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Abstract - This paper presents the design and fabrication of a 6-
degree-of-freedom robotic arm, integrated with image processing
for package recognition and artificial intelligence for determining
the orientation of beverage cans. The robotic arm is constructed
from extruded aluminum to ensure rigidity and flexibility, and it
is precisely controlled by hybrid servo motors combined with a
pulley-belt mechanism. The first camera detects the position and
orientation of the can (standing or lying), while the second camera
identifies the type of package moving along the conveyor. The
system calculates the timing for the robot to pick up the correct
number of cans corresponding to each package type (1, 2, or 3
compartments). Research and experimental results show that the
package recognition system achieves an accuracy of 91.02%,
while the Al model for determining can orientation reaches an
accuracy of 99.375%, demonstrating high efficiency and
reliability.

Key words - 6-degree-of-freedom robotic arm; hybrid servo
motors; image processing; artificial intelligence

1. Introduction

The integration of robotics and artificial intelligence
has driven transformative advances in many industries.
This combination enables unprecedented levels of
adaptability, precision, and human interaction in
automated systems.

Research has demonstrated how image processing
technology enhances a soft pneumatic actuator gripper,
enabling more responsive manipulation of objects with
diverse characteristics [1]. Additionally, studies show how
Q-learning algorithms augmented with PID controllers
improve the navigation accuracy of service robots in
dynamic environments such as restaurants [2].

In the field of communication, research on robot speech
using a cerebellum-like neural network to simulate human
speech characteristics demonstrates a biomimetic approach
to complex control problems [3-5]. Complementing these
advances, modeling of delta robots using sophisticated
simulation tools has provided valuable insights into the
mechanical behavior of complex robotic structures [7], [8].

As these technologies continue to advance, they are
collectively moving toward increasingly sophisticated
autonomous systems capable of complex interactions with
both the physical environment and humans, opening new
frontiers for collaborative intelligence [9-13]. A 2020
report by the International Federation of Robotics indicates
approximately 2.7 million industrial robots are currently in
use worldwide, with McKinsey's 2022 Global Industrial
Robotics Survey projecting that automation systems will

account for 25% of capital expenditure across
industrialized countries over the next five years [14-19].
This paper presents the design and fabrication of a
6-degree-of-freedom robotic arm constructed from
extruded aluminum and controlled by hybrid servo motors
with a pulley-belt mechanism, which integrates image
processing for package recognition and artificial
intelligence to determine beverage can orientation. The
system uses dual cameras-one detecting can position and
orientation, the other identifying package types (box)
moving along the conveyor-to calculate precise timing for
picking the correct number of cans corresponding to each
package's compartment configuration.

2. Mechanical arm model
2.1. Model design

The 6-degree-of-freedom robotic arm was designed
with lightweight, tensile-resistant, and durable materials,
using aluminum profiles to ensure effective operation and
mobility in harsh environments. Structurally, it features a
flexible design adaptable to various applications. The base
includes two sections: the lower part secures the robot to
the ground, while the upper part connects to the motor and
links to Joint 1. This joint is attached to the base plate with
bolts and a rotational joint, allowing Axis 1 to rotate the
robot left and right, expanding the working range up to 180
degrees. Joint 2 moves the lower arm forward and
backward; Joint 3 extends the upper arm vertically; Joint 4
enables circular rotation for both horizontal and vertical
movements. Joint 5 tilts the wrist up and down, and Joint
6, serving as the wrist itself, provides twisting motion for
full rotational freedom.

Figure 1. Overall model of the robot arm in SolidWorks

The detailed design of each link and joint is carried out
methodically from top to bottom. The process begins by



ISSN 1859-1531 - THE UNIVERSITY OF DANANG - JOURNAL OF SCIENCE AND TECHNOLOGY, VOL. 23, NO. 9D, 2025 13

identifying the most critical position-usually when the arm
is fully extended horizontally-where bearing friction and
gravitational moments are highest. A force distribution
diagram is then drawn to calculate shaft moments. Motors
are selected based on required torque, speed, and arm
dimensions, with transmission ratios adjusted if necessary.
The belt type is chosen accordingly. Finally, the
components were modeled in SolidWorks, the belt length
was determined, and appropriate materials were assigned
to the objects in SolidWorks (for example, the robot arm
frame was assigned aluminum profiles, and the motors
were assigned materials to match their actual weights, etc.).
In this configuration, when links 2, 4, 5, 6 are fully
extended horizontally, the gravitational static moments on
the axes reach their maximum values.

a, dy de 150
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Link 3

d X Link 5
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Figure 2. Diagram of force acting on shaft

Link 1 includes all mechanical parts from axis Oo to O1,
and the same applies to links 2, 4, 5, and 6. Since the mass
of link 1 does not affect the gravitational loads on the other
links, it is not considered. Link 3 has very little mass and is
mostly supported by link 2, so it is combined with link 2
and P is set to O N.

Table 1. Mass and gravitational force values at each link

Component Mass (g) Gravitational Force (N)
Link 1 (mu) 6937.37 -
Link 2 (m2) 392447 38.46
Link 4 (m4) 3203.62 31.395
Link 5 (ms) 2756.80 27.017
Link 6 (ms) 1840.69 18.039
Object (m,) 1500 14.7

Table 2. Values of parameters a; and d;

Parameter Value

aj 52.25 mm

di 200 mm

a2 268 mm

as 35 mm

ds 326.4 mm

ds 140 mm

Based on the gravitational force values in Table 1, the
link lengths in Table 2, and the force distribution diagram
acting on the shafts shown in Figure 2, the static moments
caused by gravity on shafts Oi, Oz, O3, O4, Os, and at the
base are determined using the formula M = F*d [2] where
M is the static moment, F is the applied force, and d is the
moment arm (the distance from the center to the point of
force application). For the base link, the distance from the
center to the point of force application is 60 mm, which
corresponds to the radius of the base bearing.

Table 3. Static moment values acting on the shafts

Parameter Value
Mu 68.043 Nm
Mz 33.308 Nm
M 9.574 Nm
My 8.68 Nm
Mis 1.703 Nm

Mbase 11.856 Nm

Table 4. Motor, gearbox, pulley-belt transmission system
selection, and output torque values at corresponding shafis

Shaft Motor Model Torque Gear Belt Output
(Lichuan Co.) (Nm) Ratio Ratio Torque (Nm)
O:  LC57H2100 3 160:1 - 480
02 LC57H280 2.2 50:1 2:1 220
0Os LC57H265 1.5 10:1 - 15
Os LC57H265 1.5 10:1 3:1 45
Os LC57H265 1.5 - - 1.5
Base LC57H2100 3 18:1 3:1 162
2.2. Forward kinematics calculation
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Figure 3. Reference frame of the robot arm

Based on Figure 3 and the above analysis, the Denavit-
Hartenberg parameters of the robot can be determined as
shown in Table 5.

Table 5. Denavit-Hartenbergt (DH) table of robot arm

kinematics problem
Link 0i i aj di
1 0" 90° ai di
2 0" 0° a2 0
3 0% 90° a3 0
4 0% -90° 0 n
5 07s -90° 0 0
6 0% 0 0 ds

Convention: cosf, = C;, sinf; = §;,
C23 = COS(@Z + 93),523 = Sll’l(@z + 63).

We have the kinematic equations of the robot arm as
follows [3]:

Ny = — 615566523 - C154-S6CZ3 + C1C4-CSC6CZ3

+ 515,C5Cq + S1CuS¢ (D
ny = — 8515506523 — 515456C23 + S$1C4C5C6Co3
~C154C5Cs — C1C4Se @)
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Ny = S5C6Ca3 = S4S6523 + C4C5C4S23 (3)
0y = = (1854C6Co3 + (15556523 — C104C556C 3
— 5154CsS + 51C4C (4)
0y = = 8154C6C3 + 515556523 — 51C4C556C23
+ (154CsS6 — C1C,C6 (5)
07 = —S84C6S23 — S556Co3 — C4C556523(6)
ay = (1045563 + (105553 + 515,55 (7
ay = 510455023 + S1C5S23 — (15455 (3
a, = C4S55C53 + CsSy3 )
P = —dy(1S23 + deCiCsS23 + deCCuS5C53
+a3C.Cy3 + a,CC + §:5,S5dg + a,C;  (10)
P, = dyS81S33 + dgS1CsS53 + dgS1C4S5C53
+a35,Cy3 + a,5:S, — C15,5:dg + a5, (11)
= —dyCy3 — dlsCy3 + deCyS5523 + 3523
+a,S, + d; (12)

2.3. Inverse Kinematics

Inverse kinematics involves calculating joint angles
based on a known end-effector position. To solve this, the
end-effector's position and orientation must fall within the
robot's reachable workspace.

P, 1

Figure 4. Robot Geometry Diagram

To solve the inverse kinematics problem, we divide it
into two parts [3]:

- Part 1: Inverse Kinematics — Position: Given the
working point P and the orientation of the end-effector
(Matrix °Rg is a 3x3 rotation matrix that describes the
orientation of the coordinate frame attached to the end-
effector relative to the base frame), we can determine the
wrist center (point W) using the equation:

[VVx' W] [P P, BT = de. [131,732,733]" (13)
In which:

The elements 134, 13,, and 733 are the third row of
matrix “Rg — typically corresponding to the z-vector of the
end-effector.

P is the final end-effector position: P = [Py, P, B
dg is the length from the wrist to the end-effector.

T
W, W]

This transforms the problem into an inverse kinematics

W is wrist point position: W = [Wx,

problem for a 3-DOF robot arm, where the last three joint
angles are neglected, allowing us to compute 6,, 0,, 85.

- Part 2: Inverse Kinematics — Direction: From the
orientation matrix of the last link °R, and the values 0,
0,, 05 found in Part 1, we can find the matrix °R5. Next,
we have a generalized matrix 3Rg4. Using the two matrices
ORg, PR3, and the generalized matrix 3R, we can calculate
and determine the values of 0,, 65, 685. The Spherical
Wrist is a common mechanism in 6-DOF industrial robots,
consisting of three revolute joints — Yaw (84), Pitch (0s),
and Roll (8s) — with their axes intersecting at a single point
known as the spherical center.

We have

'R =°R; X3R4
[C4C5C6 — S4Se
S,CsCq + CuSq

= 55C¢
(R3)™" x "R
(€G3 $1C33
= S -G
1C1 523 51523

3R6 = _S4C556 + C4C6 5455

— C4CsSe — S54Cs C4ssl
S556 Cs
[711 T12
=|(T21 T22 T23

3R6 —

S 2 3 Ox Oy
y 0y ay
- OZ aZ
731 132 T33

After calculation, we obtain the 6 joint angles of the
robot, which are summarized as follows:

0, = atan2 (W, W’, W, 0) = atan2(W,, Wy)

0, = atan2 (WZ —d, /WXZ + Wy2 — a1> —

atan2(y/1 — cos? @, cos @)

Or 6, = atan2 (WZ —d, /WXZ + Wy2 — a1> -
atan2(—+/1 — cos? @, cos @) (16)
05 = atanZ(w/ 1 — cos? vy, cos y) + atan2(d,, a3) (17)

Oro; = atanZ(—,/ 1 — cos?y, cos y) +

(14)

(15)

atan2(d,, as) (18)
0, = atan2(r,3, I'y3) (19)
0 = atan2(m. Is3) (20)
Or 05 = atan2(—+/1 — r332,133) (21)
0 = atan2(rs,,— r'sq) (22)

3. Control System Design

The system uses a 220V supply, converted by a
switching power supply to 24 VDC at 40 A to power the
system. An LM2596 buck converter then steps this down to
5VDC for the control board. The STM32F407VET6
microcontroller manages the robot’s operation by
communicating with the driver controllers and receiving
signals from proximity sensors to determine the home
position. These sensors are connected through an isolation
circuit to ensure electrical separation and protect the control
circuitry. A cooling fan is installed for heat diss dissipation.
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Figure 5. Diagram showing the components of
the control system

4. Completed system model

The robotic arm is designed with the following
technical specifications: it operates on a standard input
voltage of 220V and has a total power consumption of
720W. The arm features an effective workspace radius of
approximately 802.9 mm, allowing it to reach and
manipulate objects within a broad operational range. It
offers high object detection accuracy at around 99%,
ensuring reliable recognition of items during operation.
Additionally, the robotic arm is capable of lifting objects
with a maximum load capacity of about 2 kilograms,
making it suitable for handling lightweight components in
industrial and automation environments.

Table 6. Detailed specification of the joints of the robot arm

Joint Angle limit Maximum speed Torque
(Degrees) (Degrees/second) (Nm)
04 — 180 +~ 180 111 162
o0, —20+180 37.5 480
03 —105+90 60 220
0, — 180 + 180 600 30
05 — 180 +~ 180 200 90
O — 180 + 180 6000 1.25

Electrical system is shown in Figure 6.

24VDC — 40A power supply

Control board I
! » %

] ‘-——;l\r

Comxol bridge

/ Motor driver Cooling fan

Figure 6. Electrical cabinet system

Overall model of the system is shown in Figure 7.

——
Electrical
cabinet

v
6-degree-of-
freedom robot

Figure 7. Overall model of the actual system

Position error is the distance between the desired
position and the actual position of the arm:

This error is calculated as below:

(PXdesired - anctual)2
Error = [+ (PYgesired — PYactua)? (23)
+ (Pzdesired - 1:)2:.~1<:tu::11)2
Average error is calculated as
Average error = - Y[, Error; (24)

where n is the number of trials

The arm moves to the target position and records its actual
position; the position error is computed using Equation (23)
over multiple trials to build a dataset, and the mean error
across all trials is then calculated via Equation (24):

- The average position error of the robot arm during
movement: 0.85036 mm (The error is within the initially
set range).

- The average position error when determining the
position with the camera: 1.37 mm.

5. Image processing
5.1. Calculation formulas
5.1.1. Centroid formula

The centroid is calculated based on the average
coordinates of all the pixels belonging to the object. The
formula to determine the centroid is as follow:

centroid,, = %Z}Ll X; (25)

centroid,, = %Z?ﬂyi (26)

Where: n is the number of pixels belonging to the object,
and xx, yx are the coordinates of each pixel.
5.1.2. Size calculation formula

Determine the length and width of the object by
computing the coordinated distance between the object’s
pixels.

Length = /(X1 — X2)2 + (Y1 — Y2)?

5.1.3. Accuracy determination formula

27

Convention: Overall accuracy means the average
accuracy of the three types of boxes. Values are calculated
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by multiplying by 10 and dividing by 12.5 to convert from
camera measurements (pixels) to actual size (mm).

Determine centroid accuracy — X,Ycentroiaa 1S the
centroid calculated after determining the 4 points of the
bounding box, while X, Y¢eniroia 1S the centroid determined
using formulas (25) and (26). Formula (28) is calculated in
millimeters, whereas formulas (29), (30), and (31) are
calculated as percentages.

\/(XCentroid 4_XCentroid)z+ (Ycentroid 4~ YCentroid)z*lo
12,5
Centroid error

)*100%
10

(28)

error =

Centroid accuracy = (1— (29)

Average centroid accuracy :% ™, Centroid accuracy;
(n is the number of trials) (30)
Overall centroid accuracy =

% K , Average centroid accuracy; 31
Determine size accuracy, length is the dimension
determined by the camera. Formula (32) and (33) are
calculated in millimeters, whereas formulas (34), (35),
(37), and (38) are calculated as percentages. [5, 6, 7]
Length*10
12,5

Length error = | — Actual length| (32)

77mm (If it is a single — compartment box)
Actual length ={ 152mm (If it is a two — compartment box)
227mm (If it is a three — compartment box)

Width*10

Width error = |T — Actual width| (33)

76mm (If it is a single — compartment box)
Actual width ={ 76mm (If it is a two — compartment box)
81mm (Ifitis a three — compartment box)

Length error

= — k 0,

Length accuracy = [1 pv— length] 100% (34)
Width accuracy = [1 — —ot 011 005, (35)
Actual width
Size accuracy = Length accuracy*Width accuracy  (36)
Average size accuracy = % ™, Size accuracy; (37

. 1 .
Overall size accuracy = ;2“:1 Average size accuracy; (38)

Determining box type recognition accuracy: If the
system correctly identifies the box type, the recognition
accuracy is 100%; otherwise, it is 0%. Formulas (39), and
(40) are calculated as percentages.

Average box accuracy = %Z{‘zl Box accuracy;  (39)

Overall box accuracy =

i K , Average box accuracy;(40)

Average center accuracy is denoted as ACA, average

size accuracy as ASA, and average box type recognition
accuracy as ABTRA

Accuracy; = ACAi*ASAi*ABTRA;

1
Overall accuracy = EZ};l Accuracy;

(41)
(42)
5.2. Experimental results

In image processing, the accuracy of the box’s center,
size, and type is evaluated for 1-, 2-, and 3-compartment
boxes, and then overall averages are calculated.

- Center accuracy is computed using Equations (30)

and (31) by comparing the detected centroid with the
ground truth.

- Size accuracy follows Equations(37) and (38),
comparing measured dimensions to actual dimensions.

- Type accuracy uses Equations (39) and (40) to evaluate
correct classification of 1-, 2-, and 3-compartment boxes.

- Overall accuracy (Equations 41 and 42) is the average
of the three metrics above, reflecting the system’s overall
performance for each box type.

Table 7. Box Detection Accuracy

Box Type Center Size Type Overall
Accuracy Accuracy Accuracy Accuracy

I-compartment  96.35% 94.45% 100% 91.00%

2-compartment  97.81% 93.22% 100% 91.18%

3-compartment  98.03% 92.69% 100% 90.87%

Average 97.40% 93.45% 100% 91.02%

Overall accuracy exceeds 90%, with 2-compartment
boxes highest at 91.18%, then 1-compartment at 91.00%
and 3-compartment at 90.87%, demonstrating excellent
image processing performance.

6. Simulation of the robot arm's trajectory when
picking up a can from a fixed position

The robotic arm operates as follows. From the initial
position, it moves to the can pickup point, grips and lifts
the can. Next, it travels straight up above the drop-off
location, lowers down beside the box to release the can,
then lifts up and returns to the pickup point (if more cans
remain). Once all cans have been dropped, the arm stops at
the final drop-off position.

Actual pick-up times were 11.6 s for one can, 26.0 s for
two cans, and 40.4 s for three cans:

- -— Initial position

] - Moten
i

Lift-up position after

/ releasing the object

Figure 8. The motion trajectory of the arm to pick up cans in
3D space is simulated using MATLAB

7. Training an AI model using YOLO

The Al training process with YOLOvVS8s-obb [9] is as
follows:

- Step 1: Collect and label 2,600 images of cans in
various poses and lighting conditions.

- Step 2: Split the dataset into 80% for training and 20%
for validation. This ensures that there are enough image
examples to train and evaluate the performance of the
model.

- Step 3: Run the training command or script, adjusting
parameters like batch size, epochs, and input resolution.
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After training the YOLO model, we obtained the
accuracy in detecting the orientations of the cans as follows:

Table 8. Summary table of accuracy for each can orientation
and overall accuracy

Category Precision Recall mAP50 mAP50-95
Overall 99.5%  99.5% 99.4% 99.4%
Can Bottom 99.3% 100%  99.5% 99.5%
Upright Can 99.4%  99.7% 99.5% 99.3%
Upside-Down Can  99.4%  99.0% 99.3% 99.2%
Can Lid 99.9%  99.5% 99.5% 99.5%
train/box_loss train/cls_lass train/dfi_loss metrics/precision(B) metrics/recall(B)
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Figure 9. Training and Validation Metrics over Epochs

The YOLO model excels in detecting can orientations,
achieving 99.5% Precision and Recall, with 99.4% for both
mAP@50 and mAP@50-95. Can lids show the highest
precision (99.9%) and can bottoms have perfect recall
(100%). Upright and upside-down cans maintain high
accuracy (99.0%99.4%), confirming the model's robustness
for high-precision detection in complex scenarios.

8. Conclusion

The study successfully developed a modular 6-DOF
robotic arm that flexibly meets design specifications and,
via image processing, accurately detects cargo box centers,
sizes, and types as well as can orientations. Position errors
between camera detection and arm movement remained
low, satisfying initial requirements.
= - 4 LA

aasaV

Figure 10. The robotic arm performance at
the "50th Anniversary Da Nang - Development and Integration”
exhibition, 2025

Experimental results demonstrate system feasibility
despite limitations in detection accuracy under varying
lighting, pick-up speed, and control flexibility. Future
work will expand the training dataset, optimize motion
planning for faster picking, and integrate advanced control
algorithms for smoother, more precise operation.
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