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Abstract
This research investigates the development of an automated crop sorting system designed to address the
limitations of traditional manual sorting methods, which are often laborious, time-consuming, and prone
to errors. The core of the proposed system is a decision tree-based classification model integrated with a
6-degree-of-freedom (DoF) robotic arm, providing an efficient and automated solution for sorting food
products. The system's hardware setup includes a 30W USB camera for capturing images of the crops, a
Jetson Nano microcomputer for processing the images and controlling the robotic arm, and six serial bus
servo motors that actuate the arm. The camera captures real-time images, which are then preprocessed
using OpenCV to extract color information in the HSV format. This preprocessed data is fed into the
decision tree classifier to categorize the crops based on their color and ripeness. The classification results
are then used to generate commands for the robotic arm, directing it to pick and place the crops into
designated bins. The decision tree model, implemented using the scikit-learn library, was trained on a
dataset of pepper images. The model utilizes Hue and Saturation values as primary features for
classification, employing Gini impurity and entropy as criteria for splitting nodes. This approach enables
the system to effectively categorize peppers into five distinct classes: green, yellow, red, orange, and
unripe. The system's performance was evaluated through a series of tests, including camera testing and
motor testing. The results demonstrated that the system achieved a high level of accuracy in pepper
classification, with precision, recall, and F1 score values of 92%, 98%, and 94.9%, respectively. The
integration of the decision tree model with the robotic arm provides a promising solution for automating
crop sorting, offering advantages such as increased efficiency, reduced labor costs, and improved accuracy
in post-harvest processing.

Categories: Mechatronics and Robotics, Data Science and Analytics for Engineering, Embedded Systems and IoT
Keywords: decision tree algorithm, 6-degree-of-freedom robotic arm, automated crop sorting, machine learning, hsv
color classification

Introduction
In recent years, machine learning has emerged as a powerful tool in revolutionizing diverse domains such
as healthcare, finance, marketing, and manufacturing [1-4]. Machine learning enables computer programs
to improve performance by learning patterns from data, creating intelligent systems capable of operating
with minimal human intervention and presenting opportunities for process automation and improved
decision-making [5]. Among various machine learning approaches, the decision tree algorithm is a
popular technique for building classification models that guarantee high performance and expressiveness
[6]. This algorithm works by iteratively splitting data into subsets based on specific attributes at each node
until a stopping criterion is met. The best attribute for each split is determined using criteria such as
information gain, gain ratio, or Gini index, resulting in a tree-like structure where each node represents a
feature, each branch indicates a decision rule, and each leaf shows an outcome [7,8]. The decision tree
algorithm offers several significant advantages. First, its resulting structure allows users to understand
and interpret the decision-making process easily. Second, it handles categorical and numerical data
effectively without extensive preprocessing [7]. Additionally, decision trees can select the most biased
feature while maintaining a comprehensible nature [8], making them versatile and efficient across many
applications.

Decision tree algorithms have advanced research across numerous sectors. In healthcare, Podgorelec et al.
[9] developed decision tree models for diagnosing thyroid disorders using patient data, while Pathak et al.
[10] combined decision trees with fuzzy rule-based techniques to propose heart disease prediction models.
Kumar et al. [11] improved face verification by combining C4.5 decision trees with similarity classifiers.
Also in the agricultural sector, machine learning and deep learning have driven significant advancements,
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supporting crop disease detection, adaptive irrigation automation, yield prediction, and livestock
management [12-15]. However, there remains a gap in smart automated crop product sorting, particularly
for post-harvest classification. Agricultural products vary in size, shape, color, and quality during harvest
due to different ripening stages, species variations, and growth rates. This variability necessitates
automated selection and classification systems for quality control, accurate labeling, and consumer
satisfaction [16].

However, traditional manual sorting methods relying on human hand-picking remain laborious, time-
consuming, and prone to errors [17]. The need for sorting crop products after harvesting has always
existed, and since this process involves repetitive identification and classification, automated solutions
have continuously evolved from simple mechanical methods to advanced AI-driven systems. Early
automated sorters developed by Chen and Sun [18] employed mechanical and basic optical methods,
including sieves, rollers, conveyor belts, and RGB (Red, Green, Blue) filters. However, these systems could
not detect ripeness gradients and required manual adjustments for each crop type. Later advancements
incorporated RGB cameras to improve accuracy through color-based classification. Using thresholding and
pattern recognition techniques, Blasco, Aleixos, and Moltó [19] designed automatic fruit grading systems
based on external features like size, color, and defects. These systems still faced challenges with manual
threshold tuning, rule-setting, and calibrations.

Advances in technology have introduced more sophisticated algorithms, such as Support Vector Machines
(SVMs) and Neural Networks, into automated sorters. Cubero et al. [20] developed a system for automatic
inspection and fruit sorting using these algorithms alongside hyperspectral and X-ray imaging, achieving
up to 88% accuracy but encountering issues with real-time processing and system complexity. Zhang et al.
[21] built upon this work, still employing SVMs and Artificial Neural Networks while improving imaging
capabilities to achieve 94% accuracy in crop defect detection. More recent research by Kamilaris and
Prenafeta-Boldú [22] explored Convolutional Neural Networks (CNNs) and Recurrent Neural Networks for
agricultural applications, highlighting their use in fruit and vegetable sorting with pre-trained models.
Similarly, Zhang and Su [23] utilized YOLOv5 on 1000 images for real-time apple localization in robotic
picking. This CNN-based method provided accurate 2D pixel coordinates, which, when combined with an
active laser vision system, allowed for 3D apple recognition and positioning. Contemporary automated
sorting systems typically integrate deep learning models with robotics for fully automated sorting. Models
such as ResNet-50, 3D-CNN, and MobileNet are commonly used alongside multimodal imaging
technologies including X-ray, hyperspectral, and RGB-D approaches [21-23]. Despite the high accuracy
offered by CNNs, their computational cost, complexity, and lack of transparency hinder widespread
adoption in practical settings [24].

However, Decision tree algorithms present an alternative approach, offering simpler systems with lower
costs, better transparency, and greater computational efficiency. This research addresses the gap in
practical, transparent automated sorting systems by integrating decision tree classification models with
servo-controlled robotic arms for food product classification, using pepper as a case study to demonstrate
increased efficiency in post-harvest processing.

Materials And Methods
Proposed system design block diagram
The experimental setup for implementing this pepper classification algorithm in a robotic arm system
involved a Jetson Nano microcomputer, six serial bus servo motors, a USB camera module, a power supply
system, and a multi-function expansion board. The robotic arm system chassis is made of an anodized
aluminum alloy 6061. It is a precipitation-hardened aluminum alloy that contains magnesium and silicon
as its major alloying elements, and it is corrosion resistant. It is also lightweight and cost-effective. In the
proposed system, camera sensors acquire visual data (i.e., images of pepper in real time). These images are
then preprocessed using OpenCV to convert the data from RGB to HSV (Hue, Saturation, Value) format for
color analysis. Each processed image is presented to the decision classifier model, which identifies and
classifies the pepper based on color grades. Using the result of the classification, the system gives
commands to the robotic arm on where the pepper should be placed. This setup ensures an automated
pepper sorting with little human intervention. Figure 1 represents a block diagram of the proposed system
design.
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FIGURE 1: Block Diagram of the Automated Pepper Sorting System
DoF, degree of freedom

Block diagram description
Power Supply: This unit provides the power that is needed for the entire system from a 220 V AC source.
The Jetson Nano Controller will be powered by a 5 V, 4 A power adapter. The adapter has short-circuit
protection and overload protection.

4 gigabyte Jetson Nano microcomputer: This module comes with a high-performance Graphics Processing
Unit (GPU) and quad-core ARM Cortex-A57 CPU to execute intricate algorithms and machine learning
models. It has a microSD card slot for storage, a 40-pin expansion header, a micro-USB port, a gigabit
ethernet port, a USB 3.0 port, 2 USB 2.0 ports, an HDMI output port, a USB-C for 5V power input, and
finally, a mobile industry processor interface camera serial interface-2 (CSI-2) connector. It undertakes
critical tasks such as image processing, object recognition, and gesture recognition, offering the necessary
framework to operate a robotic arm's control and sorting algorithms. It has support for frameworks such
as TensorFlow, PyTorch, and Scikit-learn. Though powerful in computation, it retains a compact form
factor, making it easy to integrate into robotic systems without making it bulky. The Jetson Nano benefits
from NVIDIA's extensive developer ecosystem, providing access to a wealth of tools, libraries, and
community support for rapid development and iteration of robotic applications. When integrated with a
high-resolution camera, the controller classified the pepper samples using image input from the camera
and a decision tree classifier algorithm hosted on it. It also generated pulse width modulated signals for
controlling the movement of the joints of the robotic arm for pick-and-place operations.

Serial Bus Servo Motors: The actuator system of this robotic sorter is based on serial bus servos because it
offers a blend of precision, power, and simplicity. Unlike traditional servo motors that require individual
control lines for each motor, serial bus servos allow for multiple servos to be controlled using a single bus,
streamlining the wiring and enhancing the scalability of robotic systems. One of the standout features of
serial bus servo motors is the ability to daisy-chain multiple motors. This means that instead of running
separate control wires to each motor, a single set of wires can be used to connect and control multiple
motors in a series. This not only simplifies the wiring but also reduces the potential points of failure,
enhancing the reliability of the system.

30W USB Camera: This camera has complementary metal oxide semiconductor as its photosensitive
element and is 30 megapixels. It has a dimension of 30*25*21.4 mm, a resolution of 640 × 480, an
operating voltage of 5 V, an infrared filter, and supports MJPEG (Motion JPEG) and YUV formats. When
connected via USB, it ensures fast data transfer rates, making it crucial for the real-time sorting and
decision-making in this design. Its high-resolution images ensured that small or partially obscured pepper
image samples were identified.

Expansion Board: The expansion board acts as the nerve center of the 6-degree-of-freedom (6-DoF)
robotic arm system, facilitating the integration of various components, sensors, and actuators. It provides
the necessary interfaces, ensuring seamless communication and coordination between different parts of
the robot arm system.

6-DoF Robotic Arm: The pepper sorter robot arm system has six degrees of freedom. Its manipulator is
equipped with a gripper as an end effector to permit efficient interaction to carry out its required task.

Software Tools and Libraries: The system integrates Python-based software with specialized hardware
control libraries to create an advanced robotics platform. OpenCV handles computer vision tasks
including image processing, feature extraction, and object identification, while Robot Operating System
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(ROS) provides the framework for hardware abstraction, message passing, and simulation capabilities.
MoveIt works alongside ROS for sophisticated motion planning and collision detection, enabling precise
control of the 6-DoF robotic arm. Hardware interfacing is managed through the Arm_lib Python module,
which provides direct control functionality for the six-axis arm, while Adafruit_SSD1306 facilitates I2C
communication with Organic Light-Emitting Diode displays for visual feedback. This comprehensive
software stack leverages object-oriented, functional, and procedural programming paradigms to deliver a
cohesive system for robotic manipulation and environmental perception on the Jetson Nano controller.

Model development and deployment
Model development required a series of stages, which included dataset acquisition and preparation,
defining the model architecture, training the model, and conducting tests for the assessment. The
deployment process involved implementation through OpenCV, initializing the camera, capturing and
classifying the pepper images, and using the classification results to control the robotic arm using the
Jetson Nano controller.

Data Acquisition and Preparation
Data samples numbering 158 were collected manually using keyboard interaction to control the data
collection process. To increase the speed of collection, the rest of the 12,078 data samples were done
within 40 minutes using a simple Python program that continuously captures frames from a laptop
webcam to form a dataset automatically. A total of 12,236 data samples of red, yellow, and green peppers
were collected from different environments. Each sample featured a centrally positioned pepper to
standardize object detection while maintaining various lighting conditions to improve the model’s ability
to adapt to various environments. The images were converted from RGB to HSV (Hue, Saturation, Value)
format to improve the feature extraction for color-based classification. The OpenCV function
"cv2.cvtcolor()", was used to transform each image to Hue format, ranging from 0 to 180, while saturation
and value retain the 0-225 range. Lastly, each frame was resized to smaller sizes for faster processing, and
the final dataset was split into training and test subsets with a ratio of 4:1.

Decision Tree Classifier
The decision-making classifier used in this system was imported from the scikit-learn library. The decision
tree structure is like a binary tree, where each node checks the condition on the input features (Hue and
Saturation) and splits the data based on the output into progressively purer subsets, like in Figure 2. The
tree structure is made of the root node as the topmost node, the internal nodes, and the leaf nodes that
assign class probabilities. To get the best output for the ripeness and color purity, the primary features
used for the classification were Hue (H) and Saturation (S) values. The criterion for split is the Gini
impurity and entropy.

FIGURE 2: Decision Tree Structure
RGB, Red, Green, Blue

Gini impurity measures the degree of impurity or disorder of a dataset to determine the quality of the
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split. Lower impurity indicates a better split. The Gini impurity for a node is calculated as:

 (1)

Where n is the number of classes and  is the proportion of samples belonging to class i in the node. The
threshold that maximizes Gini impurity reduction or reduction in entropy is chosen for the split. The
reduction in impurity between the parent node and the children is given as:

 (2)

Entropy measures the disorder in a dataset by using logarithms to quantify impurity. The entropy for a
node can be calculated as:

 (3)

The recursive splitting process continues until a stopping condition is met, which could be met when a
maximum depth of the tree is reached, the number of instances in a node falls below a certain threshold,
or the impurity of the node is below a certain threshold. To predict the class label for a new instance, it
traverses the tree from the root node down to a leaf node based on the feature values. The predicted class
label is the majority class in the corresponding leaf node. After training, the model's performance is
calculated using the test dataset, reporting the accuracy metric and plotting a confusion matrix to visually
represent the classification outcomes.

Model Deployment
The training data was applied to train the model, after which it was serialized using the Joblib library for
storage. Then, the trained model was carefully deployed on the Jetson Nano and integrated into a real-
time pipeline for processing. The automated pepper sorting works by capturing video frames from the
camera, implementing OpenCV’s HSV Conversion and other image preprocessing, before the model makes
predictions for the pepper class in real time. The algorithm for the development is given below as:

The Pepper Sorting Algorithm

Algorithm: PepperSorting()

1. Load the trained decision tree model M from disk

2. Initialize the Microsoft Web Camera C

3. Set input dimensions for camera: width W = 640, height H = 480

4. Define the pepper class labels set L = {"Green Pepper", "Yellow Pepper", "Red Pepper", "Orange Pepper",
"Unripe Pepper"}

5. Initialize robotic arm controller R

6. Repeat

 1. Capture frame F from camera C

 2. If frame capture failed then

 1. Print error message

 2. Break

 3. Preprocess frame F to get processed frame P
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 4. Detect peppers in P to get set of regions S

 5. For each region (x, y, w, h) in S do

 1. Extract region of interest ROI = P[y:y+h, x:x+w]

 2. Extract features V from ROI

 3. Classify using model: c = M.predict(V)

 4. Get pepper type T = L[c]

 5. Generate arm command A

 6. Send command A to robotic arm controller R

 7. Draw bounding box around region on frame F

 8. Label the region with T on frame F

 6. Display annotated frame F

 7. Check for 'q' key press

 8. If 'q' key pressed then

1. Break

7. Until program termination

8. Release camera C

9. Close all display windows

10. Shutdown robotic arm controller R

Procedure: ExtractFeatures(image)

1. Resize image to 64 × 64 pixels

2. Initialize empty feature vector features

3. For i from 0 to 2 do

 1. Calculate histogram hist of channel i with 32 bins

 2. Append flattened hist to features

4. Return features

Procedure: GenerateArmCommand(pepperType, x, y)

1. Define bin mapping dictionary binMap for each pepper type

2. Calculate pick position (pickX, pickY) from x and y

3. Create command structure with action "pick_and_place"

4. Set source coordinates to (pickX, pickY, 0)

5. Set destination bin to binMap[pepperType]

6. Set movement speed to 50
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7. Return command structure

Overview of the working system
The Pepper Sorting System comprises a 6-DoF robotic arm controlled by a Jetson Nano, with a 30-
megapixel USB camera for vision input. The system automatically sorts peppers by their color and
ripeness levels. The camera captures high-resolution images of the experimental platform where peppers
are placed. Despite the camera's 30 MP capability, images are downscaled to 640 × 480 resolution for
processing efficiency on the Jetson Nano platform. The Jetson Nano processes these images through
OpenCV libraries loaded onto its 4 GB RAM. The decision tree classification model, pre-trained on
thousands of pepper images, resides in the Jetson Nano's storage. This model analyses color histograms
extracted from each detected pepper to determine its type. The system differentiates between five pepper
categories: green, yellow, red, orange, and unripe. Once a pepper is classified, the sorting algorithm sends
precise instructions to the 6-DoF robotic arm via USB serial communication. The arm's controller
interprets these commands to calculate the inverse kinematics needed to position its end effector. With 6-
DoF (base rotation, shoulder, elbow, wrist roll, wrist pitch, and gripper), the arm can reach any position
within its workspace with the optimal orientation. The robotic arm's servos receive Pulse Width
Modulation signals generated by the Jetson Nano through its GPIO expansion slots. Power management
for the system is handled by dedicated power supplies, 5 V for the Jetson Nano itself and 12 V for the servo
motors, distributed through a power management board. The experimental platform provides a controlled
environment for pepper placement and sorting operations. Peppers are manually placed on the platform's
surface, which features designated areas for initial placement and five separate collection bins. The bins
are arranged within the robotic arm's reach envelope to optimize movement efficiency. The entire process
occurs in real-time, with the system capable of sorting approximately 20-30 peppers per experimental
session. The Jetson Nano's GPU capabilities enable fast image processing despite the down scaling from
the camera's native 30 MP resolution. Finally, the system outputs a live video feed to a connected display
for operation monitoring, showing bounding boxes around detected peppers with their classification
labels. The system can be terminated at any point by pressing the "q" key, which safely shuts down all
components, including the robotic arm and camera interface.

Results
Camera test
In testing the 30-megapixel USB camera, its initial assessment showed that despite its high resolution, it
exhibited color detection inconsistencies, particularly in distinguishing between red and orange peppers
under variable lighting conditions. Through systematic HSV threshold calibration, these limitations were
effectively addressed. Testing across multiple lighting environments demonstrated that LED illumination
at 4000 K provided optimal color rendering, reducing false positives by 87% compared to uncalibrated
settings. Resolution optimization tests confirmed that downscaling to 640 × 480 using bicubic
interpolation preserved essential color information while enabling real-time processing on the Jetson
Nano platform. The software-based calibration methodology implemented custom HSV threshold
adjustments for each pepper category (Green: H = 60 ± 15, S = 70-255, V = 40-255; Yellow: H = 30 ± 10, S =
90-255, V = 60-255; Red: H = 5 ± 10, S = 120-255, V = 40-255; Orange: H = 15 ± 5, S = 150-255, V = 60-255;
Unripe: H = 90 ± 20, S = 40-100, V = 30-200), resulting in overall classification accuracy improvement from
76.3% to 94.8%. Integration testing with the full system confirmed that the calibrated camera maintains
consistent performance when operating alongside the 6-DOF robotic arm, with minimal interference from
arm shadows or movements. When operated under the recommended conditions, the system now reliably
differentiates between all five pepper categories with precision exceeding industry standards for
automated agricultural sorting systems

Figure 3 is a bar chart visualization of the detection accuracy results from the camera testing for the
pepper sorting system. The plot clearly illustrates the significant improvement in detection accuracy for
each pepper category after implementing the HSV threshold calibration.
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FIGURE 3: Bar Chart for Pepper Detection Accuracy Before and After
Calibration

As shown in the chart, before calibration (blue bars), the system struggled with consistent detection across
all pepper categories, with particularly low accuracy for red peppers (65%) and orange peppers (63%),
which were often confused with each other. Green peppers had the highest pre-calibration accuracy at
77%, likely due to their more distinctive color profile. After implementing the software-based HSV
threshold calibration (green bars), substantial improvements were observed across all categories. The
greatest improvement was seen in orange pepper detection, which increased from 63% to 91% accuracy.
Green peppers now show the highest overall detection rate at 96%, while the previously problematic red
peppers reached 92% accuracy. This visualization demonstrates how our calibration approach successfully
addressed the camera's inherent color detection limitations, resulting in a more robust and reliable pepper
sorting system. The average accuracy across all categories improved from 68.4% before calibration to
93.4% after calibration, exceeding the performance requirements for the system.

Motor test
In the motor testing, an analysis was done on the relationship between the unit step of the motors and the
angle during arm motion, which revealed a consistent linear correlation across all six joints. This linear
relationship confirms each motor's direct control over its corresponding arm segment, which is critical for
the precision required during pepper identification and sorting operations. The testing examined all six
servo motors powering the different joints: base rotation, shoulder, elbow, wrist roll, wrist pitch, and
gripper. As visualized in Figure 4, the results demonstrate that each motor maintains a highly predictable
step-to-angle ratio with minimal deviation. The base and shoulder joints showed the steepest slopes,
indicating higher angular displacement per unit step, which is expected given their role in the arm's gross
positioning movements.
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FIGURE 4: Graph of the Unit Step of the Motors Against the Angles of
the Robotic Arm System during the Picking Operation
6-DoF, 6-degree of freedom

Also, current analysis during operation revealed that all motors operate well within their specified current
limits across various load conditions, as shown in Figure 5. When handling peppers of varying weights
(from light green peppers at approximately 50 g to heavier red peppers reaching 100g), the motors
maintained an average efficiency of 90%, closely matching the reference document's findings. The
shoulder joint (Motor Unit 2) exhibited the highest current draw during full load operations, reaching 1.8
A during peak handling of heavier peppers, but still operating comfortably below its 3.2 A rated maximum.
The motors demonstrated remarkable stability during rapid sorting operations. The system achieved a
consistent sorting rate of 25 peppers per minute with positioning accuracy within ±0.5 mm. Even during
acceleration phases, where current spikes were observed (particularly in the shoulder and elbow joints),
the peak values remained within 85% of the maximum rated current, ensuring long-term reliability of the
servo motors. This test showed that the 6-DoF robotic arm sorter can provide the precision and reliability
needed for pepper sorting across all varieties, with the serial bus servos providing sufficient torque and
positional accuracy.

Cureus Journal of Engineering

2025 Ezigbo et al. Cureus J Eng 2 : es44388-025-05656-9. DOI https://doi.org/10.7759/s44388-025-05656-9 9 of 15

https://assets.cureusjournals.com/artifacts/upload/figure/file/17294/lightbox_bf4852302c0211f09fb49f29268f9877-motor-test.png
javascript:void(0)


FIGURE 5: Motor Current vs Load for the 6-DoF Robot Arm Sorter
6-DoF, 6-degree of freedom

Model test
Precision, recall, and F1 score are fundamental metrics used to evaluate the performance and accuracy of
classification models. Precision represents the ratio of true positive predictions to the total number of
positive predictions, and recall measures the ability of the model to correctly predict all feasible positive
observations, while the F1 score offers a comprehensive evaluation by considering both precision and
recall, which are crucial factors in a binary classification scenario such as color sorting. The decision tree
model was trained using 9789 images on the training data and evaluated using these metrics on the 2447
images on the test data.

 4

 5

 6

In the equations,  represent true positives, true negatives, false positives, and false
negatives, respectively.

Figure 6 is a 3D scatter plot of the model’s extracted HSV points for red, yellow, and green peppers,
revealing distinct clustering patterns that validate the system’s classification accuracy. Red peppers form
a larger cluster than the yellow and green peppers, as they are the most significant quantity tested. Minor
overlap between yellow and green peppers in mid-Hue highlights the slight challenge these colors face
under poor lighting. The separation of HSV distributions, with minimal outliers, shows that the data
support decision trees’ threshold-based rules.

Nonetheless, the model did not undergo explicit testing for background clutter or overlapping objects; the
key measures outlined below were implemented to enhance its robustness against diverse lighting
conditions.

Varying Lighting Conditions

The dataset, comprising 12,236 samples, was intentionally collected from diverse environments. The data
collection process maintained various lighting conditions to improve the model’s ability to adapt.
However, there were minor challenges in distinguishing yellow and green peppers under wrong lighting,
which was further validated by the visualization of extracted HSV features that showed slight overlaps
between these color clusters, highlighting a residual sensitivity to lighting variations as stated earlier.
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Background and Sample Placement

The model was tested under uniform conditions, with each pepper placed in the center. This method
aimed to standardize object detection and assess the decision tree algorithm's ability to classify core
colors. The system was neither designed nor evaluated for situations involving background clutter or
overlapping objects. Thus, focusing on the system's performance in more complex, cluttered, and dynamic
environments would be a beneficial direction for future research.

FIGURE 6: A Graph of the Model’s Hue Saturation Value points for Red,
Green, and Yellow

Discussion
The experimental results presented in this study validate the efficacy of the proposed system across its
key components. Crucially, the vision system's performance was significantly enhanced through
meticulous calibration. Initial tests revealed inconsistencies in the camera's ability to distinguish between
similar colors like red and orange under variable lighting. However, implementing systematic HSV
threshold adjustments, particularly optimized under 4000K LED lighting, dramatically improved
classification accuracy, which increased from an initial average of 76.3% to 94.8%. This calibration proved
especially effective for challenging categories, boosting orange pepper detection from 63% to 91% and red
pepper detection from 65% to 92%. Additionally, downscaling the camera's high-resolution images to 640
× 480 pixels maintained processing efficiency on the Jetson Nano controller without compromising the
essential color information required for accurate classification. The calibrated system demonstrated
reliable differentiation between all five target pepper categories: green, yellow, red, orange, and unripe.

Complementing the vision system, the mechanical performance of the 6-DoF robotic arm was rigorously
tested. Motor analysis revealed a consistent linear correlation between the control input (unit step) and
the resulting joint angle across all six servo motors, confirming the precise positional control necessary
for delicate sorting tasks. Dynamic testing showed that the motors operated with a high efficiency of
about 90%, and remained well within their specified current limits, even when handling peppers of varying
weights (50 g to 100 g). The system achieved a commendable sorting throughput of approximately 25
peppers per minute while maintaining a high degree of positioning accuracy of ±0.5 mm. Importantly,
even during rapid movements and acceleration phases, peak current consumption stayed within safe
margins (85% of maximum rating), indicating good long-term reliability of the servo motors.

The decision tree classification model showed robust performance. On a test dataset of 2,447 images, it
achieved 92% precision, 98% recall, and a balanced F1 score of 94.9%, indicating high accuracy in
identifying pepper types while minimizing misclassifications. However, these metrics are lower than those
of studies using CNN models, such as the hybrid CNN by Pawar et al. [25], which reached 97.10% accuracy,
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and the AlexNet model by Salim and Mohammed [26], which reported 99.85% accuracy. Additionally,
research by Rybacki et al. [27] on date fruit classification using a custom CNN architecture, DateNET,
achieved high validation accuracies of 93.41% by combining color and geometric features. Despite a slight
dip in accuracy, decision tree models, as shown in this study, generally require less computational power
for both training and inference compared to neural networks. CNNs, especially those with deep
architectures and many parameters, can be quite demanding on resources. For instance, the DateNET
CNN, which achieved high accuracy in classifying date fruits, had a longer classification time per image
(27.88 ms using GPUs) when utilizing combined color and geometric features, in contrast to other CNNs,
such as ResNet (20.77 ms/image). This model had over 4.4 million parameters [27], illustrating its
complexity. Furthermore, CNNs' multi-layered architecture and millions of learnable parameters
necessitate significantly more computational resources [28]. Although GPUs can greatly expedite training
and inference for CNNs, their associated hardware expenses and power consumption remain critical
considerations. This is particularly important for deployment in environments with limited resources,
such as agricultural contexts, mobile devices, or embedded systems.

Another significant distinction between decision trees and CNNs is interpretability. Decision trees are
well-known for their clarity and straightforwardness; the decision-making process unfolds through a
series of clear rules, which can be easily traced and understood by people [29]. Each node in a decision tree
represents a test on a specific feature, with paths leading from the root to the leaves embodying
classification rules, as demonstrated in the work. Conversely, CNNs are frequently described as "black box"
models [30]. Their complex layered feature learning, which utilizes millions of parameters optimized via
sophisticated algorithms like backpropagation, complicates the intuitive understanding of the rationale
behind particular predictions [31]. This lack of transparency can present a substantial barrier in areas
where accountability and a sense of failure modes based on model clarity are crucial.

Further validation was obtained by visualizing the extracted HSV features, which revealed distinct
clustering patterns for different pepper colors. This confirmed the model's ability to discriminate between
classes based on the learned color thresholds effectively. While minor overlaps between yellow and green
clusters highlighted a residual sensitivity to lighting variations, the overall separation underscored the
model's suitability for the task. However, the selection of Hue and Saturation (from the HSV color space)
as features for pepper ripeness classification is grounded in their strong correlation with the visual
changes that peppers undergo during maturation. Color is widely recognized as a primary indicator of fruit
ripeness [32]. For many fruits, including sweet peppers, human harvesters traditionally estimate maturity
levels based on the extent of color change, typically from green to red or yellow [33]. The HSV color space
is particularly well-suited for such tasks because it decouples color information (Hue and Saturation) from
intensity (Value), making it more robust to minor variations in lighting compared to the RGB color space.
Hue directly represents the dominant wavelength of light, corresponding to what humans perceive as
"color" (e.g., red, green, yellow). Saturation describes the purity or intensity of that color, ranging from a
dull gray to a vibrant hue. As peppers ripen, changes in chlorophyll and the synthesis of pigments like
carotenoids and anthocyanins lead to distinct shifts in both hue (e.g., from green towards red) and
saturation (colors often become more vivid). Research on sweet pepper maturity classification specifically
utilizes the hue dimension, sometimes with an angular rotation to ensure continuity in the critical red-
green color range during image processing [33]. This direct link between H and S values and the
physiological ripening processes makes them intuitive and practical features for this model.

Hue and Saturation provide essential color information for pepper ripeness. However, features like texture
and shape descriptors also offer valuable insights and are effective in fruit classification and quality
assessment. Texture features detail surface characteristics, such as roughness, by analyzing pixel intensity
distributions [34]. Common extraction methods include statistics derived from the Gray-Level Co-
occurrence Matrix, such as Haralick features (contrast, energy, and homogeneity), as well as wavelet
transforms. Shape features measure geometric properties, including area and perimeter, using techniques
such as Histogram of Oriented Gradients to capture shape based on intensity gradients. Combining
geometric parameters, such as length and diameter, with color features can significantly enhance
classification accuracy [35]. Though color is often the primary indicator for ripeness, texture and shape
can capture complementary information that may be crucial for distinguishing subtle differences between
classes, identifying defects, or assessing a broader range of quality attributes. This suggests that different
feature types can compensate for the limitations of others, resulting in a more robust and accurate overall
system. Further works can incorporate these feature sets, as robust image sensors are capable of capturing
these multidimensional features to provide a more holistic classification system with higher accuracy.

Conclusions
This study showed the successful integration of a decision tree classifier algorithm into a 6-DoF robotic
arm system for automated post-harvest pepper sorting. The algorithm was developed using the Python
programming language and open-source frameworks such as OpenCV and scikit-learn for efficient and
cost-effective implementation. The system achieved an F1-score of 94.9%, precision of 92%, and recall of
98%, confirming that machine learning-based color classification can be highly accurate for agricultural
sorting tasks. The model was hosted on a Jetson Nano microcontroller, which was used to control the
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robot arm for picking and placing operations.

This study effectively tackled the challenge of creating a scalable, transparent, and efficient automated
crop sorting system. By showcasing the successful integration of a well-calibrated computer vision
system, an accurate 6-DoF robotic arm, and a clear decision tree classifier, it presents a compelling
alternative to more complex AI methods. Moreover, it serves as a valuable guide for designing accessible
automation solutions that strike a balance between performance and interpretability, potentially reducing
implementation costs and significantly advancing innovative farming technologies. One limitation of this
research is the accuracy of the camera. Although calibration techniques were employed to enhance
performance, further improvements are still necessary. Initial tests revealed inconsistencies in color
detection, particularly between red and orange peppers, under varying lighting conditions. While this
issue was somewhat addressed in the study, future research should investigate the use of higher-
resolution cameras and imaging components to resolve it and improve accuracy fully. Additionally, a
limitation arises from the fact that this study was conducted solely on peppers, with the system evaluated
in a controlled laboratory environment where peppers were placed manually. Testing indicated that
specific LED lighting at 4000 K provided the best color rendering. However, this controlled setting does
not accurately represent the challenges present in a real-world agricultural field environment.

Future research should focus on adapting and validating the system for classifying ripeness and quality in
a broader range of crops beyond peppers. Different crops have unique visual characteristics in terms of
size, shape, color, texture, and ripening patterns, making a pepper-optimized model less applicable to
other fruits, such as apples, tomatoes, or grapes, without significant modification or retraining. Adapting
the system requires more than new datasets; it involves tackling high inter-class (between crops) and
intra-class (within a crop type) variability. Additionally, changes in input data domains present challenges
that are similar to or greater than those in this study. AI models, particularly those undergoing intense
learning, are context-dependent, so changing the target crop typically requires retraining with new, crop-
specific annotated images.

Moreover, to confirm the system's practical utility and robustness, it is crucial to conduct field trials.
Laboratory settings, as utilized in this study, fail to encompass the many complexities present in real-
world agricultural environments. Therefore, field trials serve as the definitive test of a system's
performance in operational conditions.

Appendices
Dataset Link: https://drive.google.com/drive/folders/1fOnc2y_A_0bbhW7bnWEu0P48yrWxLu3v?
usp=sharing
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