? (6)
where, e; denotes the reprojection error of each calibration
point; x; and y; denote the coordinates of the original image
pixels; x; and y.; denote the coordinates of the reprojected



pixels obtained from the homography matrix A4, corresponding
to the x- and y-axes, respectively. Here, i denotes the index of
the calibration points. The calculated pixel reprojection errors
are shown in Table 3.

4.3.2 Average reprojection error

The average reprojection error of all calibration points is
determined by Eq. (7), as follows:

(7

[y

i=

where, A denotes the average reprojection error of the
calibration points. N represents the number of the calibration
points. Then, the average error is:

A= 1.400 + 1.378 + --- + 0.130 + 0.783 + 1.484
B 140

= 0.677(pixels)

From Table 3, it can be observed that the maximum pixel
reprojection error is 1.911 pixels, while the minimum is 0.014
pixels. The average reprojection error calculated from the 140
calibration points is 0.677 pixels. This level of error is
acceptable and demonstrates that the proposed technique can
be effectively applied in machine vision systems for robot
navigation and object localization in 3D space.

4.3.3 Calibration results

Once the homography matrix A4 is determined, the world
coordinates corresponding to the image data will be computed
using Eq. (8), as follows:

®)

wp = A'JCh

where, 47! denotes the inverse matrix of the homography
matrix A. The world coordinate data are shown in Table 4.

4.3.4 Calibration deviation

The error analysis results from Table 4 are illustrated in
Figure 5. The deviations along the OX axis remain relatively
stable, mostly ranging from —0.6 mm to 0.5 mm. Similarly, the
deviations along the QY axis are also stable, varying mainly
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from —0.8 mm to 0.6 mm. The maximum negative deviations
are —0.859 mm at point 113 and —0.913 mm at point 14 along
the X- and Y-axes, respectively. Conversely, the maximum
positive deviations are 0.460 mm at point 47 and 0.576 mm at
point 64 along the X- and Y-axes, respectively. The relatively
large deviations observed at points 14 and 113 may be caused
by external factors such as lighting conditions, image
processing algorithms, or noise during image acquisition.
However, these deviations have a negligible influence on the
calibration process and do not significantly affect the overall
accuracy of the system.

Table 3. Reprojection error of each calibration point (pixel)

Original Reprojected Reprojection
Points Image Image Errors
Coordinates Coordinates
x y Xc Ye e
1 195 143 195.67 144.23 1.400
2 233 143 233.32 144.34 1.378
3 271 144 271 144.45 0.450
4 309 144 308.7 144.56 0.635
5 347 145 346.44 144.67 0.650
6 384 145 384.2 144.78 0.297
7 422 145 421.99 144.89 0.110
8 460 145 459.82 145.01 0.180
9 497 145 497.67 145.12 0.681
10 535 145 535.55 145.23 0.596
11 573 145 573.45 145.34 0.564
12 611 145 611.39 145.45 0.595
13 650 145 649.36 145.56 0.850
14 688 144 687.35 145.67 1.792
127 188 482 189.89  482.28 1.911
128 227 482 227.92  482.52 1.057
129 266 482 265.98  482.76 0.760
130 304 482 304.08  483.01 1.013
131 342 483 342.2 483.25 0.320
132 381 483 380.35  483.49 0.814
133 419 483 418.53  483.73 0.868
134 457 483 456.74  483.97 1.004
135 495 483 49498  484.22 1.220
136 533 484 533.25  484.46 0.524
137 572 484 571.55 484.7 0.832
138 610 485 609.88  484.95 0.130
139 649 485 648.24  485.19 0.783
140 688 486 686.63 48543 1.484
mOX-Axis ®WOY-Axis

bl ]
mm |
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||”
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Figure 5. Calibration deviation diagram
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Table 4. World coordinate data and calibration deviation (mm)

Original World Coordinates

World Coordinates After Calibration

Calibration Deviation

Points X Y z X Y AX AY
1 0 0 0 20367 20.662 0367 20.662
2 20 0 0 19.817 0723 -0.183 -0.723
3 40 0 0 39.993 0246 -0.007 -0.246
4 60 0 0 60.144 -0.307 0.144 -0.307
5 80 0 0 80.286 0.169 0.286 0.169
6 100 0 0 99.876 0.109 -0.124 0.109
7 120 0 0 119.980 0.048 -0.02 0.048
8 140 0 0 140.07 -0.013 0.07 -0.013
9 160 0 0 159.61 -0.072 2039 -0.072
10 180 0 0 179.66 20133 -0.34 -0.133
1 200 0 0 199.7 -0.194 03 -0.194
12 220 0 0 219.73 -0255 027 -0.255
13 240 0 0 24026 0317 0.26 0317
14 260 0 0 26025 0913 0.25 0913

127 0 180 0 0.677 179.7 -0.677 203
128 20 180 0 19.434 179.57 -0.566 043
129 40 180 0 39.909 179.43 -0.091 057
130 60 180 0 59.844 179.3 -0.156 0.7
131 80 180 0 79.768 179.7 0232 03
132 100 180 0 100.19 179.56 0.19 -0.44
133 120 180 0 120.08 179.43 0.08 057
134 140 180 0 139.95 179.3 20,05 07
135 160 180 0 159.8 179.17 02 -0.83
136 180 180 0 179.65 179.56 035 -0.44
137 200 180 0 199.99 179.43 2001 057
138 220 180 0 2198 179.82 02 018
139 240 180 0 240.11 179.68 0.11 032
140 260 180 0 260.41 180.07 0.41 0.07

4.4 Determination of the object position

In order to locate the shape and position of objects in the
robot's working area, this study applied image processing
algorithms. First, to simplify the data obtained from the
camera, the color image was converted to a grayscale image
according to Eq. (9), as follows:

Gray = 0.299R + 0.587G + 0.114B 9)

where, R, G, and B denote the primary color channels red,
green, and blue, respectively.

Figure 6. Determination of object positions in the world
coordinate system
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In the next step, the Gaussian blur algorithm was applied to
reduce image noise and smooth the image, thereby facilitating
subsequent processing steps. The Canny edge detection
algorithm was then utilized to detect object edges in regions
with abrupt changes in light intensity. Finally, the contour-
finding algorithm was used to trace and determine the contours
of the objects, completing the recognition process.

To accurately determine the position of each object in the
image, the centroid coordinates (cx, cy) were calculated using
image moments. The corresponding image coordinates and
identification codes (IDs) of the objects were then displayed
directly on the processed image, as illustrated in Figure 6.

The calibration results have been applied to estimate the
positions of objects in the workspace of a robot arm. The world
coordinates of the objects are presented in Table 5.

Table 5. Coordinate data of objects

Image Coordinates World Coordinates
Objects (Pixel) (mm)
X y X Y

ID:1 379 437 98.894 155.901
ID:2 467 405 144.330 138.238
ID:3 254 417 33.108 145.221
ID:4 354 369 85.371 120.079
ID:5 647 387 238.437 128.740
ID:6 552 344 189.182 106.304
1ID:7 445 291 132.812 78.483
ID:8 264 278 37.317 71.999
ID:9 402 228 109.847 45.032
ID:10 508 214 165.662 37.346

Note: ID: identification code



5. CONCLUSIONS

In this study, an experimental model was developed to
determine the homography matrix 4 in planar coordinate
calibration for machine vision systems. The proposed system
included a fixed Logitech C525 camera and a 2-D calibration
board consisting of 140 calibration points. The image
coordinates were obtained using image analysis and
processing. Both the image coordinates and the world
coordinates were then used to determine the homography
matrix A, establishing the relationship between the two
coordinate systems. The accuracy of the calibration process
was evaluated by calculating the reprojection error of each
image point and the average error of all image points.
Furthermore, calibration deviations were analyzed to validate
the consistency of the results. This method was applied to
calculate the world coordinates of objects within a robot arm’s
workspace, including three bolts and seven nuts. The
experimental results demonstrate that the proposed method is
effective and suitable for the planar coordinate calibration
process for machine vision systems used for object
localization in industrial robots in 2-D space. For future work,
to further enhance calibration accuracy and reduce noise,
higher-resolution cameras and optimized lighting conditions
under controlled environments will be investigated.
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