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Abstract: Robots have become an essential part of modern industries in welding departments to
increase the accuracy and rate of production. The intelligent detection of welding line edges to start
the weld in a proper position is very important. This work introduces a new approach using image
processing to detect welding lines by tracking the edges of plates according to the required speed
by three degrees of a freedom robotic arm. The two different algorithms achieved in the developed
approach are the edge detection and top-hat transformation. An adaptive neuro-fuzzy inference
system ANFIS was used to choose the best forward and inverse kinematics of the robot. MIG weld-
ing at the end-effector was applied as a tool in this system, and the weld was completed according
to the required working conditions and performance. The parts of the system work with compatible
and consistent performances, with acceptable accuracy for tracking the line of the welding path.

Keywords: robotic welding; image processing; ANFIS; line detection

1. Introduction

Robots have been used to help humans in many businesses, and the most essential
duty of robots is achieved in the industry sector. After automation became an important
element in modern factories, robots became necessary as part of these automated systems.
The execution of a weld face or the upper surface sensor of gas tungsten arc welding
(GTAW) contains process estimations and computerization which are dependent on im-
age edge feature recognition [1]. Vision-aided versatile robotic welding is used because
its adaptable and robotic welding framework can be controlled by tactile and seam detec-
tion [2]. The use of computer vision to determine the conditions of the welding process
and the seam dimensions is considered an innovation that will progress the development
of independent welding robots. The necessity for specifying weld seam image attributes
by improving the calculation of subpixel edge discovery is dependent on Zernike moment
weld seam image attributes to enhance the results [3]. The specifying and situating of the
start welding position (SWP) is the initial step and one of the main keys to developing the
realization of independent robot welding. The coarse-to-fine strategy was created to
achieve fruitful autonomous detection and direction of the SWP [4].

An intelligent welding robot is a small part of intelligent welding manufacturing
technology framework, coordinated at this stage by intelligent welding advancements,

Computers 2022, 11, 155. https://doi.org/10.3390/computers11110155

www.mdpi.com/journal/computers



Computers 2022, 11, 155

2 of 23

and it was developed with working together positioners [5-7]. The adaptive image pro-
cessing method was utilized for different sorts of weld seams. Composite detecting inno-
vation could diminish the related expenses to accomplish weld seams, rather than using
costly gadgets such as laser sensors [8].

The light examination technique is intertwined with infrared and visual images for
diagnosing gas metal arc welding (GMAW). The proposed strategy comprises many ad-
vantages, e.g., the acquisition, pre-handling, combination, post-preparing, investigation,
and recognition of gained images, with an error rate of 0.1 mm [9]. Another technique
depends on an artificial neural network, and a continuous vision method utilizes an optic
camera to measure the geometry (width and height). The real-time computer vision
method aims to obtain the prepared designs and improve the robot's welding skill (self-
training) [10]. An automated robotic welding system consists of a robot, sensor innova-
tions, control frameworks, and artificial intelligence. All these parts are connected to the
controller unit, which is considered the brain of the robot. The controller is utilized to
program the robot, giving commands to parts of the robot to activate sensors, move, and
initiate the welding process to complete the task. The major types of failures in actualizing
robots have occurred due to the product that controls the robot [11].

The recognizable proof, discovery, and following weld seam extraction have been
generally explored in various manners. However, numerous scientists and researchers
have developed various approaches to obtain images from cameras, either by incorporat-
ing an external light source or controlling the welding condition to diminish noise. Fur-
thermore, the techniques and methods that have been developed are not entirely valid,
and where it is appropriate to apply a particular type of welding, such as butt welding,
a system can use a fuzzy-Tracy method to detect 3D seam welding with an accuracy of
less than 0.5 mm [12]. A nonlinear enhancement approach was used to improve and in-
crease adjustment accuracy by recognizing and distinguishing the initial, mid, and end of
the required path of the weld seams in a straight line of joints of the tempered steel work
piece where the average of the welding application errors was +2 pixel percentages in
rows and columns. The pictured work piece was captured by a charge-coupled device
(CCD) camera, which was the opposite of the work piece. The weld seam path consistency
technique was executed in three phases: (1) pre-handling, (2) decreased area, and (3) dis-
tinguishing the weld seam path [13].

Vision sensors and laser vision sensors are generally utilized for determining the po-
sitions of the welds and the weld seam paths. It should be taken into consideration that
the weld seam geometries and the gaps in any type of weld seam joints will fluctuate. A
sensor with multiple types of materials was used to achieve the task [14]. The main objec-
tive was to obtain a steady design vision system in real-time for weld images and analyze
the image of the edge weld [15]. Most analyses focused on a build-up of viable visual weld
detection strategies to discover and treat the issues in multi-layer welding (i.e., spread
pass welding detection) for seam tracking and non-destructive testing. The developed
strategy should be accurate and include all the effective factors in the welding process to
automatically decide the edge between the crease and the base metal in the grayscale pic-
ture of the weld at a detection error rate per mm of 0.1-0.4 [16].

Semi-autonomous robotic welding faces various issues, and the most common are
the need to correct mistakes in the installation of workpieces, measurements of work-
pieces, flawed edge planning, and thermal defects during the process. However, there are
many significant difficulties, such as the location of the joint edge, following the joint
seam, controlling the weld entrance, and estimating the width or profile of the joint [17].
The detecting innovations of the weld pool (three-dimensional vision detection) are an
exceptionally dynamic direction for GTAW (gas tungsten arc welding). Moreover, the
weld pool characterization of the model and distinguishing parameters of the model
should be taken into consideration when, in such cases, intelligent algorithms are primar-
ily used [18].
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A review paper [19] summarized many methods using many vision-sensing algo-
rithms for seam tracking in robotic welding systems. The vision sensing methods were
active vision sensing (single-line laser, cross-lines laser, and multi-lines laser) and passive
vision sensing (grid-lines laser, dot matrix laser, circular laser, welding layer measure,
weld pool detection, and swing arc extraction), while the algorithms were the adapted
line-fitting algorithms, which include feature points detection and centerline extraction,
shape algorithms (between the start, mid, auxiliary, and endpoints), Kalman filter iterated
algorithm, optical flow and particle filter algorithm, double-threshold recursive least
square method, incremental interpolation algorithm, circle-depth relation algorithm, ker-
nelized correlation filter algorithm, symmetric algorithm of the weld pool around the
wire, shape-matching algorithm, kernelized correlation filter algorithm, position error ex-
traction algorithm, absolute interpolation algorithm, and cubic smoothing spline fitting.
All of these systems need to be calibrated to objects for the vision sensor, and SWP is used
for visual orientation, visual positioning, and 3D coordinate calculation by various image
processing algorithms using PID to control the positioning and laser guidance. The active
vision sensor was suitable for detecting the position in real-time seam tracking, and the
passive vision sensor was typically used with off-programming. Many methods were
used to control the moving path of the robot (fuzzy control, trajectory-based control, PID
control, iterative learning control, etc.).

In this research, the vision sensor method was used, and it provides the path to the
robotic welding directly, without prior programming of the robot, which causes this sys-
tem work similarly to a worker, but with higher accuracy.

2. Background and Summary

The difference between the robot's pre-programmed trajectory and the actual and
real trajectory makes using sensors essential in automated welding processes for adjusting
the welding trajectory [19]. Therefore, the vision sensor method is widely used in this field
as it reduces errors and increases accuracy. Various aspects can be concluded from the
literature survey about the vision system method. The vision system method includes:

1. A single-line laser, which can detect all welding objects (except T joints) and uses the
SVM method feature, which is suitable for all image process algorithms but does not
contain enough details about the welds.

2. An active vision sensor, which detects the I, Y grooves, tube sheet, and spot welding,
which improves weld identification (speed, accuracy, and electrode resistance are
measured), and which is suitable for line tracking, regional center extraction, and di-
rect guiding, with the same features of a single-line laser. These include:

a. A cross-lines laser, which is used for horizontal and vertical weld lines, aper-
tures, and T-joints, as well as detecting the weld variation values, weld line
width tracking, aperture, and weld seam tracking using a spatial-temporal
Markov model, intensity mapping, and piecewise fitting marking method, all
of which have features suitable for T-joints and cross-seam shapes.

b. A multi-lines laser, which is utilized for the butt, lap, and complex curve
seams of weld seam tracking that is based on a kernelized correlation filter,
and their features used are for tracking weld seam and complicated algo-
rithms.

c. A grid-lines laser used for large V-grooves and surface welds, which is ap-
plied for multi-layer and 3D weld construction.

d. A dot matrix laser using real-time 3D weld surfaces based on the slope field
of the reflecting laser and has features such as wide weld coverage and situa-
tion-specific welding.

e. A circular laser user for all welds—except T-joints— and is suitable for seam
tracking and 3D image processing.
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f. A welding layer measure used for the welding layer, which as a complex vi-
sion system.

3. Passive vision sensors include :

a. Weld pool detection, which is used for seam tracking with neural network vision
and is suitable for edge detection in real-time detection, but it is affected by the
process parameters.

b. Swing arc extraction, which controls for penetration in swing arcs with narrow
gaps. It is also used for deviation detection using extraction algorithms and local
recognition, and it is suitable for considerable groove depths, though it requires
an infrared camera .

The previous literature dealt with robotic welding systems using computer vision for
seam edge detection and penetration welding. This system can provide the seam welding
path and correct it by utilizing artificial intelligence algorithm methods. In this way, the
system detects the line welding by image processing using the ANTFIS method to track
the welding path for the controlled robot arm, and it corrects this path with a small error
range. The algorithm and techniques in this research are used in real-time and are suitable
for all types of groove-line welding.

3. The System Description

The system in this work consists of a camera fixed with MIG welding at the end-
effector of the 3DOF robot arm. This system aims to connect the results of the image pro-
cess to control for the forward and reverse kinematics of the robot arms. This control re-
sults in employing the ANFIS method to obtain the best result and decrease errors.

The direction field was arranged and improved, prompting constant control, detect-
ing frameworks, prompting seam tracking, and controlling strategies for welding. Most
direction estimations of the path of a robot depend on the quantic path addition polyno-
mial. However, it is smarter to opt for a higher-request insertion polynomial to control the
yank, generally toward the beginning of the direction, all the more effectively [20]. A vi-
sion-based measurement (VBM) method is utilized for edge estimating. A CMOS camera
is used with computer vision algorithms and a field programmable gate array board con-
trols the robot for welding [21].

The system uses a CCD camera in computer vision with laser and optical channels to
recognize the welding line. The algorithm is executed by image processing to provide the
position of the seam welding and the cross-section. The troubles and difficulties generated
from welding are the arc light, laser light reflection, and dissipation, and so the distinctive
picture procedures must be eliminated. An examination of the various strategies is, none-
theless, conceivable, and the pictures acquired in each examination rely upon the camera,
laser, optics, and framework arrangement [22].

Seeking has been completed to recreate the 3DOF robotic arm in a computer-aided
design (CAD) condition for welding operation, while its kinematic requirements follow
the weld seam path. The automated seam tracking is dependent on inactive monocular
vision. The vision provides information to the robotic automated welding framework,
permitting quality and productivity gains [23]. A seam tracking algorithm has been pro-
posed for a butt-type weld joint, with changing weld gaps for accuracy in the simultane-
ous application of weld path positions and weld gaps [24]. Real-time following execution
and high precision are structured to be dependent on the morphological picture of a novel
seam tracking framework with prepared techniques and a continuous convolution oper-
ator tracker (CCOT) object tracking algorithm. The framework comprises a 6DOF welding
robot, a line laser sensor, and a high-performance computer [25]. The real-time control of
five DOF robot manipulators for weld line tracking uses an ActiveX component and a
neural network, and the lighting and position of the camera are imitated. This system uses
image processing to detect the centroid between the edges of the plates [26]. The robotic
welding vision system is shown in Figure 1.
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3 DOF Robot End-Effector

--.\_\_\__-H

The Plates

Figure 1. Automated robot arm welding system.

4. Recognition of the Target Line

Several steps were used to find the desired line and obtain points that will provide
the path to the robot arm. In the beginning, the camera is fixed above the plates and cap-
tures the image. The distance between the plates and the camera is calibrated to determine
a real dimension of the captured image. The target line in the image must be the same
length relative to the real line. The coordinate of the target line will be detected by assum-
ing that the field of vision for the camera is in plane form. This will create an easy proce-
dure to obtain the coordinate near the real dimension. The origin point at the plane image
of the camera will be the origin point at the plane of the target line. The camera used in
this system is a Canyon, with a CMOS sensor, 1.3 Mpx resolution, and a 30 fps maximum
frame rate. Figure 2 shows the planes of the camera and the target line.
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The Camera Plane

The Line Plane

Figure 2. The camera and required line detection planes (where D is the distance between the planes,
L is the line required detection, and O is the original point).

The system vision, including the camera and PC computer, is described as follows

[27]:
X u
b=l
z A
and it can be rewritten as:
Kx=u
Ky=v @)
Kz=21

where (u, v) represent the pixel coordinates and A is the distance behind the image plane.
From Equation (2) we can obtain Equation (3), where K,u,and v can be calculated
as:

A
K =2,
Z

u=1% andv =212 . 3)
zZ zZ
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Ga(xry) =

The calibration steps for finding the intrinsic and extrinsic camera parameters are as
follows:

1. The calibration object is rectangular in shape, and its length and width are measured
and represented by dx and dy, respectively.

2. The camera and the calibration object are placed on a flat floor in a parallel position
in a level manner. The calibration object should be accurately placed in the center of
the camera’s vision.

3. The distance between the calibration object and the camera is calculated and denoted
by dz.

4. Anpicture is taken to verify the installation's correctness by ensuring that the edges of
the calibration object are aligned with the row and column of the image.

5. The length and width of the calibration object (dx and dy) are calculated in pixels.
The canny edge detection algorithm, convolution-based technique, and top-hat trans-

form methods are implemented to detect the desired line of the weld. The canny strategy

activity comprises six fundamental advances [28]:

Stage 1: A one-dimensional smooth Gaussian for effectiveness is applied

(2D)G = (1D)G x (1D)G 4)

where D is the dimension and G is the Gaussian:

e(-(’“iif)):( ! (%)( ! (%) .

2mo? \ 2o 210

Stage 2: Gaussian derivation is used to register the inclination for the picture (I):

V(G xI) (6)
Stage 3: The magnitude is calculated as:
V(G x D 7)
Stage 4: The direction at every pixel is calculated as:
V(G X1
g GxD @
V(G x D)

Stage 5: Non-most extreme concealment occurs where the inclination extent is at its
greatest along the course of the angle .

Stage 6: Hysteresis thresholding (L and H) utilizes two limits (low and high), called
two-fold thresholding.

The wide line intersection of the two edges of the plates and its orientation are de-
tected using a convolution-based technique. In addition, this method is used to distin-
guish between the desired wide lines and the other edge lines. The general equations
(Equations 9-15) of the convolution-based technique are [29]:

a b

g =k fery) = ) > kdxdy) < fx+dry+dy) ©)
dx=—a dy=-b

where g(x, y) is the result of the image, f(x, y) is the capturing image, k is the convolution-
based technique, and the element of the convolution-based technique is considered by
—a<dx<a and-b < dy <b.

There are two basic operations, the dilation @ and erosion © of image f (x, y),
which use the structuring element B (u, v). They can be defined as:
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f@Bxy) =max(f(x —wy-v) + Bwv)) (10)

fOBxy) = rgjivn(f(x +u,y+v) —B(u,v)) 11)

where B (u, v) and f(x, y) are the original images.
Opening O and closing e denote dilation and erosion, respectively, as:

foB=(f©B) ®B (12)
f®B=(f®B)OB 13)

Top-hat transform is a method used to extract small elements and details from the
image, also called digital image processing [30-32]. The top-hat transform is applied in
many fields, such as industrial and medical fields [33,34]. The image segmentation was
improved by using the top-hat transform method to detect the object compared to the
background in a given image [35]. Developing a multiscale top-hat sensor achieves good
enhancement of the results [36]. Further, it can detect multiple line features by the analysis
of the top-hat transform with different directions [37,38].

The white top-hat transform (WTH) and black top-hat transform (BTH), or bottom-
hat, are defined as:

WTH(X'Y):f(x’Y)—fOB(x’Y) (14)
BTH(X’Y):f.B(x:J’) _f(ny) (15)

The welding tool tracks the middle line between the faying surfaces of the welded
plates. Many researchers are interested in image processing and real-time automated ro-
botics [39—44].

The coordinates of the Hough line were found to identify the path of the weld tool
robot at the plane of the plates. The robot's base was this plane's original point (0,0), and
the robot tracked the points of the line detected at a fixed speed.

5. Robotic Forward and Inverse Kinematics

The control of the forward movements of the end-effector of the robot is obtained by
the coordinate’s line detection as a path planer using an edge detection algorithm, as men-
tioned before. The general forward equations of the 3DOF arm are [45]:

Cgk —CakSHk Sa’kSek akCHk
59k C(ZkCQk —SakCHk akSBk

Tieea = 0 Say, Cay dy (16)
0 0 0 1
The forward kinematics of the base joint and joint 1 for : are:
Co, 0 S6, O
Thase =T3 =500 0 7 (17)

O _1 0 d1
0 0 0 1

The forward kinematics of joint 1 and joint 2 for 02 are:
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co, —S0, 0 a,Ch,
T12 — 592 CHZ 0 CLZS@Z (18)
0 0 1 0
0 0 0 1
The forward kinematics of joint 2 and joint 3 for fsare:
693 _593 0 a3C93
— 0 SO
Tzend effector — T23 — 593 C93 as 3 (19)
0 0 1 0
0 0 0 1
The forward kinematics from the base to the end-effector are:
T;:Sde—effector — T01T12T23
CO.C(0,+05) —CO,5(0;,+60;) —SO; CO1(ayCO, + asC(H; +63))
_|s6.¢c(6, +65) —56,5(0,+65) €O, S6,(aCH,+ azC(6; +65)) (20)
_5(92 + 93) _C(QZ + 93) O d1 - a2592 - a35(92 + 03)
l 0 0 0 1 J

The angles of joints 61, 62, and 63 can be calculated by taking the inverse of the kin-
ematics equations, as follows [26]:

0, = Atan2(X,,Y,) (21)
0, = Atan2(r,s) — Atan2(a, + a;C65,a5C65) (22)

where r = /X2 +Y2 ands =Z, — d;.

8, = Atan2 (D, +y/1 - D?) (23)

XE+YE+(Zc~d1)?~aZ-a3
2ajas

The robotic arm obtains the required line coordinates from the use of image pro-
cessing on the image captured by the camera. The robot’s end-effector plane is an identi-
fier for the captured image plane of the added flexibility control of the robotic arm ma-
nipulation. The control method contains the limit speed that is compatible with the MIG
welding tool.

The Z-coordinates of the robot’s end-effector were calculated from the difference of
the distance between the camera and the edges of the desired panels and the distance
between the camera and the end effector of the robot, as in Equation 20 and as illustrated
in Figure 3.

where D =
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Robot

Target Plates

Figure 3. Solid diagram showing the Z-coordinate of the end-effector of the robot.

The tool of the robot's end-effector will have arrived at the coordinate (X, Y, and Z)
of the detection line, where Z is defended and XY is discovered from an image processing
algorithm. The forward reverse kinematic is detected by applying a Jacobian transform to
move according to the coordinate of the line detection. The Jacobian matrix transform is:

rdx  dx  0x
001 0602 003
d d d
J=|2 2 2 ()
001 0602 003
0z 0z 0z
L0g1 0602 003

6. The Robot Forward and Inverse Kinematics Using ANFIS

The end-effector of the robot was moved along the desired coordination line that was
discovered and calculated from the collection of algorithms that have been mentioned.
However, to make the robot work in an intelligent system and to choose the best move-
ment (forward and reverse), ANFIS (adaptive neuro-fuzzy inference system) was used.
The ANFIS method was implemented to reduce the complexity of the analysis and to pro-
vide good results compared with mathematical modeling [46]. A simulation for the end-
effector’s positions for the 3DOF robot arm manipulation was completed using ANFIS for
the accuracy inverse mapping by forwarding kinematics in 2D [47]. The ANFIS method
was applied to discrete the error that occurred through the robot kinematic and welding
movements. An ANFIS flow chart is illustrated in Figure 4.
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: output 8, 82, Bs
~ ™
'\ End /,'
e =

Figure 4. Flow chart of the ANFIS process.

The end-effector position (X, Y, and Z) was applied to the algebraic rule to produce
the function representation. The ratio of the weights was calculated and their sum was
obtained to find the weighted consequent value, and the final 61, 62, and 63 were calcu-
lated from the summation of all the outputs.

7. The ANFIS Simulation for Robotic Arm Kinematics

The ANFIS simulation for the 3DOF robot moving forward in 3D deduces the move-
ment with which the robotic arm can move all the links at the permissible angles, as shown
in Figure 5.
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X-Y-Z coordinates generated for all #1, #2, and 3 combinations using forward kinematics formula
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Figure 5. 3DOF robot moving links forward in 3D.

The reverse kinematic is applied, depending on the end-effector position to obtain
the reverse joint angles. The ANFIS structure is generated by using the functions and in-
put/output numbers, and then the data are optimized by training and the number of iter-
ations is given shown in Figure 6. Further, the reverse joint angle is plotted and the defer-
ent between the deduced and predicted angles is obtained as shown in Figure 7.

Xv— ANFIS1 —— 61

The
End-effector v ANFIS? 6, f'e.verse
position joint
angle

z £ ANFIS3 -

Figure 6. The reverse ANFIS structure.
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Figure 7. ANFIS simulation kinematics for deferent reverse joint angles.

8. Results and Discussions

The results of the vision system from applying the bot-hat method, which detects the
junction line between plates in horizontal, vertical, or oblique positions, are shown in Fig-
ures 8-11. The ANFIS method provides good results for all positions of the junction line.
The vision system results realized the robot coordinate point with the end-effector moving
according to this point. ANFIS provides the robot arm, predicting the points of the bot-
hat between the points discovered. The welding tool is moving at a constant speed, and
the gap between the tool and plates is calculated in the program control. The start point
and endpoint of the results of the three types bot-hat directions are horizontal, vertical, T-
shaped, and oblique. The matrix links of the robot for the start point and endpoint of the
horizontal line are shown in Matrices Equations (21) and (22):

0.0890 —0.0000  0.9960 1.1281
109960 —0.0000 —0.0890  12.6208
Mp Start ={5'9000  1.0000 0 0.2681 25)
0 0 0 1.0000
0.6540 —0.0000  0.7565 10.9735
107565  0.0000 —0.6540 12.6949
My End =17 1.0000 0 0.2620 (26)
0 0 0 1.0000

where M is the horizontal matrix link. The end-effector of the 3DOF robot begins at the
start point in Equation 25, which explains the three links' movements. Then, the end-ef-
fector moves through the horizontal line points to the endpoint, as in Matrix Equation
(26), representing the last welding point at the line.
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Figure 8. The junction line plate detection in a horizontal position.

Original image




Computers 2022, 11, 155

16 of 23

distance in cm
[}
T

o
o

2 4 53 8 10 12 ¢

Length in cm

Figure 9. The junction line plate detection in the oblique position.
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Figure 10. The junction line plate detection in the T-shaped position.
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Figure 11. The junction line plate detection in the vertical position.

The matrices of the start and end of the vertical line are shown in Equations (27) and

(28):
09167 0.0000 03996  6.0253
_| 08722 00000 —09167 2.6263
My Start =|_ 50000  1.0000 0 0.2683 @7)
0 0 0 1.0000
- 04272 0.0000 09041  6.0931
| 09041 00000 —04272  12.8944
My End =1_00000  1.0000 0 0.2600 (28)
0 0 0 1.0000

where My is the vertical matrix link. The welding tool moves from the start to the end
points through the point discovered by the bot-hat and suggested by the ANFIS method.
The oblique line results in Matrices (25) and (26):



Computers 2022, 11, 155

19 of 23

0.3171 0.0000 0.9484 4.1419

| 09484 00000 —03171 12.3883
M, Start = |_y0000 1.0000 0 0.2675 29)
0 0 0 1.0000
0.6530 —0.0000  0.7574  13.8636
_|-03080 —0.0000 —-06530  16.0806
Mo End =1 00000 1.0000 0 02609 20
0 0 0 1.0000
0.0819 —0.0000 09966 1.1156
| 09966 —00000 —0.0819 13.5797
My Start =1 10000  1.0000 0 0.2647 @7)
0 0 0 1.0000
0.6481 0 0.7616  11.7386
| o7616 00000 —-06481  13.7940
MrEnd = | 50000 1.0000 0 0.2671 (28)
0 0 0 1.0000

Where Mo is the oblique matrix link. The oblique start and end points line is calculated as
in Matrices 29 and 30, which makes the 3-DOF robot move in the oblique position with
the detection line with the bot-hat and ANFIS. Mris the T-position matrix link, as shown
in Matrices (31) and (32). The red line is presented the junction line plate detection at the
three results case (start, and end) points and the (0, 0) points is position of the arm robot.
This system's error value is approximately 0.0083 mm, where the vision system selects one
pixel from the pixel line detection and the coordinate’s path is extracted from the one-
pixel line detection. The system worked with fixed illumination to obtain the best image.
For an industrial environment, the flashlight was solved by applying a median filter for
the color-capturing image and then using morphology convolution after converting the
filtered image to a binary image to prevent the noise from these flashlights and other
noise. The captured image shown in Figure 12 has light flash and noise distribution in all
images, where the system can remove this noise and find the target line.
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Figure 12. Detection of the junction line plates of the noisy captured image.

9. Conclusions and Remarks

An intelligent robotic welding system using a vision computer to detect the edges of
plates is presented. The ANFIS method is applied to foretell the point’s coordinates be-
tween the points of the bot-hat transform that are discovered by the vision system to cor-
rect the path if an error occurs. The system succeeded with an error rate of 0.0080 mm for
the horizontal lines, 0.0081 mm for the vertical lines, and 0.0083 mm for the oblique lines,
which were obtained from the ANFIS control method. The system can detect the line in
real-time and the robot move at the line detection. The results were obtained without stud-
ying the robotic arm's changes in speed and acceleration. One of the limitations for the
developed approach is the inability to implement it for parallel plates that are vertical to
the camera position because the camera did not display and detect this line. It only per-
formed straight-line detection for the robot arm welding. The system needs to be cali-
brated for the camera’s change in position due to the dimension becoming real. The ad-
vantage of this system is the ability to perform real-time edge detection to find the path of
the line and welding. The disadvantage is that the system cannot work at any level of
illumination because of the error in edge detection. The future work will be to study the
results of the system with variations in the speed of the robotic arm, and to development
the system for welding any type of lines.
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