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Abstract

Conventional industrial manipulators are often costly and come with steep learning curves,
which limits their scalability in hands-on robotics education. This paper presents a compact
and modular vision-guided sorting platform based on a 4-DOF SCARA robot, designed for
rapid assembly, reconfiguration, and beginner-friendly deployment in laboratory courses.
A collaborative visual perception strategy is proposed, which introduces a lightweight
YOLOVS algorithm for robust material category recognition, while HSV-based color seg-
mentation and Hough circle localization are utilized to extract sub-pixel centroid features.
The pixel measurements are mapped to the robot base frame through an integrated nine-
point hand-eye calibration model, and joint commands are generated via a joint-space
quintic polynomial interpolation algorithm to ensure continuity and avoid kinematic sin-
gularities. The overall system adopts a hierarchical architecture in which the vision host
communicates target commands to a motion controller via TCP/IP, while joint actuators
are driven through a CAN bus. Feasibility is first verified in a Webots digital prototype
with synchronized conveyor and manipulator control, and is then validated on a physical
platform equipped with a compliant TPU-based soft gripper to improve grasp tolerance
under localization noise. Experiments demonstrate that the system achieves an average
recognition accuracy of 98.1% and a mean positioning error of 0.189 mm. The proposed
platform provides an extensible testbed for teaching kinematics, perception-to-control
integration, and modular robotic system development.

Keywords: SCARA manipulator; kinematic analysis; visual recognition; simulation analysis

1. Introduction

With the profound advancement of Industry 4.0 and intelligent manufacturing, indus-
trial robots have become the core execution units of flexible production lines. In lightweight
logistics and automated sorting scenarios, SCARA manipulators are widely applied in
precision operations such as electronic assembly and pharmaceutical packaging due to
their high speed and precision in the horizontal plane, as well as high rigidity in the vertical
direction [1-3]. Given the significant role of SCARA manipulators in modern industry,
constructing a robotic visual sorting experimental platform that closely resembles actual
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working conditions and features highly “white-box” control capabilities holds great educa-
tional and engineering value for cultivating students’ full-chain system integration abilities
in “perception—-decision—control” [4].

However, achieving highly robust vision-guided grasping still faces numerous tech-
nical challenges. At the visual perception level, traditional localization algorithms often
rely on color space features (e.g., HSV) for object segmentation [5-7]; however, their recog-
nition rates are highly susceptible to fluctuations under drastic illumination changes or
environmental noise interference. In recent years, deep learning-based object detection
algorithms (such as the YOLO series) have demonstrated significant advantages in material
category determination and angle estimation, providing strong support for robotic grasping
in complex backgrounds [8].

In the coupling phase of perception and execution, hand-eye calibration is the core key
to ensuring system precision [9]. How to achieve high-precision alignment between the im-
age pixel coordinate system and the manipulator base coordinate system by constructing a
rigorous homogeneous transformation mapping model has always been a research hotspot
in the robotics field. Addressing the classical hand—eye calibration problem, researchers
have proposed various solving algorithms based on iterative optimization and reprojec-
tion error minimization derived from the AX = XB model [10-12]. Recently, calibration
technology has been evolving towards global optimality and cross-modal fusion. For
instance, calibration robustness in complex workstations has been enhanced through dual
Kronecker products [13], symbolic solution optimization [14], and graph theory-based cali-
bration architectures [15]. Meanwhile, methods integrating 3D vision sensors [16-18], point
cloud registration techniques [19], and physical modeling of high-precision calibration
spheres [20] have further reduced calibration residuals. For specific industrial scenarios,
strategies utilizing generative adversarial networks (GANSs) [21], neural network optimiza-
tion [22], and the combination of homography matrices [23] or TCP-assisted calibration [24]
have greatly improved calibration flexibility. Furthermore, research on hand—eye consis-
tency in digital twin environments [25] and calibration compensation based on recognition
feedback in special operations like live-line work [26] have provided diverse pathways for
the engineering application of vision systems [27-29].

At the physical execution level, the motion stability of the manipulator relies heavily
on precise kinematic modeling and trajectory planning [30,31]. To resolve the motion
step problem of the end-effector during dynamic sorting processes, joint-space kinematic
analysis and trajectory smoothing algorithms are crucial [32]. The introduction of quintic
polynomial interpolation, path searching based on improved RRT algorithms [33], and
intelligent optimization algorithms such as SA-IPSO [34] can effectively guarantee the
smoothness of the manipulator during high-speed operations.

To address the common issues of closed commercial controllers and insufficient de-
coupling between visual perception and motion control in current educational experi-
mental platforms, this study designs and implements a cost-effective, modular SCARA
manipulator visual sorting experimental platform. The main contributions of this work
are as follows: Firstly, by integrating a lightweight YOLO recognition operator with a
high-precision hand—eye calibration model, a collaborative perception mode of “category
recognition and spatial localization” is constructed. Secondly, a joint-space quintic polyno-
mial interpolation algorithm is introduced to achieve smooth grasping trajectories while
avoiding kinematic singularities. Finally, a digital twin verification system is built using the
Webots physics engine, and a TPU compliant adaptive gripper is employed to effectively
absorb perception noise at the hardware level, significantly improving the sorting success
rate in non-ideal environments.
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2. Overall System Design

The proposed vision-based sorting experimental platform comprises a base plate, a
conveyor-belt module, a SCARA manipulator, a compliant gripper, material bins, a depth
camera, and the objects to be sorted (Figure 1). The base plate serves as the primary mount-
ing datum of the system. It is bolted to a leadscrew lift stage and the depth-camera bracket,
providing rigid and stable support for all functional modules. The SCARA manipulator
adopts a four-degree-of-freedom configuration, consisting of three revolute modules and
one prismatic (linear) module. The linear axis is implemented using a dual-axis ball-screw
linear slide, while the three revolute modules are connected to the upper and forearm links
via detachable bolted joints, enabling rapid assembly and reconfiguration. A detachable
rotary joint between the two-arm links is realized through a dedicated rotation module. A
compliant end-effector is mounted at the manipulator wrist through a rotary module. The
gripper integrates a flange plate, a stepper motor and driver, a linkage transmission mecha-
nism, and three flexible fingers arranged in an equilateral-triangle layout. The fingers are
fabricated from TPU using 3D printing to provide self-adaptive soft grasping. To enhance
grasp stability, the contact surfaces incorporate anti-slip textures (e.g., wavy or honeycomb
patterns). The depth camera is fixed above the workspace via a bracket to acquire object
images in real time. During operation, the conveyor transports incoming objects, and the
material bins are used to store sorted items by category.

Depth camera

———Camera mount

_~—SCARA robotic arm module

. . Baseplate
Flexible gripper—_

Material

Conveyor belt module

Material box——3

Figure 1. Three-dimensional model of the vision-based sorting platform.

The platform adopts a hierarchical control architecture consisting of a vision host
(upper computer) and a motion-control unit (lower computer). The vision host integrates a
depth camera with a terminal device and performs object recognition and sorting decision-
making using image-processing algorithms. The extracted target pose information is
transmitted to the lower computer via the CAN communication protocol. Based on these
commands, the lower computer coordinates the servo drives, the leadscrew lift stage, the
SCARA manipulator, and the compliant gripper to execute synchronized motions, thereby
forming an integrated logistics sorting solution that combines visual perception, command
communication, and motion execution.

3. Kinematic Analysis of the Manipulator
3.1. Establishment of the Homogeneous Coordinate Frames

The kinematic model is formulated using the Standard Denavit-Hartenberg (SD-H)
convention. The base of the manipulator is defined as the reference frame {0}. For each
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link, a local coordinate frame {i}(i = 1,2,...,n) is rigidly attached to the distal end of link
i, i.e., on the side adjacent to joint i + 1. The Z;-axis is aligned with the motion axis of joint
i. The Xj-axis is chosen along the common normal between the axes of joints i and i + 1,
pointing toward joint i 4+ 1. The Yj-axis is then determined by the right-hand rule, satisfying
X; X Y; = Z;. The resulting coordinate-frame assignment for the SCARA manipulator is
illustrated in Figure 2.

as=120 0.
N
0,
N
’\*u: i } L=J
—
e =
%

5|17

Figure 2. Assignment of homogeneous coordinate frames for the manipulator.

The SD-H parameters of the SCARA manipulator are summarized in Table 1. 6;
denotes the rotation about the Z;-axis that aligns X;_1 with X;, with the positive direction
defined by the right-hand rule. d; represents the translation along the Z;-axis from frame
{i — 1} to {i}, taken as positive along +Z;. a; is the rotation about the X;-axis that aligns
Z;_1 with Z;, positive in the +X; direction. a; denotes the translation along the X;-axis from
Z;_1 to Z;, taken as positive along +X;.

Table 1. SD-H parameters of the manipulator.

; Joint Angle Joint Offset Link Twist Link Joint
0; d; o; Length a; Variable

1 0 aq 7T d] d1

2 92 az 7T 0 92

3 93 as s 0 93

4 94 0 7T d4 94

The geometric parameters of the manipulator listed in Table 1 are strictly derived
based on the requirements of desktop-level sorting education. The link length parameter
a1 = 45mm provides a forward offset for the base. The equal-length design of the upper
arm (a, = 120mm) and the forearm (a3 = 120mm) is intended to maximize the dexterous
workspace area in the horizontal plane, ensuring that the robotic arm can fully cover both
the conveyor picking zone and the material box placement area on the base plate. Addition-
ally, the maximum stroke of the lead screw module corresponding to the joint translation
dy is set to 300 mm, which provides sufficient vertical clearance for the downward grasping
and upward obstacle avoidance of the compliant gripper.
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3.2. Forward Kinematics of the Manipulator

To determine the pose of the end-effector, forward kinematics is derived by mapping
the known actuated joint variables to the Cartesian position and orientation of the tool
frame [30,32]. According to the coordinate transformation rules between adjacent links,
the relationship between two consecutive link frames can be expressed by a homogeneous
transformation matrix:

’AfliT = Rot(z,0;) x Trans(0,0,a;) x Trans(d;,0,0) x Rot(x,a;) =

cosf; —sinb;cosw; sinb;sing;  a;cosb;

sinf; cosf;cosa; —cosB;sinw; a;sinb; (1)
0 sin a; CoS i; d;
0 0 0 1

Substituting the SCARA manipulator’s SD-H parameters into Equation (1) yields the
homogeneous transformation matrices between four consecutive joint frames:

1 0 0 m cosfp sinb, 0 apcosby

07— 0O -1 0 O 17— sinf, —cosf 0 apsiné,
1 0 0 -1 dq |? 0 0 -1 0
0o 0 0 1 0 0 0 1

cosflz3  sinfj 0 azcosfs cosfy sinfy 0 0 2)

sinf3 —cosf3 0 a3sinf; sinfy —cosfy 0 O
0 0 -1 0 0 0 -1 dy
§T= 0 0 0 1 2T= 0 0 0 1

By successively multiplying the adjacent-link transformation matrices in Equation (2),
the overall forward kinematics from the base frame to the end-effector frame can be

obtained as
Ny Ox Adx Px

0 0pl23 ny Oy ay Py

T=5T>T5T;T= 3)
4 1727374 ny 0z az pz
0O 0 0 1

In Equation (3), [nyoxax], [nyoyay], and [n;0:a.] are the components of the end-
effector’s three orthonormal axis unit vectors projected onto the x-, y-, and z-axes of the
base frame, respectively. The vector [pypyp:]T denotes the translation of the end-effector
with respect to the base frame.

Ny = COS(GQ — 93 - 94)
ny = — SiI‘l(Gz — 93 - 94)
ny, =0
Ox = Sil’l(92 — 93 — 94)
oy = COS(92 — 93 — 94)

0, =0
4 =0 (4)
ay =0
a, =1
px = a1 + ap cos 0 + az cos(6, — 63)
py = —a2 sin 92 — a3 Sil‘l(92 — 93)
pz=dy —dy

From Equation (4), the end-effector position components py, py, and p, can be com-
puted accordingly.
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3.3. Inverse Kinematics Analysis

The objective of inverse kinematics is to determine the joint variables of all actuated
axes for a prescribed target pose, such that the end-effector reaches the desired position
and orientation [30].

From Equation (4), the vertical displacement satisfies p, = di — dy, yielding

di = pz + dy 5)

Let the in-plane orientation be defined as ¢ = 6, — 83 — 8,4. The end-effector rotation
matrix can then be written as

Ny Oy Ay cos¢ sing 0
ny oy ay| = |[—sing cos¢p O (6)
nz; 0z dz 0 0 1

Accordingly, the following relations are obtained:

¢ = arctan2(oy, ny)
px = a1 + ay cos B + az cos(6, — 03)

py = —azsinfy — azsin(6, — 63) (7)
(px —m)? + pj — a3 — a3
cosb; =
2&2&3

Therefore, 63 can be obtained directly from the geometric constraint as

(px — a1)* + p? — a3 — a3
20203

03 = arccos( 8)

Define C = a3 cos 03 + a3, D = a3 sin 63, then the planar translation equations can be
rearranged into a linear system with respect to the auxiliary angle 1:

Ccostp — Dsinyp = py —
o i 9)
—Csinyp — Dcosyp = py
Solving Equation (9) yields
. _D(Px_“l)_cf’y C(Px_“l)_DPy
siny = Do ,Co8 Y = L D? (10)
and thus D( e D
_ —P(Px—a) —Lpy L(Px—a1) — Dpy
Y= arctanZ( D2 , L2 > (11)
Accordingly, the second joint angle is computed as
th=9¢+63 (12)
Finally, using ¢ = 6, — 63 — 04 the wrist angle is obtained by
04 = 0, — 63 — arctan2(oy, 11y) (13)

In summary, given the target position (px, py, pz) and the in-plane orientation ¢, the
joint variables 6, 63, and 64 can be determined explicitly (with 63 admitting the usual
multiple-configuration solutions due to the arccos(-) operation).

3.4. Workspace and Singularity Analysis

The workspace and singularity analysis of the manipulator is a critical step in verifying
the rationality of its configuration for practical sorting tasks. Based on the mechanical
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structure and anti-collision limit design of the physical prototype, the angular range of the
large-arm rotation joint (Joint 2) is set to [—120°,120°], the angular range of the small-arm
rotation joint (Joint 3) is set to [—120°,120°], and the effective stroke of the Z-axis linear lift
module (Joint 1) is 300 mm. Combined with the forward kinematics equations, the effective
workspace of the manipulator is a symmetric fan-shaped cylindrical cross-section area
stretched by 300 mm along the Z-axis. Considering the maximum arm span of 240 mm, this
workspace capacity fully covers the dynamic conveyor belt area and the material sorting
boxes on both sides as configured in this experiment. The absence of sorting blind spots
ensures the feasibility of tasks from the perspective of kinematic boundaries.
Furthermore, analyzing the Jacobian matrix is key to avoiding kinematic control
instability. Since the Z-axis translation and end-effector orientation rotation are decoupled
in this SCARA configuration, the core singularities of the system depend on the two-link
mechanism (large arm and small arm) in the horizontal plane. The determinant of the
Jacobian matrix $J$ corresponding to the planar motion can be derived as follows:

det(J) = apas sin(63) (14)

According to the definition of a singularity, when det(]) = 0 (i.e., 63 = 0), the large
arm and small arm are in a fully extended collinear state. At this point, the manipulator
loses one degree of freedom in the radial direction of the end-effector and falls into a
boundary singularity state. Utilizing Cartesian space planning for the inverse solution in
this state would result in joint angular velocities tending toward infinity. To resolve this
theoretical hazard, this experimental platform adopts a dual avoidance strategy at the con-
trol level: first, in the workbench layout, the high-frequency picking zone (conveyor) and
the placement zone (material boxes) are positioned at the lateral front of the manipulator,
ensuring that the primary operational trajectories remain within high-dexterity regions;
second, in the lower-level motion control, the system employs a “Joint Space Interpolation”
algorithm to generate trajectories, performing smooth transitions directly on target joint
angles. This fundamentally avoids the motor speed surges that may occur when Cartesian
space linear interpolation crosses singularities, thereby ensuring the safety and stability of
the experimental teaching process.

4. Digital Twin Simulation and Kinematic Verification Based on Webots

A simulation of the experimental platform was developed in Webots, and the con-
structed virtual environment is shown in Figure 3. The scene was organized using Webots’
hierarchical scene-tree structure. The main components include a 4-DOF SCARA manipu-
lator, an end-effector gripper, a conveyor belt, a depth camera with a mounting bracket,
and the target objects/material blocks. Each module is assigned a unique DEF identifier,

facilitating programmatic access as well as state monitoring and control during simulation.

4.1. Virtual-Real Equivalent Modeling and System Initialization

In the Webots simulation environment, the manipulator model is not a simple geo-
metric mapping; it is a physical reconstruction based on the SD-H geometric parameters
shown in Table 1 and the dynamic properties of the actual links. Each execution node is
structurally defined through the scene tree, with core drive units precisely mapped to the
control program via unique DEF identifiers. At the control interface level, the simulation
system incorporates the same CAN 2.0B bus communication protocol logic as the physical
prototype, enabling independent decoupled control of the four virtual joint motors by
assigning IDs 0 x 10 to 0 x 13. Zero-position calibration tests demonstrate that the joint
positioning deviation between the virtual model and the physical entity is less than 0.5°,
establishing an accurate baseline for subsequent virtual-real collaborative experiments.
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> @ Worldinfo
> @ Viewpoint

> @ TexturedBackground

> @ TexturedBackgroundLight
> @ RectangleArena "rectangle arena*

> @ DEF box1 Solid
> @ DEF box2 Solid
> @ DEF box3 Solid

> @ FourDofScaraRobot1 "FourDofScar|

> @ DEF Box Solid
>
> @ Pose

Selection: Robot

Node = Position

DEF:

Console - All

Mass.

Oy

0:00:40:976

_arm_controller\robot_arm_c py O ®

-0 WD » O E < @ | De B0

robot_arm_controllerpy ©

1 from robodyno. interfaces import Webots
2 from robodyno. components import Motor, SliderModul
3 from robodyno. robots. four_dof_scara_robot import F
4uebots = Wiebots()

5

6 class MyScara(FourDoFScara):

7 def _init_ (self):

8 M1 = Motor(webots, 0x10)

9 M2 = Motor(webots, @x11)

10 M3 = Motor(webots, 0x12)

1 M4 = Motor (webots, @x13)

12 super()._init_ (M1, M2, M3, M4, .24, 0.¢
13 0.045)

14

15arm = MyScara()
16 arm.enable()

17 print (arm.get_joints_poses())
18 arm. init()

21 c1 = webots. robot . getDevice("c1")
22 c2 = webots. robot . getDevice("c2")
S 233 = webots. robot. getDevice("c3")

27
28 def PickOpen():

29 cl.setPosition(0.5)

30 c2.setPosition(-0.5)
31 c3.setPosition(0.5)

32 def PickClose():

33 degree =-0.1

34 cl.setPosition(-degree)

Figure 3. Webots-based simulation environment of the manipulator system.

4.2. Joint-Space Trajectory Planning and Smoothness Verification

To satisfy the frequent start-stop requirements during the sorting process, this study
adopts a joint-space quintic polynomial interpolation algorithm to avoid potential joint
velocity jumps when the manipulator crosses collinear singularity points in the workspace.
During simulation, the controller constructs time-dependent polynomials in the joint space
that satisfy displacement, velocity, and acceleration boundary constraints based on the
target joint vectors derived from inverse kinematics.

The recorded kinematic response curves indicate that during high-speed transfer cy-
cles, the motion trajectories of each joint exhibit high degrees of smoothness and continuity
at the end-effector. The acceleration curves are devoid of step changes, strictly fulfilling C?
continuity requirements. Unlike conventional trapezoidal velocity planning (which only
achieves C! continuity and introduces infinite jerk at phase transitions due to acceleration
step changes), the second derivative of the quintic polynomial yields a continuous cubic
function for acceleration, preventing any discrete jumps. From a physical perspective,
this C? continuity ensures a bounded jerk (the rate of change in acceleration), which is
crucial for minimizing mechanical shocks, suppressing system vibrations, and protecting
the joint motors during high-speed pick-and-place operations. These simulation results
theoretically validate the control algorithm’s effectiveness in suppressing mechanical vi-
brations and avoiding dynamic surges, ensuring the operational stability and safety of the
physical system.

4.3. Comparison Between Simulation and Physical Experiments

To validate the fidelity of the digital twin, a preliminary comparative analysis between
the Webots simulation and the physical platform was conducted. The zero-position cali-
bration tests demonstrated that the joint positioning deviation between the virtual model
and the physical entity is strictly maintained below 0.5°. Furthermore, when tracking
identical target points, the simulation model yielded an ideal average positioning error
of 0.142 mm, whereas the physical platform achieved a mean error of 0.189 mm (with a
standard deviation of 0.028 mm). This sub-millimeter discrepancy is primarily attributed to
physical assembly clearances and inherent visual localization noise. These highly consistent
metrics confirm the equivalence of the dynamic parameters, proving that the simulation
serves as a reliable bridge for algorithm pre-testing.
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reen 0.96

5. Software Function Design and Control Algorithms
5.1. Collaborative Visual Perception

The system implements a collaborative perception strategy that decouples object
localization from category recognition. First, an “Eye-to-Hand” configuration is calibrated
using the Zhang Zhengyou method for intrinsic parameters, followed by a nine-point
calibration model to derive the affine transformation matrix between the pixel plane and
the robot base frame. This ensures that object coordinates can be accurately mapped into
the physical workspace in real-time.

To enhance robustness under varying lighting, material color is filtered in the HSV
space, and sub-pixel centroid coordinates are extracted via the Hough Circle Transform (as
shown in Figure 4). Simultaneously, a lightweight YOLOvV8 model is integrated exclusively
for material type identification (as shown in Figure 5), rather than coordinate regression.
This approach leverages the high classification accuracy of deep learning while maintaining
the sub-millimeter localization precision of geometric algorithms, effectively overcoming
the instability of end-to-end neural networks in precision tasks.

orange 0.96

(@) (b)

Figure 4. Block recognition results: (a) Color recognition: (b) Center localization via Hough circle detection.

blue[1] 0.98

Figure 5. Material category recognition based on the YOLO algorithm.

5.2. Distributed Control and Trajectory Planning

The execution layer adopts a distributed control architecture via the CAN 2.0B bus
with a 10 ms sampling period. To ensure motion stability, all joints are operated in a position-
closed-loop mode with software-defined safety limits. A joint-space quintic polynomial
interpolation algorithm is employed to generate trajectories by constraining the displace-
ment, velocity, and acceleration at both start and end points to zero. This mathematical
constraint ensures that the entire motion profile remains smooth and continuous, effectively
mitigating the risk of kinematic singularities inherent in Cartesian linear interpolation.
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5.3. System Workflow

The “Perception—-Decision-Execution” workflow is structured into four decoupled

layers, as illustrated in Figure 6. The process begins with feature extraction and coordinate

mapping, followed by inverse kinematics calculation. Smooth trajectories are then gen-

erated via joint-space interpolation and dispatched as high-frequency commands to the

physical SCARA manipulator and the compliant TPU gripper.

Hand-Eye Calibration & Initialization

Image Acquisition

Layer 1: Calibration|& Visual Perception

Feature Extraction: HSV / Hough / YOLO Object Detection

Extract Object Coordinates & Attributes

[ Inverse Kinematics Solver }

Layer 2: Decision}& Communication

Calculate Target Joint Angles

Joint-Space Quintic Polynomial Interpolation

Layer 3: Motion|Control Layer

Position & Velocity Closed-Loop Control

Layer 4: Physical Execution Layer

|
|
: 4-DOF SCARA Manipulator
|
|

TPU Compliant Adaptive Gripper

Figure 6. “Perception—Control-Execution” collaborative workflow of the SCARA-based visual

sorting platform.
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6. Experiments and Analysis

The physical experimental platform is shown in Figure 7. Building upon the fixed-
point grasping validated in simulation, the real-world system integrates the vision percep-
tion module to identify the object’s color category and to estimate the real-time coordinates
of its circular centroid. The extracted information is transmitted to the host terminal for
processing and then forwarded to the manipulator controller, where it is converted into
joint-level motion commands (i.e., motor rotation angles) via inverse kinematics. This
pipeline enables vision-guided sorting with the proposed modular manipulator platform.

Figure 7. Modular vision-based sorting teaching platform.

The entire platform is controlled by a host terminal. During operation, objects with
different shapes and colors are placed on the conveyor and transported into the effective
sensing region of the depth camera. The camera captures the object’s color category and
the real-time centroid coordinates and transmits these data to the terminal controller. Based
on the centroid position, the controller performs kinematic computation to convert the
target Cartesian coordinates into joint-level commands, enabling dynamic coordination
between the end-effector and the moving object in the X-Y plane. Meanwhile, a leadscrew
lift stage drives the compliant gripper to descend along the Z-axis. During descent, the
terminal commands the stepper motor to open the gripper. Once the end-effector reaches
the predefined grasping zone, the fingers close to achieve a stable grasp, after which the
gripper is lifted back to a safe height. The terminal then selects the corresponding place-
ment location according to the recognized color category. The target placement coordinates
are transformed into joint angles via kinematic computation, and the manipulator trans-
ports the grasped object to a position directly above the designated bin. The gripper is
subsequently opened to release the object into the bin, completing one sorting cycle. Finally,
the manipulator returns to its initial standby pose in preparation for the next cycle.

The layout of the experimental scene is shown in Figure 7. The vision module is
installed directly above and parallel to the conveyor belt. The conveyor belt module is
positioned at the edge of the robotic arm’s working radius and remains parallel to the
platform, while the material boxes are placed inside the robotic arm’s workspace. The
experimental materials consist of three colors: orange, green, and blue. Their structure
is a composite form created by joining two vertically symmetric truncated cones, with
characters such as “1, 2, 1A, 2B, A, B” marked on the surface to distinguish categories.
The experimental process is divided into three parts: first, 100 sets of performance experi-
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ments were conducted to evaluate the accuracy and timeliness of information transmission
during the interaction between the robotic arm and the vision module; second, 100 sets
of comparative experiments on recognition accuracy were performed for materials with
different colors and morphological features; and finally, 50 sets of accuracy verification
experiments were conducted to assess the motion precision of the robotic arm at various
spatial positions.

It is worth noting that, constrained by ambient illumination and camera resolution,
the centroid coordinates extracted via Hough circle detection occasionally exhibit minor
fluctuations, subsequently leading to theoretical deviations in the joint commands derived
from inverse kinematic calculations. However, at the physical execution layer, benefiting
from the physical compliance of the TPU soft gripper at the end-effector, the jaws can adap-
tively conform to the contours of the materials. This effectively absorbs and compensates
for the visual localization errors at the mechanical level, thereby ensuring the reliability of
the grasping process.

Based on the experimental protocol described above, this study performed a quan-
titative analysis of the system’s performance through multiple sets of physical tests. The
experiments primarily focused on evaluating the visual recognition speed, system commu-
nication efficiency, motor motion response and smoothness, as well as positioning accuracy.

6.1. System Communication

The system’s real-time communication efficiency was evaluated over 100 sorting
cycles (Figure 8). Under normal conditions, the data transmission time averaged 1.95 s
(ranging from 1.5 s to 2.3 s), ensuring rapid synchronization among visual perception,
inverse kinematics calculation, and multi-joint execution. Occasional time drops to zero
(e.g., at cycles 26, 46, 68, and 85) were caused by transient camera feature extraction failures,
resulting in an overall communication success rate of 96%. Minor latency fluctuations
due to wireless network variations remained within acceptable thresholds, confirming the
system’s long-term operational stability.

2.5

e

Data transmission time (s)

05

0
1357 9111315171921232527293133353739414345474951535557596163656769717375777981838587899193

number of experiments

Figure 8. Communication time between the camera and the manipulator via port 8801.

6.2. Visual Recognition Speed

The underlying core time consumption for a single-frame recognition remains stable at
approximately 11.4 ms. However, the overall perception cycles exhibit a gradient difference:
approximately 5.0 s for red materials (Figure 9), 4.5 s for blue (Figure 10), and 6.5 s for
green (Figure 11). This variance is logically sound, as the system is designed to accumulate
and average a buffer of 30 to 50 consecutive valid frames to guarantee sub-pixel centroid
stability before triggering the physical grasp. The differing geometric morphologies dictate
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different convergence speeds during this multi-frame filtering process, which accounts for
the extended total cycle time.

Material identification time (red) (s)
w

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

number of experiments

Figure 9. Recognition time for red materials.

w

gty T e 0

w =
[ I S

w

Material identification time (blue) (s)
o - N
[T O ¥ N SR

o

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

number of experiments

Figure 10. Recognition time for blue materials.

Material Identification time (green) (s)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 24 25 26 27 28 29 29 30 31 32
number of experiments

Figure 11. Recognition time for green materials.

Furthermore, it is essential to clarify the instances of missing data, such as Experi-
ment 26 for red materials, Experiment 15 for blue, and Experiments 6 and 23 for green.
These entries act as error flags in the system log; when transient frame drops or severe
specular reflections occur, the YOLO network fails to generate a valid bounding box. Con-
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sequently, the multi-frame filtering mechanism is safely aborted to trigger a system reset
and remeasurement, effectively preventing erroneous grasping.

As shown in Table 2, the experimental results demonstrate that the algorithm exhibits
excellent robustness under the illumination conditions of the educational platform, achiev-
ing an average accuracy of 98.1%. The underlying core time consumption for a single
recognition remains stable at approximately 11.4 ms.

Table 2. Recognition rates.

Feature Description Recognition Accuracy Average Inference Time Coordln.ate Calculation
(ms) Time (ms)

Red composite 98.6% 7.04 5.01
truncated-cone material

Blue composite 97.5% 6.57 456
truncated-cone material

Green composite 98.1% 6.42 455
truncated-cone material

Overall average 98.1% 6.68 471

The experiment observed gradient differences in the perception cycles for different
materials: approximately 4.5 s for blue materials, 5.0 s for red materials, and 6.5 s for
green materials. This variance originates from the different convergence speeds of various
material morphologies during the OpenCV multi-frame filtering and spatial coordinate
averaging processes, reflecting the sensitivity of the system’s perception algorithm to
distinguish geometric features of the targets.

The curves indicate that the recognition times for the three types of materials maintain
a high degree of consistency during continuous operations, with an extremely narrow
fluctuation range. This result validates the robustness of the system’s perception logic,
proving its effectiveness in resisting the impact of environmental noise, such as conveyor
belt vibrations, on recognition timeliness.

6.3. Motor Motion Response

To validate the motion smoothness and control accuracy of the actuators across dif-
ferent sorting stages, real-time velocity curves were captured for joint motors at various
manipulator positions. As illustrated in Figures 12-17, the motion characteristics are char-
acterized as follows: for long-stroke operations, the profiles follow a standard trapezoidal
velocity plan, with the motors accelerating steadily to a cruising speed of 2.0 rad /s over
approximately 2 s; the constant-velocity segment displays minimal fluctuation, highlighting
robust steady-state control. For short-stroke operations, the profiles switch to a symmet-
ric triangular distribution, where the motors transition smoothly into the deceleration
phase upon reaching the peak displacement. The overall envelopes of the curve sets are
continuous and smooth. Despite minor high-frequency ripples induced by closed-loop
system regulation, no significant overshoot or violent oscillation is observed, confirming
that the actuators maintain excellent dynamic response and motion stability under diverse
operating conditions.

6.3.1. Smooth Motion Characteristics of the Lead Screw Drive Motor

Observation of the curves in Figures 12 and 13 reveals an exceptionally high degree of
smoothness. These curves represent the horizontal lead screw drive motor in the system;
owing to the large mechanical reduction ratio and self-locking rigidity inherent in the lead
screw mechanism, its motion exhibits minimal interference from load fluctuations. The
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velocity profiles follow a standard trapezoidal plan, with virtually no perceptible oscillation
during the 2.0 rad/s cruise phase. This demonstrates that the lead screw drive module
provides a highly stable horizontal reference displacement for the manipulator, serving as
the fundamental cornerstone for ensuring the overall positioning accuracy of the system.

Motor 0x5 Velocity Motion Curve (3.14 turn)

2.0 9

1.5+

Velocity (rad/s)
-
o
L

0.5 1

0.0 —— Motor 0x5 Velocity

1] 2 4 6 8 10 12
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Figure 12. Velocity curve of the lead screw motor (forward).

Motor 0x5 Velocity Motion Curve (-3.14 turn)

0.0 4 - Motor 0x5 Velocity

—0.5 1
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Figure 13. Velocity curve of the lead screw motor (reverse).

Motor 0x5 Velocity Motion Curve (0.2 turn)
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Figure 14. Velocity curve of the motor near the lead screw (forward).
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Motor 0x2 Velocity Motion Curve (—0.4 turn)
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Figure 15. Velocity curve of the motor near the lead screw (reverse).
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Figure 16. Velocity curve of the joint motor (first).
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Figure 17. Velocity curve of the joint motor (second).

6.3.2. Dynamic Response of the Joint Motor near the Lead Screw

Figures 14 and 15 correspond to the upper arm joint motor located near the lead screw
base. This motor bears the gravitational torque of the entire robotic arm and its payload,
and its velocity curve exhibits a distinct triangular profile. Despite the significant load,
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the acceleration and deceleration phases of the motor demonstrate excellent linearity, with
precise control over the peak velocity. The minor high-frequency fluctuations observed in
the curves reflect the controller’s real-time PID closed-loop compensation to overcome the
inertia of the upper arm, thereby ensuring smooth motion at the proximal end.

6.3.3. Dynamic Response and Sensitivity of the Intermediate Joint Motor

The subsequent curves, as illustrated in Figures 16 and 17, correspond to the motor
at the intermediate joint of the manipulator. Compared to the base motor, its motion
characteristics exhibit distinct engineering behaviors; during the execution of adjustment
movements, the fluctuations in the curves appear slightly denser. This phenomenon
occurs because the intermediate joint is situated in the mid-to-posterior segment of the
kinematic chain, making it highly susceptible to the actions of the end-effector gripper
and the kinematic coupling effects from preceding joints. The motor at this location
demonstrates higher dynamic sensitivity, enabling it to respond rapidly to coordinate
correction commands issued by the vision system. Experimental results verify that through
rapid, small-amplitude adjustments, the intermediate joint effectively compensates for
residual errors following long-distance movements, serving as a critical factor in achieving
precise end-effector positioning.

6.4. Manipulator Displacement Accuracy Analysis

To verify the accuracy of the SCARA robot’s kinematic model, this study randomly
selected 50 sets of discrete target points within the workspace for a displacement deviation
testing experiment. The collected raw sample data are shown in Table 3. Fifty points were
randomly selected within the camera’s field of view, with those near the edges excluded.
Materials were then placed at these respective points for the robotic arm to grasp. To
obtain more accurate measurement data, the Z-axis motion of the manipulator was initially
excluded, and the coordinate points reached by the manipulator in each experiment were
recorded. Finally, the static positioning accuracy of the system was comprehensively
evaluated by comparing the target coordinates (x, y) calculated by the vision system with
the actual coordinates (x/, y’) reached by the actuator.

Table 3. Target positions and actual positions.

No. Target Position  Actual Position No. Target Position  Actual Position
1 (—14.5, 41.0) (—14.6,41.1) 26 (—10.5, 39.0) (—10.4, 38.9)
2 (—2.0,39.5) (—1.9,39.7) 27 (—27.5,42.5) (—27.7,42.6)
3 (—28.5,44.5) (—28.6,44.3) 28 (—6.5,44.5) (—6.4,44.7)
4 (—=7.0,38.0) (—7.1,38.2) 29 (—33.5,38.0) (—33.7,37.9)
5 (—33.0,42.5) (—33.2,42.6) 30 (—18.5,41.5) (—18.4,41.3)
6 (—19.5, 40.5) (—19.4,40.7) 31 (—2.5,43.0) (—2.6,43.2)
7 (—4.5,44.0) (—4.4,43.8) 32 (—22.0,39.5) (—22.1,39.4)
8 (—26.0,39.0) (—26.1,39.2) 33 (—13.0,44.0) (—12.9,43.9)
9 (—11.0,43.5) (—11.1,43.7) 34 (—30.5,41.0) (—30.6,41.2)
10 (—0.5,41.5) (—0.4, 41.4) 35 (—9.0,38.5) (—8.9,38.6)
11 (—31.5,38.5) (—31.6,38.7) 36 (—25.5,42.0) (—25.4,41.8)
12 (—17.0, 44.0) (—16.9,44.2) 37 (—5.0, 40.0) (—5.1,40.1)
13 (—9.5,40.0) (—9.4,39.9) 38 (—34.0,44.5) (—34.2,44.6)
14 (—23.0,42.0) (—23.1,42.1) 39 (—14.0,39.5) (—13.9,39.6)
15 (=5.5,39.5) (—5.6,39.4) 40 (—20.5,43.5) (—20.6,43.3)
16 (—34.0,43.0) (—34.1,43.2) 41 (—1.0, 42.0) (—0.9,42.1)
17 (—12.5,38.5) (—12.4,38.7) 42 (—28.0, 38.0) (—28.2,38.1)
18 (—21.0,41.0) (—21.1, 40.8) 43 (—7.5,44.0) (—7.4,44.2)
19 (—1.5,44.5) (—1.6,44.4) 44 (—16.0,41.5) (—15.9,41.6)
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Table 3. Cont.

No. Target Position  Actual Position No. Target Position  Actual Position
20 (—29.0, 40.0) (—29.1,39.9) 45 (—31.0,43.5) (—31.2,43.6)
21 (—8.0,42.5) (—7.9,42.7) 46 (=3.5,39.0) (—3.6,38.8)
22 (—15.5,38.0) (—154,38.2) 47 (—23.5,40.5) (—23.6,40.6)
23 (—32.0,44.0) (—32.1,44.1) 48 (—12.0,42.5) (—11.9,42.4)
24 (—4.0,40.5) (—4.1,40.4) 49 (—27.0, 44.0) (—27.2,44.1)
25 (—24.5,43.0) (—24.4,43.1) 50 (—6.0,38.5) (—5.9,38.6)

To comprehensively measure the position deviation, the Euclidean distance is intro-
duced as the evaluation metric. The calculation formula is as follows:

Ad=/(x— )P+ (y—y) (15)

where Ad represents the sampled position vector error, (X, y) are the target coordinates,
and (X', y’) are the actual coordinates reached by the actuator.

A line chart of the Euclidean distance error was generated based on the calculated Eu-
clidean distances, as shown in Figure 18. According to the chart, average positioning error
of this SCARA manipulator system is 0.189 mm (with a standard deviation of 0.028 mm).
Observing the fluctuation range, the errors of all sampling points are strictly controlled
between 0.141 mm and 0.223 mm. Considering the dimensions and grasping tolerances of
the materials processed by this experimental platform, this sub-millimeter level average
error ensures that the end-effector can reliably accomplish the target material capturing
and placement tasks.

Euclidean Distance Error Analysis (50 Samples) = = Mean Error

38 39 40 41 42 43 44 45 46 47 48 49 50

Distance Error (mm)

2 34567 8 910111213141516171819202122232425262728293031323334353637

Sample Index

Figure 18. Euclidean distance error.

7. Discussion

The proposed modular 4-DOF SCARA platform demonstrates high effectiveness
in vision-guided sorting tasks, offering an interpretable “perception—-decision—execution”

7

workflow suitable for robotics education. By integrating a hierarchical control
architecture—where a host terminal handles complex vision processing while a lower-
level controller manages real-time joint coordination via CAN bus—the system achieves
a high degree of modularity and scalability. Furthermore, the Webots-based digital twin

serves as a critical validation bridge; its high fidelity (joint deviation < 0.5°) allows for pre-
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verifying singularity avoidance and smoothness through joint-space quintic polynomial
interpolation before hardware deployment.

A core contribution of this work is the collaborative perception strategy that decouples
classification from localization. By leveraging a lightweight YOLOv8 model for robust cate-
gory identification and traditional geometric algorithms (HSV filtering and Hough circle
transform) for sub-pixel centroid extraction, the system achieves an average recognition
accuracy of 98.1%. This hybrid approach is bridged by a rigorous nine-point hand—eye cali-
bration model, ensuring precise mapping from pixel coordinates to the physical workspace.
Notably, the TPU-based compliant gripper acts as a hardware-level error absorber, success-
fully compensating for minor perception-to-mapping residuals and enhancing the overall
grasp robustness across diverse material geometries.

From a system-level perspective, the recorded performance metrics—including a 96%
communication success rate and an average positioning error of 0.189 mm—validate the
reliability of the integrated software-hardware design. The observed perception cycle
(4.5-6.5 s) is a deliberate design choice to ensure sub-pixel stability through a 30-50 frame
averaging buffer, while the “0-s” logs in experimental data serve as robust error-abort flags
to prevent faulty operations. These mechanisms collectively ensure the operational stability
required for both laboratory training and potential industrial lightweight sorting scenar-
ios. Moreover, from a cost-effectiveness perspective, the proposed platform significantly
reduces both hardware and software investment compared with conventional commercial
robotic teaching cells. On the hardware side, it adopts modular mechanical connections,
a 3D-printed TPU compliant gripper, a consumer-grade depth camera, and a lightweight
CAN-based distributed architecture, thereby lowering manufacturing, replacement, and
maintenance costs. On the software side, the system relies entirely on open-source tools (We-
bots, YOLOvVS, and OpenCV), avoiding commercial licensing expenses while maintaining
straightforward deployment and customization for laboratory environments. Despite this
reduced cost profile, the platform still achieves 98.1% recognition accuracy and a 0.189 mm
positioning error, demonstrating a favorable balance between performance, reproducibility,
and affordability for teaching and research applications.

Despite its performance, several limitations provide directions for future work. First,
the spatial localization still partially relies on hand-tuned HSV thresholds, which are
sensitive to drastic lighting changes. Second, while the nine-point calibration effectively
handles planar mapping, expanding to comprehensive 3D spatial calibration would en-
hance versatility. Finally, although the collaborative strategy and soft gripper empiri-
cally improved success rates, future studies should include rigorous quantitative ablation
tests—comparing pure deep learning regression with our hybrid approach—to precisely
delineate the performance gains and compensation bounds of each module.

8. Conclusions

This study successfully implemented a modular 4-DOF SCARA visual sorting platform
that addresses the need for cost-effective, transparent educational robotic systems. By
proposing a collaborative perception strategy—integrating a lightweight YOLOv8 model
for category classification with HSV filtering, Hough circle detection, and a nine-point
hand-eye calibration model for spatial localization—the system achieved a robust average
recognition accuracy of 98.1% under varying operational conditions. At the motion control
layer, the application of a joint-space quintic polynomial interpolation algorithm effectively
guaranteed C? continuous trajectories and circumvented Cartesian singularities, yielding a
highly precise mean end-effector positioning error of just 0.189 mm. Furthermore, physical
experiments validated that the mechanical compliance of the custom TPU soft gripper
successfully absorbs minor perception-to-control mapping deviations, ensuring a stable
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overall sorting process with an average communication efficiency of 1.95 s per cycle.
Ultimately, this hardware—software co-design approach provides a scalable, rigorously
validated testbed for “New Engineering” education, while offering valuable empirical data
and architectural references for industrial-grade sorting applications.
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