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ABSTRACT

This study applies robotics arm and vision system technology as a visual system for ceramic product
inspection using modern cameras. The system reduces employee inspection errors and expedites the
inspection process caused by the differences in the quality of the workpieces. There is a negligible
difference between NG and OK workpieces, making visual inspection difficult. Additionally, the error rate
increases when employees visually assess the products, increasing inspection expenses. Ceramic products
are classified into five categories: Small, Medium, Large, Covered, and Wide. This study proposes a 5-
Degree-of-Freedom (5-DOF) robotic arm with a machine vision system incorporated for an autonomous
shape-based ceramic sorting system. For training and validation, a dataset of seventy ceramic objects,
bowls, plates, and cups was utilized. Pick-and-place tasks are carried out by the robotic manipulator using
the categorization output. The experimental results demonstrate that the system achieves 90%
classification accuracy and a sorting speed of 10 pieces per min, indicating an 80% increase in efficiency
over human sorting. The proposed approach enables the adoption of smart manufacturing in the ceramic

industry and improves production reliability.
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I.  INTRODUCTION

The Thai government recognizes the ceramics industry as
an important sector of the national economy and provides
support for its development. The ceramics industry is a
significant business connected to other industries, including the
building and electrical sectors. This research develops and
experimentally evaluates a vision-guided robotic system for
automatic shape-based ceramic sorting to lower manual
classification mistakes and increase production efficiency in
ceramic manufacturing.

A small-scale ceramics production facility involves five key
steps: preparation of the clay body, forming, biscuit firing,
decorating, glazing and firing, packaging, and distribution. The
preparation of clay and the selection of appropriate clay body
compositions are considered the most important initial phases
in the entire ceramic production process. This is because the
type and amount of raw materials used in the clay body during

the forming process frequently cause cracking, warping, or
other flaws in ceramic products.

Furthermore, clay body shrinkage behavior is a key factor
in determining the quality of the final product, and it is highly
influenced by the clay composition. Figure 1 shows the raw
clay used in a ceramic manufacturing facility. In the early
phases of biscuit firing, high shrinkage rates may result in
internal tensions, deformation, or cracking, which are undesired
effects [1]. Ceramic production uses different forms of clay
throughout the workflow, from raw preparation to finished
products. Each type serves a different function in forming,
supporting, firing, testing, or decorating ceramic ware.
Understanding these clay pieces helps ceramists optimize
forming processes, reduce defects, and improve overall product
quality. In general, clay pieces have the following
characteristics: 1) high moisture content, 2) sticky and plastic
behavior, and 3) the presence of impurities such as sand, iron
spots, organic matter, and other materials.
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The rapid development of automation and intelligent
manufacturing technologies has significantly transformed the
ceramics industry, particularly in processes requiring high
precision, repeatability, and rapid classification of workpieces.
Traditional ceramic sorting, which relies heavily on manual
inspection, is often inconsistent due to operator fatigue,
subjective judgment, and environmental variability. These
limitations directly impact product quality, production

efficiency, and the overall stability of the manufacturing
workflow [2, 3]. As consumer expectations rise and production
demands intensify, there is a strong need for automated systems
capable of performing accurate, high-speed classification of
ceramic components based on shape, dimension, and surface
characteristics.

Fig. 1. Raw material (clay).

Fig. 2.

Roller jigger.

To address these challenges, automatic shape-based sorting
systems integrating robotic manipulators and machine vision
are promising solutions. In such systems, a camera captures
real-time images of ceramic cups or other products moving on
a conveyor belt. Through image processing, the machine vision
system identifies object boundaries, classifies shapes, and
determines the position and orientation of each workpiece. The
sorting action is then performed by a multi-axis robotic arm
that picks and places the ceramic pieces into designated
locations based on the inspection results. This coordinated
approach eliminates human error, enhances accuracy, and
ensures consistent throughput in fast-paced production
environments.

Opverall, the proposed system introduces a novel integration
of robotic automation, machine vision, and kinematic modeling
specifically tailored for the ceramic manufacturing industry, a
domain traditionally dominated by manual labor and subjective
visual inspection. The novelty of this study lies in its
application to delicate ceramic goods and fragile porcelain
bowls, which need to be handled carefully to prevent breakage,
in contrast to most robotic sorting systems, which focus on stiff

and durable industrial parts. To reduce mechanical stress, the
proposed method combines controlled robotic manipulation
with vision-based inspection.

II. INFLUENCE OF HEAT ON RAW MATERIALS

The many soils, rocks, and minerals that form clay and
glaze require firing to achieve the desired material properties.
Thus, it is crucial to understand how these materials change
their properties as they are fired at increasingly higher
temperatures. The investigation of such transformations is
based on [4, 5]. These transformations include both chemical
and physical.

A. Physical Change

The change in size can be measured in both length and
volume. A simple traditional method is to make a test plate,
measure its initial length, and then fire it at various
temperatures. After the test plate has cooled, its length is
measured again at each firing temperature. The shrinkage can
then be calculated as a percentage or represented graphically,
as:

Shrinkage (%) = LIL;LZ (n
1

The change in raw materials related to weight loss after
firing occurs because such materials, especially clay, contain
moisture before firing. This weight loss can be measured using
a high-sensitivity balance:
Wi—-w,

Weight Loss (%) = w
1

@

The change in the raw material density results from the
evaporation of water and gaseous radicals, which generate
pores within the structure, decreasing the overall density of the
material.

B. Chemical Change

The crystalline structure of raw materials changes when
they are exposed to heat. As the temperature increases, the
crystal structure of the materials undergoes transformation.
These structural changes can be studied and analyzed using X-
Ray Diffraction (XRD), which provides information about the
crystalline phases and can also identify the types and quantities
of the mineral components present in the raw materials [6].

Variations in particle size and morphology of the raw
materials after firing can be analyzed using an electron
microscope to observe surface structure and microstructural
changes.

III. MATERIALS AND METHODS

The integration of machine vision with industrial robotics
enables automated systems to perceive, interpret, and act upon
real-world objects. This integration transforms a robot from a
preprogrammed, fixed-path manipulator into an intelligent
system capable of adapting to variations in object shape,
position, or orientation. In ceramic manufacturing, variability
in product dimensions, glaze thickness, surface reflectivity, and
firing-induced deformation makes traditional fixed-position
robotic gripping insufficient. Machine vision, particularly when
implemented through GigE industrial cameras and NI Vision
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Builder, provides accurate, real-time object detection and
classification, making it possible for a 5-axis robot to
autonomously pick, sort, or reject workpieces [7].

P arget = [XTobot,Yrobot, Zrobot + Zof fset] (3)

Qt arget = Ocamera + Qrobotfoffset (4)
The study focused on three main objectives:

e To design a machine vision algorithm capable of detecting
and locating a cup based on its geometric and visual
characteristics.

e To implement a robotic arm system capable of performing
pick-and-place operations based on visual feedback.

e To analyze system performance in terms of detection
accuracy, positioning precision, and processing time.

A. Industrial Robotics

The Intelitek 5-Axis Industrial Robot, as shown in Figure 3,
serves as a bridge between educational training systems and
industrial automation technology. It replicates the mechanical
and control principles of large-scale robots in a safe, user-
friendly platform. Its 5-Degree-of-Freedom (5-DOF) allow
users to explore kinematic modeling, motion control, vision-
based manipulation, and automation system integration. The
present study combines the Intelitek 5-Axis Industrial Robot
with the NI Vision Builder to design an intelligent robotic
workstation that can detect cups placed on a conveyor, analyze
their features using machine vision, and then decide whether
each cup meets the quality criteria, such as "OK" or "NG" (Not
Good). Based on this decision, a robotic gripper picks and
places the cups into designated bins or conveyors for further
processing. This integration represents a key step toward
Industry 4.0 manufacturing, where human visual inspection is
replaced with automated robotic intelligence. [8, 9].

B. Robotic Hardware

1) Robotic Arm

A 5-DOF articulated robotic arm was selected for this
study. The robot consisted of aluminum links and high-torque
servo motors, capable of performing linear and rotational
motion. Each joint was driven by a servo motor controlled
through a Beckhoff Programmable Logic Controller (PLC),
with joint angles computed using Inverse Kinematics (IK)
algorithms [10]. The robot's maximum payload is 1 kg,
sufficient for ceramic or plastic cups. The main characteristics
of the robotic arm are:

¢ Range of motion: 0° — 180° for each servo joint
e Positional repeatability: +0.1 mm
¢ End-effector speed: 200 mm/s

2) End-Effector (Gripper)

In industrial robotics, an effective design for compact and
precise gripping motion involves using a servo motor in
combination with a bevel gear mechanism. This arrangement
converts the servo motor's rotational motion into synchronized
opening and closing of the gripper jaws, allowing for high

control accuracy and mechanical advantage in limited spaces
[11, 12].

3) Work Platform

The experiments were conducted on a flat conveyor belt
(100 mm x 600 mm) powered by a 12 V DC servo motor. The
conveyor provided a continuous flow of cups for real-time
inspection. Conveyor speed is adjustable between 0.1 m/s and
0.4 m/s. A servo motor-driven gripper using bevel gears offers
a compact, efficient, and controllable solution for robotic end-
effectors [13]. The servo provides precise motion control, while
the bevel gear set efficiently transfers torque at a 90° angle,
optimizing space and increasing mechanical advantage. Such
designs are especially beneficial in industrial robotics, where
high precision, light weight, and smooth operation are required,
particularly for cup handling, assembly automation, and quality
inspection systems.

Fig. 3. Intelitek 5-axis industrial robot.
C. Kinematic Modeling Using Denavit—Hartenberg (D—
H)Parameters

Kinematics is a significant concept in robotics, focusing on
the study of motion without considering the forces that cause it.
In the context of a robotic manipulator, kinematics deals with
the relationship between the joint parameters (angles,
displacements) and the position and orientation of the end-
effector or tool [14]. It enables engineers to predict how a robot
moves in space based on the input to its actuators. Figure 4
illustrates the coordinate system of the robotic arm.

Fig. 4.

Coordinate system of the robotic arm.
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For an industrial 5-axis robot, which typically possesses 5- O — O sl s 2 s 37 s 4 an
. . . . 5 1 2 3 4 5
DOF, kinematics provides a mathematical framework to
control its spatial motion. Such robots are commonly employed K, K, K, p,
in machining, painting, inspection, pick-and-place, and o = K, Ks Kg py (12)
As =

assembly tasks where both position and orientation are
important for full five-axis motion. To systematically describe
these movements, the D-H parameter convention is employed
because it is the most widely used standard in robot modeling
and analysis [15, 16]. Table I presents the D-H parameter
utilized to describe the motion of the robotic arms.

TABLE L D-H PARAMETERS
Joint i a;(cm) a;(rad) d;(cm) 0;(rad)
1 a=1.20 m/2 L,=35 0,
2 L,=22 0 0 6,
3 Ly =22 0 0 65
4 0 /2 0 6,
5 0 0 Le =15 [

For a 5-axis robotic arm, which typically has five joints, the
D-H convention helps describe the transformation from the
base of the robot to its end-effector through five successive
coordinate frames.

691 —SGiCa’L- SQiSai aiCGi
i N2 Co; —CO;Sa; a;S6;
l.lT, — i i i 14 [t 5
ot 0 Sai Ca,: di ( )
0 0 0 1
where 6; =sinf; , (€6, =cosfi , Sa; =sina; , and

Ca; cosa;. Each joint and link pair is represented by four D-H
parameters: the link length a;, link twist a;, link offset d;, and
joint angle ;.

c, 0 S aC,

0 _ 51 0 _Cl a51

hi=lo 1 Ca; L, ©
0 0 O 1
_Cz _52 O L2C2

1 — 52 CZ _Cl LZSZ

L=l o 1 o ™
L 0 0 0 1
_C3 _53 O L3C3

2 — 53 C3 0 L3S3

B=lo 0o 1 o0 ®
L 0 0 O 1
c, 0 S, 0

3 — 54_ O _C4 O

L=y 1 o o &)
0 0 0 1
C: =Ss 0 0

4 _|S5 Cs 0 O

Is=10 o 1 Ls (10)
L 0 0 0 1

The end-effector transformation matrix Ty = °Ts, is derived
by multiplying the five individual transformation matrices
defined in (6) — (10) as follows:

Ks K¢ Ky pg
0 0 0 1
The end-effector transformation matrix T, (also written as
9T) can be computed by substituting these values into (12),
which represents the product of all individual homogeneous
transformations:

Px 47.3127
Pz 66.1127

D. Inverse Kinematics Structure

13)

IK is the process of determining the joint variables of a
robot that achieve a given end-effector pose, consisting of a
specific position and orientation:

e Base angle 8, determined from (x, y).

e Planar 2-link IK is used to determine 6, 85 in the vertical
plane.

e Wrist angles 8, 85 obtained from the desired orientation.

With a gripper, the manipulator effectively has three joints
for positioning (1-3) and 2 joints for orientation (4-5).

A typical Intelitetk SCORBOT-type D-H table has link
lengths around:

d, = 0.35 vertical offset from base to shoulder axis

a, = 0.14 upper arm length

a; = 0.22 forearm length

a, = 0.12 wrist/tool length

The tool pitch (tilt in vertical plane) ¢ is defined as:
$=06,+06;+80, (14)

The IK problem consists of determining 64, 6,, 05,0, for a
desired TCP pose (x,y, z, ). This is followed by the selection
of 6.

1. Determination of base joint 8,

For the base joint 8;, the horizontal distance from the base
axis to TCP is given by:

r= Hy7

Similarly, the base angle is defined as:

15)

6, = atan2(y, x)

This rotates the arm in the horizontal plane; after that, the
analysis is done in a 2D vertical plane at a distance 7.

2. Determination of wrist center (x., Z.)

To determine the wrist center (x.,z.), the base height is
removed as:
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Zey=2Z—dy =2z—0.35 Os =19y

This is followed by the subtraction of the last link a, along Selecting a reachable pose for calculation:
direction ¢ to get the wrist center (joint 4 position): Desired TCP:

X, =1 —aucos ¢ =r—0.12cos ¢ x=030m

Ze = Zpo— a4Sin ¢ = (z — 0.35) — 0.12sin ¢ (16) y=010m

A 2-link planar problem is obtained with: 7 = 040 m

Thus, a 2-link planar problem is obtained: For the tool pitch ¢p = 0°(tool horizontal) and tool roll Y =
e Link I: length a, =0.14 0°, the base angle is calculated as:
e Link 2: length a; =0.22 r =+0.302 + 0.102 = /0.09 + 0.01 = +/0.10 ~ 0.316 m
e Target point: (x., z.) 6; = atan2(0.10,0.30) = 18.4°8

Reach distance is defined as: Wrist center:

distance = m a7 Zp=2z—d; =040 —0.35=0.05m
which must satisty | a; — a, |< dist < a, + a3 with values: ¢ =0"=cos¢ =1, s5ing0
las —a, |=10.22 — 0.14 |= 0.08 m and a, +a; = 0.14 + X =7 —0.12cos 0° = 0.316 — 0.12 = 0.196 m
0.22 = 0.36 m, therefore, 0.08 < dist < 0.36 for a reachable Z. = z,,— 0.12sin 0° = 0.05— 0 = 0.05 m
point.

Distance:

3. Calculation of elbow angle 65

distance = v0.1962 + 0.052 ~ 1/0.0384 + 0.0025 ~

The elbow angle 05 is calculated using the cosine law: 0.0409 ~ 0.202 m. 0.202 € 0.08. 036

x2+z2-a5-aj _ x2+z%-0.14%-0.222

D= 20,03 = 2.014.022 Elbow angle 65 is calculated as:
. . C . 0.0409-0.0196-0.0484  —0.0271
If | D |> 1, no real solution exists, which indicates a point D= 30.14.0.22 = Soete ~ —0.44v1 —D? =

outside the reachable workspace. Then, the elbow angle is /79242 = V1—0.1936 = 1/0.806% ~ 0.898
obtained as: ' ' ' '
For elbow-up, 6; = atan2(+0.898,—-0.44) =~ 116.5°

05 = atan2(+V1 — D2,D) (18)
Similarly, the shoulder angle 6, is calculated as:
where + and — represent the elbow-up and elbow-down R
configuration, respectively. a = atan2(0.05,0.196) = 14.3
4. Determination of shoulder angle 6, azsinf; = 0.22 - 0.898 ~ 0.198
Shoulder angle 8, (angle from shoulder to wrist center) is a; +azcosfz = 0.14 + 0.22(-0.44) = 0.14 —
calculated as: 0.0968 = 0.0432
a = atan2(z,, x,.) correction angle for the 2-link geometry: B = atan2(0.198,0.0432 ~ 77.6%)
B = atan2(assin 03,a, + azcos O; = 0, =a—p ~143"—-77.6° = —63.3°
atan2(0.22sin 63,0.14 + 0.22cos 63) 11. Wrist pitch 6,:
Then: 6, = a —f (19) 0,=¢—0,—0; =0° — (—63.3°) — 116.5°
(using the same sign of 65, as in (18)) =63.3° — 116.5° = —53.2°
5. Determination of wrist pitch 6, The wrist roll 65 is given by:
Wrist pitch 8, is calculated using the tool pitch relation: 0s =9 =0°
$=0,+065+86, Final IK angles for this pose
Therefore, 6, = ¢ — 6, — 65 (20) For the Intelitek-type 5-axis arm with link values

(dy, ay, a3, as) = (0.35,0.14,0.22,0.12)

: — 0
Wrist roll 65 (roll around the tool axis) only affects and desired pose (x, ,z,¢) = (0.30,0.10,0.40,0°)

orientation, without affecting TCP position, and can be 0, ~ +18.4°
calculated as:

6. Determination of wrist roll 65
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0, ~ —63.3°
0; =~ +116.5°
6, =~ —=53.2°
0 = 0°

E. Machine Vision

GigE cameras are a highly reliable and cost-effective
imaging technology for industrial recognition tasks, especially
when integrated with NI Vision Builder, PLCs, and robotic
systems. These advantages make them ideal for ceramic
inspection, sorting, object measurement, and robotic guidance.
They provide the flexibility of long-distance cabling, high-
resolution imaging, multi-camera synchronization, and
excellent software compatibility. [17, 18].

F. Covered Ceramic Process Using Machine Vision

The manufacturing process of ceramics involves
transforming raw minerals into solid, durable, and sometimes
glazed products through a series of physical and chemical
changes, including shaping, drying, firing, glazing, and final
inspection [19, 20]. Figure 5 shows the traditional ceramic
products. The basic ingredients typically used in ceramic
manufacturing are presented in Table II.

S

Fig. 5. Traditional ceramic products.
TABLE I RAW MATERIAL USED IN CERAMIC
PRODUCTION
Raw material Chem{c?l Function in the ceramic body
composition
Kaolin AI203 2Si02.2H20 This compound is often referred
to as China clay
Ball clay AI2Si2 05(OH4) Firing over a ?;Iglgzr temperature
Feldspar K20 A1203 6Si02 Enabhn.g. the clay body to lower
firing temperatures
. Provides strength, rigidity, and
Quartz Si02 reduces shrinkage
Alumina AI203 Enabling for_mmg processes
such as casting or pressing

G. Software Development

The integration of Backhoff PLCs with EtherCAT-based
industrial communication and machine vision systems
represents a significant advancement in intelligent automation.
In modern manufacturing, precision, speed, and quality
assurance are crucial, especially in applications such as ceramic
cup inspection, object sorting, and automated packaging.

A 5-axis robotic manipulator provides the flexibility to
perform complex motion sequences and handle objects with

precise orientation. When combined with machine vision, the
robot can recognize, classify, and manipulate objects
autonomously based on visual feedback [21, 22].

Cameras are necessary for robotic systems because they
give robots the ability to perceive their surroundings, adapt,
and make decisions. This allows robots to function beyond
predetermined motions and achieve intelligent, flexible, and
autonomous operation, which is important in contemporary
industrial applications like smart manufacturing and ceramic
production systems. Figure 6 displays the Personal Computer
(PC) and PLC-based control and machine vision system.

START

NI Vision Builder Syviun Mmage

|
| Acquire Image l 1
| *-I Card scanning |

Color analysis
PLC control

4
| Coding and HMI design |

Variable Linking

START

(@)

(b)

Fig. 6. PC and PLC-based control and machine vision system: (a)
flowchart diagram, (b) PLC control of robotics platform.

H. Vision and Integration

Innovation in the ceramic industry has historically
progressed slowly compared to other manufacturing sectors
such as automotive, electronics, and metal fabrication. The
primary reason is the sensitivity and fragility of ceramic ware,
which complicates the adoption of automation technologies.
Despite advancements in robotics and machine vision across
various industries, their integration into ceramic production,
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particularly in the sorting, inspection, and handling phases,
remains limited. Ceramic products, especially those in the
greenware, biscuit-fired, or glaze-fired stages, require very
delicate handling. Table III presents the specifications of the
camera used in the study.

TABLE III. CAMERA SPECIFICATIONS
Items Specification and series
Camera KCMV-SUAS02C-T1V
Resolution 2592 x 1944
Frame rate 59 FPS
Sensor size 1/2.5 inch
Pixel size 2.2 um
Min exposure 0.0084 ms
Shutter type Rolling shutter
Interface USB3.0

IV. EXPERIMENTAL RESULTS

In modern industrial automation, machine vision has
become an essential technology for achieving intelligent
quality inspection, object detection, and sorting. Among the
most versatile vision software environments available, NI
Vision Builder for Automated Inspection (Al), as shown in
Figure 7, developed by National Instruments (NI), allows
engineers and researchers to design, test, and deploy vision-
based applications without extensive programming knowledge.

e

(a)

m‘:’.,lﬂ
Je ~
l

b
o Els

pr—

Serial Contrel SC-400

(b)

Fig. 7. Vision technology in ceramic cups: (a) NI Vision Builder, (b) robot
and machine vision.

NI Vision Builder can be used to detect and sort cups on a
conveyor system based on their position or distance from the
camera. The system integrates four main components: a PC
running NI Vision Builder, a PLC for motion and sorting
control, an industrial camera for image acquisition, and,
optionally, a 5-axis or pick-and-place robot for sorting the
detected cups [23].

A. NI Vision Builder Software

The combination of NI Vision Builder software, industrial
cameras, PLC control, robotic arms, and belt conveyors enables
a fully automated system capable of detecting and sorting cups
based on distance, as follows:

e The camera provides visual input.

e The PC with NI Vision Builder performs image analysis
and measurement.

e The PLC executes control logic and drives actuators or the
robot.

e The robot manipulates objects accurately based on the
measured coordinates.

Such systems are ideal for the ceramics, packaging, and
electronics industries, where precise distance measurement and
sorting are crucial [24]. They also represent a fundamental
model for Industry 4.0 smart factories, integrating vision,
control, and robotics for intelligent production. Figure 8 depicts
the inspection process of the inside and outside of the ceramic
cup, while Figures 9-11 illustrate the robotics and vision-based
inspection process of the ceramic cup.

B. Gripper and Covered Ceramic Cup Processes

A gripper is a type of end-effector used in robotic systems
to grasp, hold, manipulate, and release objects during
automated operations. It functions similarly to a human hand,
acting as the interface between the robot arm and the object
being handled. In ceramic production lines, handling covered
ceramic cups requires exceptional delicacy because of their
fragility, variable sizes, and smooth glazed surfaces [25, 26].
The integration of machine vision, sensors, and intelligent
control enables the system to select and handle cups based on
their dimensions and distances. The distance between cups is
critical for accurate selection and collision prevention. A stereo
vision camera or laser distance sensor measures spacing on the
conveyor in real time. The following parameters are
continuously updated:

e Cup center-to-center distance (D): Determines when the
robot can grip the next cup.

e Height (H): Helps detect whether the lid is properly placed
or missing.

e Orientation angle (6): Ensures that the handle direction or
cup tilt is within the gripping range.

e Finally, evaluating load values during a gripper test is
significant for determining whether the gripping force
applied by the robot is appropriate for cups of different
sizes, dimensions, and weights. Ceramic materials are
brittle and highly sensitive to excessive or uneven
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mechanical pressure, so the gripping force must be

optimized to ensure that the robot can securely hold the cup

without causing any cracks or slippage. The load value

indicates the static or dynamic load detected on the gripper

while holding the cup:

Gripping Force (N)
9.81

Load (kgf) = 21

Inside

outside

e (| e

(2)
- w— gy
left side right side
| J
.
(d)
- [l

s =

Fig. 8. Inspection of inside and outside of ceramic cup: (a) inside and

outside measurement; (b) distance measurement.

Graphical Abstract Design
Jenase

Diameter Check

Ceramics S

Height Check

Final check

Fig. 9. Robotics and vision-based inspection of a ceramic cup.

Fig. 10.  Inspection and measurement of the cup diameter.

tance 70 mm
pper 70 mm

Fig. 11.  Inspection and measurement of the cup shape.
TABLE V. LOAD VALUE EVALUATION

Diameter Height Weight Gripping Load

CoptyPe | um) | (mm @ | forceN) | (k)
Small 40 60 100 6.2 0.63
Small 45 65 120 6.5 0.66
Medium 50 70 132 6.9 0.70
Medium 55 76 136 7.3 0.74
Large 60 82 143 7.6 0.77
Large 65 86 148 8.1 0.82
Covered 70 90 153 8.7 0.88
Covered 75 93 158 9.2 0.93
Wide 80 98 163 9.8 0.99
Wide 85 102 168 10.4 1.06

As shown in Table IV, there is a positive correlation
between the cup diameter and the required gripping load. To
evaluate the performance of the automatic shape-based ceramic
sorting system, a controlled experiment was conducted using
70 ceramic cups representing five different categories.
Classification accuracy indicates how many cups were
correctly recognized:

Number of Correct Classifications

Accuracy = x 100 (22)

Total Samples

Out of 70 cups, the system correctly identified 63. The
experiment was expanded by testing an additional 70 ceramic
samples to overcome the limitation of the small original sample
size. The system achieved a 90% classification accuracy by
accurately identifying 63 out of 70 samples. A preliminary
evaluation of system performance can be obtained by focusing
solely on classification accuracy and sorting seeds.

Using (12), basic performance accuracy is calculated as:

Accuracy = % X 100 = 90%
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Mean and standard deviation are calculated using the
binomial model, as:

Mean (u) = p = 0.90 and

Standard deviation(o) = \/p(l —p) =+0.90 x0.10 =
0.30

This illustrates the variation at the level of individual
predictions.

Standard error (SE):

SE = [P4®) _ J°“’°*°‘1° ~ 0.0358

n 70

With confidence interval of 95%.
Cl=p+ 196 *SE
CI=0.90+ 1.96 * 0.0358

CI =0.90 £ 0.070

CI = (0.83,0.97)

Cl=p+196 xSE with 95% confidence,
system accuracy is probably between 83% and 97%.

the actual

gripper to position itself within tight tolerances (+0.1-0.5 mm)
without damaging fragile ceramic materials. Table VI presents
a description of the 5-axis movement.

TABLE VL DESCRIPTION OF THE 5-AXIS MOVEMENT
. . . . Error
Axis Joint type Motion function (mm)
1 Rotation base Rotates horizontally across the 40314
conveyor
J2 Shoulder joint Moves the arm up/down vertically +0.215
J3 Elbow joint Extends/retracts arm reach +0.382
J4 Wrist pitch Tilts gripper toward cup surface +0.722
J5 | Wrist rotation Rotates the gripper about its +0.883
longitudinal axis

TABLE V. LOAD VALUES AND OK/NG CUP DIMENSION
Diameter (mm) Average load (kgf) Result
40-55 0.60-0.75 OK
60-75 0.76-0.95 Mixed (OK/NG)
80+ >0.95 Often NG

In this study, the small parallel gripper is mechanically
capable of handling ceramic cups with outer diameters up to
approximately 80 mm. For larger diameters, secure gripping
cannot be guaranteed. Therefore, the proposed vision algorithm
is not only responsible for shape-based classification but also
measures the outer diameter of each cup and automatically
rejects objects larger than 80 mm from the robot's picking list.
This integration between vision-based size measurement and
gripper capability constraints prevents slipping, collisions, and
damage to fragile ceramic workpieces. According to
experimental data, the proposed method achieved 90%
accuracy under actual production conditions, while human
inspection produced an average accuracy of 80%. Additionally,
the automated robotic system boosted the sorting throughput
from 6 pieces per min (manual) to 10 pieces per min. These
findings demonstrate that camera-based separation offers better
accuracy, efficiency, and reproducibility.

C. Evaluation of Movement Accuracy and Repeatability

In robotic handling of ceramic cups, especially in processes
such as cover placement, glazing, and inspection, the positional
accuracy and repeatability of the robotic arm are crucial.
Therefore, an experimental study was conducted on the
accuracy of movement of a 5-axis robotic arm, focusing on
how precisely the robot could move, grip, and place cups of
various diameters during the gripper and covered ceramic cup
process. This test ensures that each axis of rotational motion
and translational motion is correctly synchronized, enabling the

To ensure reliable automation in the covered ceramic cup
process, a 5-axis error test was performed on the robotic arm,
as displayed in Figures 12-16.

Axis 1
5-
w4
e
3]
T
PR
0 T T T T v u T T
1 7 13 19 25 31 37 43 49
Time
Fig. 12.  Axis 1 error test.
Axis 2
6
[
E
2
0+ T T T r T T T r
1 7 13 19 25 31 37 43 49
Time
Fig. 13.  Axis 2 error test.
Axis 3
6-
47
E
& )

0 T T T T T r r r
1 7 13 19 25 31 37 43 49
Time
Fig. 14.  Axis 3 error test.
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Fig. 15.  Axis 4 error test.
. Axis 5
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Fig. 16.  Axis 5 error test.

V. CONCLUSION

The study examined the Automatic Shape-Based Object
Sorting system using a robotic arm integrated with a vision
system. This study is organized around the three methods: 1)
kinematic modeling using Denavit-Hartenberg (D-H)
parameters, 2) machine vision for shape-based recognition, and
3) software development and system integration. The system
combines robotic precision with image-processing accuracy to
perform sorting based on object shape, dimension, and surface
characteristics.

The findings confirmed that the vision-guided robotic arm
can identify, classify, and manipulate various ceramic shapes
such as cups, plates, and bowls with a high degree of reliability.
The vision system, using the NI Vision Builder software and a
GigE industrial camera, processed real-time images to detect
contours, measure diameters, and distinguish between
acceptable (OK) and defective (NG) items. These results were
transmitted to the robotic controller, where the 5-axis robotic
arm executed corresponding sorting or placement actions. A 5-
axis error test of the robotic arm used was also conducted. The
measured errors were +0.314 mm for axis 1, £0.215 mm for
axis 2, #0.382 mm for axis 3, +0.722 mm for axis 4, and
+0.883 mm for axis 5.

Overall, the accuracy tests of both the vision detection and
robotic motion revealed that the system achieved over 90%
classification accuracy and +0.4 mm positional repeatability
under normal operating conditions. The use of machine vision
with NI Vision Builder provides a powerful platform for high-
resolution imaging, real-time object detection, and robust
sorting of ceramic products. This study provides a necessary
theoretical and methodological foundation for implementing
recognition-based sorting systems in industrial environments

and contributes to the advancement of automated ceramic
manufacturing processes.

This work improves automated sorting systems by
addressing the drawbacks of existing techniques when applied
to fragile ceramic objects. Although previous studies have
successfully used robotic and vision-based sorting for stiff
industrial products, their applicability to ceramics is currently
restricted due to problems including surface variations and
breakage risk. This work provides a novel integration of a
robotic arm and vision system for shape-based ceramic object
classification. Unlike previous studies, the proposed approach
incorporates a nondestructive handling mechanism and
evaluates performance using a larger dataset of 70 samples
[27]. With a 90% classification accuracy, the system proved to
be viable for real-world industrial applications. Thus, this study
extends current understanding by providing a practical and
scalable method for automated ceramic sorting. Most studies
focus on metals, plastics, or everyday items rather than delicate
ceramics; the present study addresses this gap with the
following contributions:

e Addressing fragility and handling challenges
e Designing safe gripping and sorting strategies
o Demonstrating real industrial feasibility

The novelty of this study lies in the robotic arm and a
shape-based vision algorithm for handling delicate ceramics,
which has not been extensively used in ceramic production due
to material sensitivity. Additionally, compared with previous
studies, the system's high classification accuracy and real-time
operational capability make it suitable for industrial
implementation.
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