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Abstract: Modern robotic systems address complex engineering challenges using artificial intelligence and
machine learning techniques. In agricultural robotics, fruit identification and sorting remain challenging
due to variations in size, shape, color, orientation, and lighting conditions. This study presents the design
and implementation of a vision-based fruit sorting robotic system integrating YOLOvS8-based object detec-
tion with robotic manipulation. A custom dataset consisting of images of 2 different fruits (namely banana
and strawberry images), including single-fruit and multi-fruit scenarios, was used and manually annotated
using bounding boxes in CVAT. The dataset was divided into training, validation, and test subsets to enable
robust model development under realistic operational conditions. A lightweight YOLOv8 model was
trained using CUDA acceleration and optimized for edge deployment by selecting YOLOvS8n to balance
inference speed and detection accuracy. The trained model was converted to ONNX format and deployed
on a Raspberry Pi 5 for real-time inference using live camera input. Evaluation on an independent test da-
taset achieved a precision of 0.999, recall of 1.000, mAP@0.5 of 0.995, and mAP@0.5:0.95 of 0.963 under con-
trolled experimental conditions with limited object classes. The modular architecture enables low-cost and
scalable deployment and provides a foundation for future enhancements, including closed-loop robotic con-
trol, additional object categories, and operation in more dynamic environments.

Keywords: Agricultural robotics; Vision-based sorting; YouOnlyLookOnce YOLOvVS; Object detection; Ro-
botic manipulation; Edge deployment

Abbreviations
The following abbreviations are used in this manuscript:
Abbreviation Full Term
Al Artificial Intelligence
CNN Convolutional Neural Network
CUDA Compute Unified Device Architecture
CVAT Computer Vision Annotation Tool
DH Denavit-Hartenberg
DOF Degree Of Freedom
FDM Fused Deposition Modeling
GPU Graphics Processing Unit
IoU Intersection over Union
mAP Mean Average Precision
NMS Non-Maximum Suppression
ONNX Open Neural Network Exchange
PAN Path Aggregation Network
PLA Polylactic Acid
PWM Pulse-Width Modulation
RGB Red, Green, Blue
YOLO You Only Look Once
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1. Introduction

The demand for robotics and automation has in-
creased significantly across industries due to high labor
costs, workforce shortages, and the need for consistent
quality and efficiency. Industries such as manufacturing,
logistics, food processing, recycling, warehousing, and ag-
riculture are gradually replacing traditional manual sort-
ing practices with robotic manipulators integrated with ar-
tificial intelligence techniques. In agricultural automation,
vision-based robotic systems have gained attention for
fruit detection, localization, and harvesting applications
[1], [2], [3]. Although such systems perform effectively in
controlled environments, they often face challenges when
environmental conditions vary, including changes in
lighting, object appearance, size, and object density [4].

Recent advances in machine learning and deep learn-
ing have significantly improved object recognition and lo-
calization in real-world scenarios [5]. Object detection ap-
proaches can broadly be categorized into two-stage detec-
tors, such as Faster R-CNN [6], which generate region pro-
posals before classifying each candidate region, and sin-
gle-stage detectors, which predict bounding boxes and
class labels directly from the image in a single pass. Single-
stage approaches are generally preferred in embedded
and real-time robotic applications due to their signifi-
cantly lower computational cost and faster inference
speed. Vision-guided robotic manipulators are increas-
ingly adopted in industrial and agricultural applications
due to their adaptability and automation capabilities [7],
[8]. Several machine vision-based fruit sorting and grading
systems have been reported in the literature [9], [10], [11].
Furthermore, YOLO-based (YouOnlyLookOnce) object de-
tection approaches have demonstrated effectiveness for
real-time agricultural robotics applications [12], [13].
However, despite the availability of advanced manipula-
tors and detection algorithms, many systems struggle to
handle multiple objects within a single frame in real time
while maintaining low computational cost and deploy-
ment feasibility on embedded platforms. Additionally,
highly accurate industrial solutions are often application-
specific and expensive, limiting scalability and accessibil-
ity.

Recent studies have explored vision-based robotic
systems for fruit harvesting, detection, and grading. Mon-
toya-Cavero et al. [1] and Yang et al. [3] investigated pro-
duce detection and localization strategies for harvesting
robots; however, their focus was primarily on perception
systems rather than complete low-cost embedded deploy-
ment. Tan et al. [2] provided a comprehensive review of

deep learning-based picking robots, highlighting the im-
portance of multi-sensor integration, yet without present-
ing a fully integrated real-time sorting framework on re-
source-constrained hardware. YOLO-based detection ap-
proaches have demonstrated high classification accuracy
in agricultural applications [12], [13], but several imple-
mentations were either evaluated in simulated environ-
ments or did not present full robotic sorting integration
with edge execution. Similarly, robotic sorting systems
based on image processing and grading mechanisms have
been reported [8], [9], [10], though many relied on conven-
tional segmentation methods or exhibited limitations in
processing speed and adaptability. CNN-based classifica-
tion approaches have also been applied to related sorting
and recognition tasks in different domains [14]. These ob-
servations indicate the need for an integrated, low-cost vi-
sion-based robotic sorting system that combines real-time
object detection, embedded deployment, and autonomous
manipulation within a unified framework.

This research focuses on the design and development
of a vision-based fruit sorting system using machine learn-
ing and a 4-Degree-Of-Freedom (4-DOF) Robotic Arm. The
robotic manipulator design is supported by established ro-
botic modeling principles [15]. A custom dataset consist-
ing of banana and strawberry images was created and an-
notated using bounding boxes to enable robust detection
under realistic conditions. A lightweight YOLOv8n model
was trained and optimized for deployment on an embed-
ded platform — namely a Raspberry Pi 5 -, leveraging the
suitability of low-cost systems for edge-based computing
applications [16]. The system integrates camera sensing,
object detection, and robotic manipulation to perform au-
tonomous pick-and-place operations in real time.

The contributions of this research are as follows:

1. Development of a custom annotated dataset contain-
ing single and multiple fruit instances for real-time
sorting applications;

2. Training and optimization of a lightweight
YOLOvVS8n detection model for accurate classification
and localization;

3. Deployment of the trained deep learning model on
an embedded device (Raspberry Pi 5) for edge infer-
ence;

4. Design and implementation of a modular vision-
based 4-DOF robotic arm framework for automated
pick-and-place operations;

5. Experimental validation of the integrated system un-
der controlled laboratory conditions.
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The scope of the study extends beyond fruit sorting,
as similar vision-based robotic approaches are applicable
to grading and handling tasks in agriculture and related
domains [2], [8]. However, certain limitations were identi-
fied. The system was trained on only two object classes,
and expansion to additional categories requires further
data collection and retraining. The model was developed
under specific laboratory conditions, and performance
may vary under significantly different environmental con-
straints. Additionally, the robotic gripper design and the
use of bounding box centres for grasp estimation may limit
grasping precision in complex scenarios.

The review of existing literature reveals several key
gaps that the present work aims to address. First, many
YOLO-based detection systems reported in the literature
were validated in simulated environments or without in-
tegration into a complete robotic sorting pipeline [11], [12].
Second, systems that demonstrate full robotic integration
typically rely on high-cost industrial hardware, limiting
reproducibility and accessibility in resource-constrained
settings [8], [9]. Third, embedded deployment of deep
learning models on low-cost single-board computers with
real-time performance has not been widely demonstrated
alongside autonomous manipulation within a unified
framework [16]. This study addresses these gaps by pre-
senting an end-to-end integrated system combining a cus-
tom-trained YOLOv8n detection model, embedded infer-
ence on a Raspberry Pi 5, and a 3D-printed 4-DOF robotic
arm within a single low-cost platform.

The remainder of this paper is organized as follows.
Section 2 describes the methodology, including the system
architecture, the mechanical design, the kinematic model-
ing, dataset preparation, model training, and embedded
deployment. Section 3 presents the experimental results
and discussion, covering the mechanical validation, train-
ing convergence, detection performance, and embedded
deployment outcomes. Finally, Section 4 concludes the pa-
per and outlines directions for future work.

2. Methodology

The adopted methodology follows an experimental
and implementation-driven approach to design, validate,
and deploy a vision-based robotic fruit sorting system. The

workflow includes mechanical fabrication, dataset devel-
opment, model training, embedded deployment, and real-
time validation. The modular separation of mechanical de-
sign, perception system, and embedded implementation
allows independent evaluation and improvement of each
subsystem.

2.1. System Architecture

The proposed system follows a modular architecture
integrating computer vision, machine learning, embedded
computation, and robotic manipulation. The objective of
the architecture is to translate object detection and locali-
zation results into autonomous pick-and-place sorting ac-
tions using a 4-DOF Robotic Arm.

As illustrated in Fig. 1, the system is divided into
three principal layers: sensor architecture, hardware archi-
tecture, and software architecture. The complete pro-
cessing pipeline consists of image acquisition, intelligent
inference, decision-making, and robotic actuation. Each
stage operates as an independent module, enabling flexi-
bility in design modification and scalability.

In the sensor layer, the Raspberry Pi Camera Module
3 continuously captures live image frames from the work-
space. These frames are passed to the hardware layer,
where the Raspberry Pi 5 serves as the central computing
unit, executing the ONNX-format YOLOv8n model via
ONNX Runtime. The software layer encompasses the
complete processing chain: frame preprocessing (resizing
and color space conversion from RGB to BGR), object de-
tection inference, confidence thresholding, Non-Maximum
Suppression (NMS), and decision-making logic that maps
detected class labels to predefined sorting bin targets.

Upon detection of a fruit object, the system extracts
the bounding box center coordinates and translates these
pixel-space values into joint-space commands for the 4-
DOF robotic arm. The arm then executes a pick-and-place
motion sequence to deposit the identified fruit into the cor-
responding sorting bin. This modular separation of sens-
ing, inference, and actuation allows each subsystem to be
independently modified or upgraded without redesigning
the entire pipeline and provides a scalable foundation for
future integration of additional object classes or closed-
loop visual feedback.
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Figure 1: Overall system architecture of the vision-based fruit sorting robotic system, including sensing, computing, and actuation modules.

In the image acquisition stage, frames are captured 2.2. Mechanical Configuration
using a Raspberry Pi Camera Module 3. The captured data A 4-DOF revolute manipulator was selected to bal-
are used both for dataset preparation and real-time ance mechanical simplicity and functional capability. The
deployment to maintain environmental consistency. The ~ robotic arm was not designed from scratch but was con-

structed from an open-source design available on Printa-
bles.com [17], which provides all the necessary STL files
for the 3D printing manufacturing. The structure was fab-
ricated by means of a Prusa 3D Printer with PLA material
through Fused Deposition Modeling (FDM). Minimal modi-
fications were made to the original design to accommo-
date the servo motors and wiring configuration used in
this study. The assembly, electronics integration, servo cal-
ibration, and software control were carried out by the au-
thors. A similar approach of designing and manufacturing
low-cost manipulators using 3D printing technology has
been demonstrated for robotic applications [18]. Fig. 2 dis-
plays the 3D overall design of the robot [17]. Fig. 3 shows
the manufactured and assembled robotic arm.

The configuration consists of a base rotation joint (01)
about the vertical axis, followed by shoulder and elbow
pitch joints (0, and 03) that define planar motion in a ver-
tical workspace. The fourth joint provides wrist roll mo-
tion (04) to adjust end-effector orientation during grasp-
ing.

The base-to-shoulder vertical offset is defined as L, =
45 mm. The upper-arm and forearm link lengths are ap-
proximately L, = 245 mm and L3 = 245 mm, respectively.
Servo motors (MG995 and SG90) were mounted at desig-
nated joints to enable position control. The structure was
fabricated using PLA material through Fused Deposition
Modeling (FDM) for lightweight prototyping and experi-
mental validation.

intelligent inference stage employs a deep learning-based
object detection model (YOLOVS) to generate bounding
boxes, class labels, and confidence scores. The decision-
making module interprets the detection outputs and save
the data on the board for computation of pick points, and
mapping of object classes to predefined sorting bins.

Figure 2: 3D design of the Robotic Arm [17]
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The 4-DOF structure provides sufficient mobility for
planar positioning, vertical reach, and orientation adjust-
ment while avoiding the complexity of higher-degree-of-
freedom industrial manipulators. This configuration is
suitable for sorting tasks within a constrained workspace
where precise positioning is required rather than complex
spatial manipulation.

The electronics platform is built around the Rasp-
berry Pi 5 as the central controller, which handles both in-
ference and servo control within a single board. Power is
supplied via a regulated 5V DC source shared between the
Raspberry Pi and the servo bus [19]. Servo motors are con-
nected to the Raspberry Pi GPIO pins and driven using
standard Pulse-Width Modulation (PWM) protocol. Two
MG995 servos are positioned at the shoulder and elbow
joints due to their higher torque rating, making them ca-
pable of driving the heavier upper-arm links. The lighter
SG90 servos are used at the wrist and gripper joints where
lower torque is sufficient. The camera module connects via
the dedicated Camera Serial Interface (CSI) port on the Rasp-
berry Pi5 and is interfaced through the Picamera2 API. No
additional microcontroller or motor driver board was
used; all control logic runs directly on the Raspberry Pi OS.
Table 1 presents the key hardware components of the sys-
tem along with their technical specifications.

Table 1: Hardware Components and Technical Specifications of the 4-
DOF Robotic Arm System.

Model / e
Component Type Key Specifications Oty
. Quad-core Cortex-
Single-board R'aspberry A76, 8 GB RAM, 64 1
Computer Pi5 bit OS

12 MP Sony IMX708,

;[an:iirla &PI di;lerr;era autofocus, CSI inter- 1
oduie © face, up to 1080p
Torque: 9.4 kgcom
Shoulder/El- (4.8V); Speed: 0.2
bow Servo MG995 s/60°;, Metal gear; 2
PWM control
Torque: 1.8 kgem
Wrist/Grip- (4.8V); Speed: 0.1
per Servo 5G9 s/60° Plastic gear; 2

PWM control

Density: 1.24 g/cm3;

Frame Mate- PLA  Fila- Print temp: 190- _

rial ment

220°C; FDM process
FDM,; layer resolution
3D Printer g;;lizz MK 0.05-0.35 mm; open- 1

source STL files

Inference ONNX CPU-based; compati-
Eneine Runtime ble with RPi OS 64-bit; —
& (CPU) ONNX model format

Figure 3: Fabricated 4-DOF robotic arm for fruit sorting experiments.

2.3. Denavit-Hartenberg Representation

The manipulator kinematics can be expressed using
standard Denavit—Hartenberg (DH) parameters as summa-
rized in Table 2. The DH parameters were assigned follow-
ing the standard convention [15], in which a coordinate
frame is attached to each link of the manipulator according
to four rules: (i) the Z-axis of frame i is aligned with the
axis of joint i+1; (ii) the X-axis of frame i points along the
common normal between Z-axes of consecutive joints; (iii)
the link length a; is the distance between Z-axes measured
along Xi; and (iv) the link twist ai is the angle between con-
secutive Z-axes measured about Xi. For joint 1, the base ro-
tation is about the vertical Z-axis with a vertical offset d; =
45 mm and no link length (a; = 0), while a 90° twist (a; =
90°) accounts for the transition to the horizontal plane of
the upper arm. Joints 2 and 3 are parallel revolute joints
operating in the same plane, with link lengths a, = a3 = 245
mm, zero twist, and zero offset. Joint 4 provides wrist roll
with all geometric parameters set to zero. The assigned co-
ordinate frames are illustrated in Fig. 4, where the Z-axes
(blue) represent the axes of rotation for each joint and the
X-axes (red) represent the common normals between con-
secutive joint axes following the DH convention.
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Figure 4: Coordinate frames assigned to each joint of the 4-DOF
robotic manipulator following the Denavit—Hartenberg convention.

Table 2: DH parameters of the 4-DOF manipulator.

Link (i) a; (mm) Qi d;i (mm) Oi
1 0 90° 45 01
2 245 0 0 02
3 245 0 0 O3
4 0 0 0 04

Since the wrist joint primarily influences orientation,
the end-effector position depends mainly on the first three
joints.

2.4. Forward Kinematics

The Cartesian position of the end-effector (x, y, z) is
derived by composing the homogeneous transformation
matrices between consecutive frames using the DH con-
vention. The general transformation matrix from frame i-1
to frame i is given by: T, .
Rot(Z,0,)- Trans(Z,d;)- Trans(X,a;)-Rot(X,av). Applying the
DH parameters from Table 2 and composing transfor-
mations °T11T»-?T5-*T4, and noting that joint 4 (wrist roll)
does not contribute to end-effector position, the Cartesian
coordinates depend only on the first three joints and are
expressed as (Eq. 1-3):

x = c0s0,(L,cos0, + Lycos(6, + 63)) (1)
y = sin6;(L,cos6, + L; cos(8, + 63)) 2
zZ = L1 + LZSiTlQZ + L3Sln(92 + 93) (3)

where L; = 45mm, L, = 245mm, and L; = 245mm.

Table 3 summarizes all variables and parameters
used in Equations (1) — (6).

Table 3: Definition of Variables and Parameters Used in the Kinematic
Equations.

. Value /
Symbol Description Unit

Cartesian coordinates of the end-effec-

Yz tor in the base frame mm

01, 0, 0;, Joint angles at base, shoulder, elbow, degrees

0, and wrist, respectively ©)
Vertical offset from base to shoulder

Ly . . 45 mm
joint
Upper-arm link length (shoulder to el-

L, bow) 245 mm
Forearm link length (elbow to wrist)

L; 245 mm
Projected horizontal reach: r = V(x2 +

r ) mm
y?)

, Adjusted vertical height: z’ =z - L;

z mm

D Cosine of elbow angle: D = (12 + 2’2 = dimen-
L2 - Ls?) / (2LoL3) sionless
Two-argument arctangent function, .

atan2 radians

returning angle in correct quadrant

2.5. Inverse Kinematics

For a target position (x’y’z), the inverse kinematics
derivation proceeds in four steps. Step 1 — Base rotation
(01): The base joint rotates about the vertical axis. From Eq.
1 and Eq. 2, the ratio y/x eliminates the planar reach term,
giving the base rotation angle (Eq. 4). Step 2 — Planar reach
and height: The projected horizontal distance r = V(x2+y?)
and adjusted vertical height z’ = z - L; decouple the 2-link
planar problem. Step 3 — Elbow angle (03): The cosine rule
applied to the triangle formed by links L, and Ls and the
straight-line distance to the target gives D =
(r*+z'2-L»>-Ls?)/(2L,Ls), and the elbow angle as Equation
(5), selecting the elbow-up configuration Step 4 — Shoulder
angle (02): Derived from the geometry of the planar two-
link chain as Equation (6). The wrist roll angle O, is se-
lected based on the desired end-effector orientation. The
base rotation angle is determined by:

0, = atan2(y, x) (4)
0; = atan2(V1 —D?,D) (5)
0, = atan2(z',r) — atan2(Lzsinbs, L, + Lycos03) (6)

The wrist roll angle 8, is selected based on the desired
orientation during grasping. In this implementation, joint
angles were commanded directly through servo position
control, while the kinematic formulation provides geomet-
ric interpretation and supports future closed-loop exten-
sions.

2.6. Dataset Preparation and Annotation
A custom dataset consisting of 914 images was set up
to reflect realistic operating conditions for fruit sorting.
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Two object classes were considered: banana and straw-
berry. Images were captured under controlled indoor
lighting using a Raspberry Pi Camera Module 3.

The dataset includes single-object scenes as well as
multi-object configurations in which bananas and straw-
berries appear simultaneously. Variations in object orien-
tation, scale, and relative position were introduced to re-
duce overfitting to a fixed scene layout. Extreme back-
ground clutter and lighting variations were intentionally
avoided to maintain a controlled experimental environ-
ment.

The dataset was divided into training (70%), valida-
tion (20%), and testing (10%) subsets, corresponding to

642,181, and 91 images, respectively. Annotation was per-
formed using bounding box labeling in CVAT. Each visi-
ble fruit instance was labeled independently, and oc-
cluded objects were annotated only when visually identi-
fiable. The dataset was exported in YOLO-compatible for-
mat with normalized bounding box coordinates.

Representative samples from the dataset are illus-
trated in Fig. 5, showing single-fruit scenes for each class
as well as multi-fruit configurations with annotated
bounding boxes as generated in CVAT. The diversity in
object orientation, scale, and relative positioning across
samples reflects the controlled variation introduced dur-
ing data collection to reduce overfitting.

(1)

[STRAWEERRY,619](MANUAD)
099X93%p;
O

(2)

Figure 5: Manual dataset annotation using bounding boxes in CVAT for training the model.

2.7. Model Training and Learning Strategy

YOLOVS8n was selected as the object detection archi-
tecture due toits lightweight design and suitability for em-
bedded deployment. The You Only Look Once (YOLO) fam-
ily of detectors was originally introduced by Redmon et al.
[20] as a unified real-time object detection framework that
processes the entire image in a single forward pass, elimi-
nating the need for region proposal stages such as those
used in Faster R-CNN [6]. Since its introduction, the YOLO
architecture has undergone significant development
across successive versions, culminating in YOLOvS as de-
veloped by Ultralytics [21]. The YOLOVS architecture con-
sists of three principal components: a backbone, a neck,
and a detection head [22]. The backbone, based on a mod-
ified CSPDarknet structure, performs hierarchical feature
extraction from the input image tensor of dimensions
1x3x640x640 (batch x channels x height x width), produc-
ing multi-scale feature maps at different spatial resolu-
tions. The neck employs a Path Aggregation Network (PAN)
with Feature Pyramid Network (FPN) [23] connections to
fuse features across scales, enabling detection of objects at
varying sizes. The detection head applies decoupled con-
volution branches for simultaneous classification and
bounding box regression, outputting class probabilities,
bounding box coordinates, and confidence scores. Post-
processing steps including confidence thresholding and

Non-Maximum Suppression (NMS) are applied to produce
the final detections. The YOLOvV8n variant used is the
smallest configuration in the family, with approximately
3.2 million parameters, making it suitable for CPU-based
embedded deployment, unlike heavier architectures such
as MobileNetV2 [24].

The model was trained for 100 epochs with an input
resolution of 640 x 640 pixels and a batch size of 16. Pre-
trained YOLOvVS8 weights were used for transfer learning
to improve convergence and generalization. Mixed preci-
sion training enabled to optimize computational effi-
ciency. The trained YOLOv8 model was exported from
PyTorch format to ONNX to facilitate embedded deploy-
ment. The input tensor was fixed to 1 x 3 x 640 x 640. Post-
processing included bounding box decoding, confidence
thresholding, and non-maximum suppression to ensure
accurate detections during inference.

2.8. Embedded Deployment on Raspberry Pi 5

Deployment was performed on a Raspberry Pi 5 run-
ning Raspberry Pi OS (64-bit). ONNX Runtime was selected
as the inference engine for CPU-based execution [25]. Real-
time image acquisition was achieved using the Raspberry
Pi Camera Module 3 interfaced through the Picamera2
APL
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Captured frames at 1280 x 720 resolution were resized
to 640 x 640 for inference. RGB-to-BGR conversion was ap-
plied to ensure compatibility with the ONNX model. De-
tection outputs were visualized with bounding boxes and
confidence scores, and results were logged to CSV files for
performance analysis. The deployed system maintained
stable real-time performance under controlled laboratory
conditions.

2.9. Integration of Detection and Robotic Control

The integration between the YOLOvV8 detection pipe-
line and the robotic arm control operates as a sequential
sensing—actuation loop. During operation, the Raspberry Pi
Camera Module 3 continuously captures frames at 1280x720
resolution. Each frame is preprocessed — resized to
640x640 pixels and converted from RGB to BGR — before
being passed to the ONNX Runtime inference engine exe-
cuting the YOLOv8n model. The model outputs bounding
box coordinates (Xumin, Ymin, Xmax, Ymax), class labels, and confi-
dence scores for each detected object. Detections below a
confidence threshold of 0.5 are discarded, and Non-Maxi-
mum Suppression (NMS) is applied to eliminate overlap-
ping detections of the same object.

For each valid detection, the pixel-space bounding
box center (cx, ¢y) is computed and used as the estimated
grasp point. This 2D coordinate is mapped to the physical
workspace using a fixed camera-to-workspace homogra-
phy derived from a prior calibration procedure. The re-
sulting 3D target position (x, y, z) is passed to the inverse
kinematics solver described in Section 2.5, which com-
putes the required joint angles 03, 0, 05, and 0,. These an-
gles are converted to servo PWM commands and transmit-
ted to the servo motors via the Raspberry Pi GPIO inter-
face. The arm then executes a pick-and-place sequence: it
moves to the grasp position, closes the gripper, lifts the ob-
ject, rotates to the target bin location based on the class la-
bel, and releases the gripper. Detection results and confi-
dence scores are logged simultaneously to a CSV file for
offline analysis.

The overall operational sequence of the system is
summarised in the following pseudocode (Algorithm 1):

Algorithm 1: Vision-based Fruit Sorting Pipeline

BEGIN

Load YOLOv8n ONNX model
Initialise camera (1280x720) and servo con-
troller
WHILE system is running DO
frame ~ capture frame ()
input « preprocess (frame)
640x640, RGB-BGR
detections « model.infer (input)
detections «~ NMS (detections,
01d=0.5)
FOR each detection IN detections DO
class_label ~ detection.class
(cx, cy) « bounding box centre (de-

tection)
(x, y, z) « map_ to workspace (cx,

// resize

thresh-

cy)

(61,62,03,04) « inverse kinemat-
ics(x, y, 2z)

move arm to(61,02,63,04);
close _gripper ()

rotate to bin(class_label);
open_gripper ()

log _result (class_label, confi-

dence, cx, cy)
END FOR
END WHILE
END

3. Results and Discussion

This section presents the experimental evaluation of
the proposed vision-based fruit detection system and the
fabricated 4-DOF robotic platform. The results include me-
chanical validation of the manipulator, offline detection
performance, embedded deployment outcomes, and a crit-
ical discussion of system capabilities and limitations.

3.1. Mechanical Validation of the 4-DOF Robotic Arm

The fabricated robotic arm components were success-
fully printed using fused deposition modeling and assem-
bled according to the CAD design. Visual inspection and
dimensional verification confirmed acceptable fabrication
accuracy, with no observable deformation or structural in-
stability.

Each joint was tested individually to evaluate its prac-
tical range of motion. Repeated actuation did not intro-
duce noticeable misalignment or mechanical drift. The
servo-driven joints achieved stable and repeatable angular
motion within the mechanical constraints of the design.
The practical operating ranges of each joint are summa-
rized in Table 4.

Table 4: Range of Motion and Workspace Configuration of 4-DOF
Robotic Arm.

Practical ] g
0 0 - Role in Sorting
Joint Function Operating
Task
Range
Base Horizontal ~30°_150° Positions arm across
Jgu rotation workspace
Shoulder v iallift  ~20°—1400 ~ CONtrols height po-
(J2) sitioning
Elbow Reach. ~30°-150° Adjusts forward
(J3) extension reach
Wrist End-effec- Adjusts grasp orien-
tor ~45°-135° .
() . . tation
orientation

The mechanical platform demonstrated sufficient
workspace coverage for small-scale sorting tasks. How-
ever, the manipulator was not operated under closed-loop
visual feedback during this study.

3.2. Training Convergence

The training curves demonstrate stable convergence
across bounding box regression loss, classification loss,
and distribution focal loss. Both training and validation
losses decreased progressively over successive epochs, in-
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dicating effective learning of localization and class dis-
crimination features. Minor fluctuations were observed
during early epochs as the model adapted to the dataset;
however, performance stabilized during later training
stages without divergence or instability. The convergence
behavior suggests that the selected hyperparameters and
training duration were appropriate for the dataset size and
task complexity. The training and validation loss curves
are shown in Figure 7.
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Figure 6: Training and validation loss curves for bounding box
regression, classification loss, distribution focal loss, and evaluation
metrics over 100 epochs.

3.3. Validation and Test Metrics

Detection performance was quantified using the fol-
lowing standard metrics. Let TP, FP, and FN denote True
Positives (TP), False Positives (FP), and False Negatives (FN),
respectively. Precision measures the proportion of correct
positive detections (Eq. 7), Recall measures the proportion
of actual positives correctly identified (Eq. 8), and the FI-
score is their harmonic mean (Eq. 9):

Precision =TP / (TP + FP) (7)
Recall=TP /(TP + FN) (8)
F1 = 2-(Precision-Recall) / (Precision + Recall)  (9)

Intersection over Union (IoU) between a predicted
bounding box Bprt and ground-truth box Bt is defined as
Equation 10:

IoU = |B_pred n B_gt| / |B_pred U B_gtl (10)

Average Precision (AP) is computed as the area under
the Precision—Recall curve for a single class (Eq. 11), and
Mean Average Precision (mAP) averages AP across all object
classes C (Eq. 12):

AP =o' P(R) dR (11)
mAP = (1/C) }, AP; (12)

Two IoU threshold variants are reported. mAP@0.5
evaluates detection at a fixed IoU threshold of 0.50, while
mAP@0.5:0.95 averages mAP over IoU thresholds from
0.50 to 0.95 in steps of 0.05, providing a stricter measure of
localization accuracy.

Detection performance was evaluated using preci-
sion, recall, mean Average Precision at IoU 0.5 (mAP@50),
and mean Average Precision across IoU thresholds 0.5-
0.95 (mAP@50-95). On the validation dataset, the model
achieved an overall precision of 0.99935 and recall of 1.000.
The mAP@50 value reached 0.995, while mAP@50-95 was
0.96321. These results indicate highly reliable classification
and accurate bounding box localization under controlled
conditions.

Evaluation on the unseen test dataset produced simi-
lar results, with overall precision and recall values of ap-
proximately 1.000 and mAP@50 remaining at 0.995. The
mAP@50-95 value was 0.958, demonstrating that localiza-
tion accuracy was preserved under stricter IoU thresholds.
The close alignment between validation and test perfor-
mance suggests that the model generalized well and did
not exhibit significant overfitting.

In Table 5, class-wise analysis revealed consistent
performance across bananas and strawberries, indicating
balanced representation in the dataset and absence of
class-specific bias.
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Table 5: Class-wise detection performance on validation and unseen test datasets.

Dataset (Split) Class Precision Recall mAP@50 mAP@50-95
Validation Banana 1.000 1.000 0.995 0.954
Validation Strawberry 0.999 1.000 0.995 0.973

Validation (Overall) All 0.99935 1.000 0.995 0.96321

Test (Unseen) Banana 0.999 1.000 0.995 0.941
Test (Unseen) Strawberry 1.000 1.000 0.995 0.975
Test (Overall) All 1.000 1.000 0.995 0.958

3.4. Precision—Recall Characteristics

The Precision—Recall curves exhibit a smooth and
near-ideal profile, maintaining high precision across in-
creasing recall levels. The reported mAP@50 value of ap-
proximately 0.995 reflects strong detection reliability at the
standard IoU threshold. Such characteristics are beneficial
for robotic systems, where confidence thresholds may
need to be adjusted dynamically depending on task sensi-
tivity. The Precision—Recall characteristics are illustrated
in Figure 8.

Precision-Recall Curve

banana 0.995
strawbherry 0.995
= all classes 0.995 MAPE0.5

0.8+

Precision
=4
=

=
iy

0.24

0.0 0z 0.4 0.6 08 1.0
Recall

Figure 7: Precision—Recall curves for banana and strawberry detection
with overall mAP@50 of 0.995.

3.5. Embedded Deployment Performance
The trained YOLOv8n model was successfully de-
ployed on a Raspberry Pi 5 using ONNX Runtime for

CPU-based inference. Live experiments using real-time
camera input confirmed stable detection of bananas and
strawberries. During testing, the system operated at ap-
proximately 3.1 to 3.6 frames per second. Although CPU-
based execution limits inference speed compared to GPU
acceleration, the achieved frame rate was sufficient for
low-speed or prototype-scale sorting applications.

Bounding box placement remained stable across con-
secutive frames, and confidence scores showed minimal
fluctuation when objects were stationary or moving
slowly. The correction of color space alignment between
the camera input and the trained model significantly im-
proved detection consistency, highlighting the importance
of maintaining preprocessing compatibility between train-
ing and deployment environments.

Runtime logging of detection confidence values fur-
ther confirmed stable inference behavior. The average con-
fidence values were approximately 0.897 for bananas and
0.910 for strawberries, with maximum values exceeding
0.97 for both classes. Low-confidence detections were ef-
fectively suppressed using thresholding and non-maxi-
mum suppression, reducing false positives during live op-
eration. Sample live detection results are presented in Fig-
ure 9. Figure 10 illustrates the complete experimental
setup, showing the 4-DOF robotic arm, Raspberry Pi 5,
camera module, and fruit objects positioned within the
sorting workspace during operation.
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Figure 8: Representative real-time detection results on Raspberry Pi 5: (a) multi-object scene, (b) orientation variation, (c) different object
positioning.

Figqure 9: The overall system showing the 4-DOF robotic arm, Raspberry Pi 5, camera module, and fruit objects used during the sorting
experiments.

3.6. Discussion

The experimental results demonstrate that a light-
weight YOLOvV8n model can achieve high detection accu-
racy on a small, task-specific dataset under controlled la-
boratory conditions [26] [27] [28]. The strong agreement
between validation and test metrics indicates reliable gen-
eralization within the defined environment. Furthermore,
successful deployment on Raspberry Pi 5 confirms the fea-
sibility of executing deep learning-based object detection

models on embedded platforms without GPU accelera-
tion.

The mechanical platform demonstrated sufficient
structural integrity and workspace coverage for light-
weight fruit handling. Minor torque limitations were ob-
served when handling heavier banana samples, suggest-
ing that further mechanical reinforcement or design and
servo upgrades may improve robustness [29].
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Overall, the results confirm the feasibility of integrat-
ing vision-based detection with embedded deployment
for small-scale sorting applications [27] [30], while also
identifying areas for improvement in dataset diversity,
hardware optimization, and closed-loop manipulation
control.

Table 6 provides a comparison of the proposed sys-
tem against selected related studies. The comparison high-
lights that the proposed system is one of the few combin-
ing real-time YOLO-based detection with full robotic pick-
and-place integration on a low-cost CPU-only embedded
platform. While the number of object classes is limited
compared to larger industrial systems, the framework
demonstrates feasibility for resource-constrained settings
and provides a foundation for future expansion.

Table 6: Comparison of the Proposed System with Related Studies.

Full
Real Ro- Low
. Deploy- .
Stud Detection ment Classes Pot s
y Model Tim  Inte- Cost
Platform
e gra- HW
tion
Mon- Eaf_
toya- Custom Work- (aer-
Cav- ClliIN station/ Multi Yes c}; ) No
ero et GPU tiol:;
al. [1]
only)
Dairat .
hetal. Image . PC Multi le_ Yes P.ar—
processing ited tial
[7]
Ni-
kam Not em- Par-
etal. YOOV 4 dded ! Yes  Noo i)
[12]
Pro- Yes
Rasp- Yes
lsm:?d 2{001\];18;)811 berry Pi 2 (~3.4 (fi‘ﬂi Yes
y 5 (CPU) fpsy PP
tem line)
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4. Conclusion

This study presented the design and implementation
of a vision-based robotic sorting system integrating a 4-
DOF manipulator with a YOLOv8-based object detection
model. A robotic arm was integrated using 3D printing
and demonstrated sufficient structural stability and work-
space coverage for lightweight sorting tasks under con-
trolled laboratory conditions. Although occasional grasp-
ing instability was observed when handling heavier ba-
nana samples due to mechanical and material limitations,
the platform validated the feasibility of low-cost prototype
development for vision-guided manipulation.

The proposed detection model, trained on a custom
dataset of bananas and strawberries, achieved high preci-
sion, recall, and mean average precision during validation
and testing. The close agreement between validation and
unseen test results indicates reliable generalization within
the defined experimental environment. Furthermore, the
trained model was successfully converted to ONNX for-
mat and deployed on a Raspberry Pi 5 for CPU-based in-
ference. Despite hardware constraints, the embedded sys-
tem demonstrated stable real-time detection using live
camera input, with consistent confidence scores and relia-
ble bounding box localization.

Overall, the results confirm the feasibility of integrat-
ing deep learning-based object detection with embedded
computing for small-scale robotic sorting applications.
While the current implementation validates the perception
and deployment components, closed-loop visual feedback
between detection and robotic actuation was not experi-
mentally evaluated and remains an important extension of
this work. Future improvements may include expansion
of the dataset to more object categories and environmental
variations, mechanical reinforcement of the manipulator,
integration of feedback sensors for improved positioning
accuracy, and performance optimization through model
quantization or hardware acceleration. With such en-
hancements, the proposed framework can be extended be-
yond fruit sorting to broader automation and inspection
tasks.
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