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Abstract

Bell pepper sorting is an important post-harvest process that influences product quality, market
value and processing efficiency. Traditional manual sorting methods are labour-intensive,
timeconsuming and susceptible to human error, while many automated sorting systems remain
expensive and inaccessible to small-scale farmers. This project presents the design and
implementation of an automated bell pepper colour sorting system based on computer vision and

TinyML technologies.

The proposed system consists of an ESP32-CAM module for image acquisition and colour
classification, an ESP32 microcontroller for system coordination, an infrared sensor for pepper
detection, a conveyor belt driven by stepper motors, and servo-actuated sorting mechanisms. An
Edge Impulse TinyML model was trained using a dataset of 600 training images and 152 testing
images across four classes, green, yellow, red and background. The trained model was deployed

directly on the ESP32-CAM for real-time inference.

Experimental results showed that the Edge Impulse model achieved 100% precision, recall and
Fl-score on the validation dataset. When integrated into the complete prototype, the system
achieved an operational sorting accuracy of 99.6% under normal lighting conditions. The average
inference time was approximately 150 ms per image, while the system processed one pepper every
two seconds. The results demonstrate that low-cost embedded machine learning can provide
accurate and reliable agricultural sorting without requiring high-performance computing

hardware.

The developed prototype offers a practical, affordable and scalable solution for automated pepper
sorting and demonstrates the potential of TinyML-based computer vision systems in agricultural

automation.
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1 Chapter 1: Introduction

1.1 Background

In Zimbabwe, the sorting and grading of horticultural produce is predominantly performed
manually, particularly among small-scale farmers and local packaging facilities. Manual sorting
relies on visual inspection and human judgement, which can result in inconsistencies due to
fatigue, subjective assessment and variations in working conditions (Saleem, Potgieter and Arif,
2021) Such inconsistencies may lead to non-uniform product quality, reduced market value and

increased post-harvest losses.

Peppers (Capsicum) were selected for this study because colour is a key quality attribute used to
determine maturity and marketability. Accurate colour-based sorting is therefore essential for
maintaining product quality and meeting market requirements (Bazargani and Deemyad, 2024a).
Achieving consistent and efficient sorting through manual methods remains challenging,
particularly where large quantities of produce must be processed. This creates a need to investigate
cost-effective automated sorting approaches that can improve sorting accuracy, reduce labour

dependency and enhance post-harvest handling efficiency.

1.2 Problem Statement

Pepper (Capsicum) 1s a commercially important horticultural crop whose quality and market value
are strongly influenced by external attributes such as colour and maturity stage. Accurate sorting
is therefore essential for meeting market standards and maximizing profitability. Studies have
shown that traditional sorting and grading processes are often performed manually and rely on
human judgement, making them labour-intensive, time-consuming and susceptible to

inconsistencies caused by fatigue and subjective assessment(Rasekh et al., 2022)

Inconsistent grading can result in non-uniform product quality, reduced market competitiveness
and increased post-harvest losses. Bell peppers are particularly vulnerable to post-harvest quality
deterioration, with losses reported to approach 40% under inadequate post-harvest handling
conditions (Shin ef al., 2021). Additionally colour-based sorting is critical because colour serves
as a key indicator of maturity and consumer acceptance, directly influencing product classification

and market value.

Automated grading technologies have been developed to improve sorting accuracy and efficiency,

the continued reliance on manual sorting in many horticultural operations highlights the need for




cost-effective and accessible alternatives. This implies that there is a need to investigate an
automated colour-based pepper sorting system capable of improving sorting consistency, reducing

dependence on manual labour, and enhancing post-harvest handling efficiency.

1.3 Aim

To design and construct an automated bell pepper sorting system capable of classifying peppers
according to colour and sorting them into the appropriate categories with minimal human

intervention.

1.4 Objectives

* To construct a conveyor system that presents fruits individually to the vision system.

* To develop an image processing algorithm capable of detecting a fruit's presence and
analysing its dominant colour in real-time.

* To design and integrate a mechanical sorting mechanism activated by the processing unit's

decisions.

1.5 Scop of the study

This study is limited to the design, development and laboratory evaluation of a prototype
automated pepper (Capsicum) sorting system based on colour classification. The system focuses
on sorting peppers into three colour categories, green, yellow and red. Performance evaluation is
restricted to sorting accuracy, throughput and operational reliability under controlled laboratory

conditions at Bindura University of Science Education.

The study is intended as a proof of concept for small-scale and medium-scale post-harvest
horticultural applications. It excludes commercial deployment, long-term durability testing,
outdoor operation, defect detection, size grading, weight-based classification and the sorting of
crops other than bell peppers. Cost evaluation is limited to prototype development costs and does

not include commercial production or maintenance costs.

1.6 Significancy of the study

This study is significant because it contributes to the advancement of agricultural automation
through the development of an embedded vision-based pepper sorting system. By combining

computer vision, machine learning and mechatronic technologies within a single prototype, this




research demonstrates the practical application of modern engineering solutions to improve

postharvest handling processes (Sharma et al., 2021; Ariza-Sentis et al., 2024).

The study contributes to academic knowledge by providing a practical framework for the design,
implementation, and evaluation of an automated sorting system using embedded hardware. It
offers valuable insights into the application of image processing and machine learning techniques
in agricultural environments and serves as a useful reference for future research in embedded

systems, computer vision and precision agriculture.

The research is also significant to the agricultural and engineering industries as it demonstrates the
feasibility of using automated systems to perform colour-based produce classification with
consistency and reliability. The developed prototype highlights the potential of automation to
support quality control processes and improve operational efficiency in produce handling and

grading applications.

1.7 Summary

An overview of the background to the study was provided through examining the role of automated
colour-based pepper sorting and the challenges associated with manual sorting practices in
horticultural production. It identified the need for an automated system capable of improving
sorting consistency, reducing labour dependency and enhancing post-harvest handling efficiency
through the problem statement. Additionally, study's aim and objectives were outlined to form the
basis for the development and evaluation of the proposed vision-based pepper sorting system. The
scope of the study was subsequently defined, outlining the boundaries of the research and the
parameters considered during prototype evaluation. The significance of the study was also
discussed, emphasizing its contributions to agricultural automation, embedded systems, and

postharvest processing.




2 Chapter 2: Literature review

2.1 Introduction

The pursuit of automating agricultural processes is a critical response to global challenges in food
production, quality control, and economic sustainability. This literature review is situated within
this broader context, focusing on the technological evolution of automated sorting systems for
fresh produce, with particular emphasis on pepper sorting. As discussed in Chapter 1, manual
pepper sorting is associated with several limitations, including subjectivity, inconsistency and high
labour requirements. The proposed colour-based automated sorting system builds upon advances

in computer vision, embedded systems, and machine learning technologies.

The primary objective of this literature review is to critically analyse and synthesise existing
research and technological developments relevant to the design and implementation of an
automated pepper sorting system. It seeks to identify established approaches, evaluate their

strengths and limitations and highlight gaps that justify the need for the present study.

The chapter begins by discussing the principles of agricultural automation and colour-based sorting
systems. It then reviews key technologies employed in automated sorting, including computer
vision, image processing, embedded systems, and machine learning techniques. Relevant studies
and existing sorting systems are subsequently examined to identify current challenges and
limitations. Finally, the chapter presents the research gaps addressed by this study and provides a

summary of the literature reviewed.

2.2 Importance of Automated pepper sorting systems

Automated sorting systems have become increasingly important in horticultural production due to
their ability to improve the consistency and efficiency of quality assessment processes. In pepper
production, sorting is primarily based on external quality attributes such as colour, which serves
as an indicator of maturity and market readiness. Traditional manual sorting methods rely on
human judgement and visual inspection, making them susceptible to variability caused by fatigue,
experience level, and environmental conditions (Elwakeel ef al., 2023). As a result, maintaining
consistent grading standards can be challenging, particularly when large volumes of peppers must

be processed within a limited time.




To address these limitations, researchers have investigated the use of computer vision and
automated sorting technologies for colour-based classification of agricultural produce. These
systems can apply predefined grading criteria consistently and process larger quantities of produce
than manual methods, making them suitable for post-harvest handling applications (Kulkarni et
al., 2025). In the context of pepper sorting, automated systems have demonstrated the ability to
classify produce according to colour categories with high levels of accuracy, thereby improving

grading consistency and supporting quality control processes (Bazargani and Deemyad, 2024).

Despite these advantages, the effectiveness of automated sorting systems depends on several
factors. Image-based classification methods are often sensitive to variations in lighting conditions,
camera positioning and background interference, which can affect classification accuracy if not
properly controlled (Jiayun, Boyang and Leung, 2024). In addition, many advanced sorting
systems reported in the literature rely on specialised hardware and computational resources,
limiting their adoption in small-scale agricultural operations where affordability remains a key
consideration. Consequently, there is a growing research interest in developing low-cost embedded
vision systems that can achieve reliable colour classification while remaining accessible to

resource-constrained users.

While automated pepper sorting systems offer significant potential for improving post-harvest
handling and grading consistency, challenges related to cost, environmental robustness and

practical deployment continue to motivate further research and development in this area.

2.3 TinyML in Agricultural Automation

TinyML is an emerging field that combines machine learning with resource-constrained embedded
systems, enabling intelligent data processing directly on low-power microcontrollers. Unlike
conventional machine learning systems that depend on cloud computing platforms or
highperformance processors, TinyML allows inference to be performed locally on edge devices
with limited memory, processing power and energy consumption. This capability has attracted
significant research interest due to its potential to bring artificial intelligence to low-cost and

portable applications(Kallimani ef al., 2023) .

The growing adoption of TinyML has been driven by advances in model compression, quantisation
and optimisation techniques, which enable complex machine learning models to operate within the
hardware constraints of microcontrollers while maintaining acceptable levels of accuracy. As a

result, TinyML bridges the gap between artificial intelligence and embedded systems, making




intelligent decision-making feasible in environments where computational resources, connectivity,

and power availability are limited(Elhanashi et al., 2024) .

In the agricultural sector, TinyML has been applied to a range of tasks including crop disease
identification, fruit classification, pest monitoring, and automated quality assessment. By
performing data processing directly at the point of acquisition, TinyML-based systems can provide
real-time responses without the latency associated with cloud-based processing. This characteristic
is particularly important for automated sorting applications, where classification decisions must be

made rapidly to maintain throughput and operational efficiency (Kallimani et al., 2023).

Despite its advantages, TinyML systems face challenges related to limited memory capacity,
reduced computational resources, and the trade-off between model complexity and classification
performance. These constraints require careful optimisation of machine learning models to ensure
reliable operation on embedded hardware. Nevertheless, the ability to deliver intelligent
functionality using inexpensive and energy-efficient devices has positioned TinyML as a
promising technology for agricultural automation, particularly in resource-constrained

environments where access to advanced computing infrastructure is limited.

2.4 ESP32-CAM in Agricultural Automation

The ESP32-CAM is a low-cost embedded vision platform that captures and processes images
directly on a microcontroller. Unlike conventional colour sensors, it analyses complete images,
enabling the extraction of multiple visual features such as colour, shape, size and surface

characteristics.

Traditional agricultural sorting systems commonly use Light Dependent Resistors (LDRs) or
dedicated colour sensors (Seiphepi ef al., 2020). LDRs measure reflected light intensity but cannot
distinguish colours directly and are highly susceptible to changes in ambient lighting, resulting in
poor classification accuracy. Colour sensors improve performance by measuring red, green and
blue (RGB) light components; however, they typically sample only a small area of the object,

making them less effective for produce with uneven colour distribution or varying ripeness.

The ESP32-CAM overcomes these limitations by employing image-based colour classification.
Instead of relying on point measurements, it analyses the entire visible surface of the produce,

enabling more accurate classification of pepper maturity stages (green, yellow and red). In




addition, the same image can be used to extract other quality attributes, including size, shape and

surface defects without additional sensors (Kulkarni ef al., 2025).

Although the ESP32-CAM has limited processing power and memory compared to
highperformance embedded computing platforms, lightweight image processing and machine
learning algorithms enable real-time operation. Its ability to perform multi-feature analysis using
a single low-cost camera makes it a practical and versatile solution for automated agricultural

sorting systems.

2.5 Edge Impulse for Embedded Machine Learning

Edge Impulse is an end-to-end machine learning development platform designed for
resourceconstrained edge devices. It provides an integrated environment for data acquisition, data
labelling, feature extraction, model training, performance evaluation, and deployment on
microcontrollers and embedded systems (Tolani et al., 2025). The platform supports a wide range
of hardware, including ESP32-based devices, making it suitable for low-cost intelligent sensing

applications.

A key advantage of Edge Impulse is its ability to generate lightweight machine learning models
that are optimised for devices with limited memory, processing power and energy consumption.
The platform employs techniques such as model quantisation and optimisation to reduce
computational requirements while maintaining acceptable classification accuracy. This enables
machine learning inference to be performed directly on embedded devices without relying on

cloud-based processing (Hymel et al., 2023).

Several studies have demonstrated the effectiveness of Edge Impulse in image classification, object
detection, predictive maintenance and agricultural monitoring applications. In computer vision
systems, the platform simplifies the development of embedded image classification models by
integrating image preprocessing, neural network training, performance validation and automatic
code generation within a single workflow. This significantly reduces development time while

enabling deployment on low-cost hardware (Mihigo et al., 2022).

Compared with conventional cloud-based machine learning systems, Edge Impulse supports
ondevice inference, which reduces communication latency, improves response time, lowers

bandwidth requirements, and enhances data privacy. These advantages make it particularly suitable




for real-time agricultural sorting systems, where rapid classification decisions are required and

reliable internet connectivity may not always be available.

2.6 Related works

2.6.1 Automatic Bell Pepper Colour Detector and Sorting Machine

(Seiphepi et al., 2020)developed an automated bell pepper sorting machine that uses Light
Dependent Resistors (LDRs) and artificial light sources to identify pepper colour. The system
detects variations in reflected light intensity and uses these measurements to classify peppers
according to colour categories. A conveyor mechanism transports peppers to designated

collection points based on the detected colour.

The major advantage of this approach is its simplicity and low implementation cost. However,
the system relies heavily on ambient lighting conditions and requires careful calibration. Since
LDRs only measure light intensity rather than analysing complete images, the system cannot
distinguish complex colour variations or identify defects and shape characteristics. The study
primarily reported simulation results in Proteus and did not provide experimental performance

metrics such as classification accuracy, precision, or processing speed. Results of the project
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Figure 2:2 The system design (object ejection system)

Figure 2:2 shows the object ejection subsystem which was responsible for directing peppers into
their respective collection bins after colour classification. The subsystem uses logic gates and
relays to activate dedicated ejector motors corresponding to green, red, yellow or rejected objects.
A SORT ENABLE signal ensures that ejection occurs only when the pepper reaches the sorting
position. Once the appropriate colour signal is received, the corresponding relay energises and
activates an ejector mechanism that diverts the pepper from the conveyor into the designated bin.
Indicator LEDs provide visual confirmation of the sorting action, while flyback diodes protect the
control circuitry from relay-induced voltage transients. This arrangement enables automatic,

reliable, and real-time sorting of peppers based on colour classification.

2.6.2 A Four-Level Maturity Index for Hot Peppers

(Legner et al., 2021)proposed a non-invasive pepper maturity assessment system based on portable
Raman spectroscopy. The system captures spectral signatures from pepper surfaces and analyses
them using chemometric models to classify peppers into four maturity levels ranging from

immature to fully mature.

The method demonstrated high reliability for assessing biochemical changes associated with
ripening, including chlorophyll degradation and carotenoid formation. However, Raman

spectrometers are expensive and require specialised equipment and expertise, limiting their




adoption by small-scale farmers. Additionally, the system focuses on maturity estimation rather

than real-time automated sorting.

Compared with Raman spectroscopy, the proposed ESP32-CAM solution offers a significantly
lower-cost alternative while maintaining practical classification capabilities suitable for real-time

sorting operations.

2.6.3 CNN-Based Fruit Classification Systems

Recent studies have demonstrated the effectiveness of Convolutional Neural Networks (CNNs) in
automated fruit classification. CNNs automatically learn discriminative image features such as
colour, shape, texture and surface patterns directly from training images, eliminating the need for
manual feature extraction. (Wang, 2022a)developed an eight-layer CNN-based fruit recognition
system and achieved a classification accuracy of 91.63%, demonstrating the suitability of deep

learning techniques for agricultural sorting applications.

Similarly, reviews of CNN applications in fruit image processing have shown that deep learning
methods consistently achieve high classification performance in fruit recognition, quality
assessment and defect detection tasks. These approaches outperform many traditional
imageprocessing methods due to their ability to learn complex visual representations from large

datasets.

Despite their high accuracy, CNN-based classification systems often require substantial
computational resources for model execution. Many implementations depend on highperformance
processors, GPUs, Raspberry Pi platforms or cloud-based computing infrastructure, which
increases system cost, power consumption and deployment complexity. These requirements can
limit adoption in small-scale agricultural environments where affordable and energy-efficient

solutions are preferred.

2.7 Research Gaps

Gap Description Solutions

10



Narrow Existing work focuses only on ripeness | Sorts explicitly into three independent
sorting stages; treats green, yellow, and red as | colour classes (green, yellow, red) as
criteria sequential  ripeness  rather  than | distinct market grades; includes
independent market categories; no | simple contour detection to confirm
verification that the object is actually a | the object is a pepper before
pepper. classification.
Lack of| Heavy reliance on LDRs or basic colour | Using ESP32-CAM  with  Edge
sensors that are highly sensitive to
accuracy ) i ) Impulse model
ambient light and fluctuations.
High cost Designs require numerous analogue | A cheap model from locally available
components, shielding, and complex | tools
circuitry.
Outdated Continued use of LDR-based detection | Adopts embedded tinyML capability
technology | despite availability of modern vision | via Edge Impulse.
and Al solutions.
Low Uncontrollable motors and slow | Fast image processing  speed-
processing proczssmg foroe very low conveyor controlled conveyor, and instant servo
speed Speeds. ejection yield high sorting speeds

Table 2:1 gaps in existing studies

2.8 Existing systems analysis

System

Limitation
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Manual sorting Workers inspect peppers by eye. Slow and results vary between workers
(Seiphepi et al., 2020).

LDR systems Use light sensors. Accuracy changes when lighting changes (Seiphepi et
al., 2020).

RGB sensors Detect colour values only and cannot learn image patterns like Al
models.

PC-based Need a computer for processing, making them expensive and less portable

vision (Kohut and Skop, 2024).

systems

CNN systems Very accurate but often require Raspberry Pi, GPU, or high-performance
processors (Wang, 2022b).

Table 2:2 existing system limitations

Table 2:2 outlines existing pepper sorting approaches limitations compared to the proposed ESP32-
CAM and Edge Impulse TinyML-based system. Manual sorting is slow and inconsistent, while
LDR systems are affected by lighting conditions. RGB sensors have limited feature extraction and
PC-based systems are expensive and power-intensive. CNN-based methods offer high accuracy

but require powerful hardware.
2.9 Summary

This literature review examined the development of automated pepper sorting systems and the
technologies that support them, including computer vision, embedded systems, TinyML,
ESP32CAM platforms, and machine learning techniques. The reviewed studies demonstrated that
automation can improve sorting accuracy, consistency and efficiency compared to traditional
manual methods. Several research gaps were identified, including the continued reliance on LDR
and basic colour sensor technologies, limited classification accuracy under varying lighting
conditions, high implementation costs, dependence on resource-intensive computing platforms and
low processing speeds in some existing systems. To address these gaps, the proposed study adopts
a low-cost ESP32-CAM and Edge Impulse TinyML-based approach capable of real-time pepper

colour classification and sorting.
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3 Chapter 3: Methodology

3.1 Introduction

This chapter presents the methodology used to design and develop the automated colourbased
pepper sorting prototype. It begins by outlining and justifying the selected engineering design
approach, followed by the system requirements specification, including the hardware and
software components. The chapter then describes the overall system architecture, operational
flow, hardware and software implementation, circuit designs and classification algorithms.
Finally, ethical considerations relevant to the project are discussed before the chapter summary.

3.2 Project approach

The engineering design approach was employed in this project with strong focus on prototyping.
The rationale behind the choice of the approach was that the main objective was not to come up
with current scientific principles, but to combine the existing knowledge and technologies known
such as computer vision, embedded systems and mechatronics to create a working low-cost
solution to a practical and a specific problem. It is inherently iterative and solution oriented with

the following major stages in the methodology:

e Requirements Analysis

Determining the functionality and non-functionality requirements of the system according to the

literature review and problem statement.

*  System Design

Creating the general system architecture, choosing the right hardware and software elements, and

developing specific design documents (block diagrams, flowcharts, circuit schematics).

e Implementation (Prototype Development)

Physical prototype construction, embedded software development and incorporation of all

subsystems into a unified system.

o Testing and Evaluation

Strictly testing the prototype based on the requirements in order to analyse its performance

(accuracy, speed, reliability) and determine how it can be improved.

e [teration

Optimization of the design and implementation of the work results through the test.
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This iterative, prototyping cycle is best suited to this project because it enables the practical testing
of ideas and discovery of practical issues that may not be evident within a strictly theoretical

analysis and simulations.

3.3 System Requirements Specification

The following requirements were identified as essential for the prototype's functionality.

3.3.1 Hardware requirement

3.3.1.1 Esp32 microcontroller

ESP32 was selected as the core controller because of an exceptional ability of the core to provide
a combination of processing capabilities, peripheral integration and low cost. The ESP32 has a
dual-core processor with a maximum frequency of 240 MHz, unlike other simpler microcontrollers
like the Arduino Uno which only has a single core (Espressif Systems, 2019). This is necessary
since this system requires real-time multi-processing capabilities. The step pulses to be sent to the
stepper motor and the monitoring of the IR sensor can be done on one core and the UART
communication with the ESP32-CAM and the main control logic are implemented on the other
core. This hardware parallelism will guarantee that the movement of the conveyors will be smooth

and responsive even when the system will be awaiting the results of the colour classification.

[ ESP32 DevKitC v4

Figure 3:1 ESP32 microcontroller

3.3.1.2 ESP32 cam

The ESP32-CAM module was selected as the vision subsystem due to its integration of an OV2640
camera sensor and an ESP32 processor on a compact, low-cost platform. This integration
simplifies the hardware design by eliminating the need for separate camera modules, additional
interface circuitry, or external image-processing units. The onboard processor is capable of
capturing images and performing colour classification using either image-processing techniques
or lightweight machine learning models developed with Edge Impulse. By assigning image

acquisition and classification tasks to the ESP32-CAM, the main ESP32 microcontroller is free to
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focus on real-time conveyor control, position tracking, and ejection operations. This distributed
processing approach improves overall system efficiency, responsiveness, and reliability while

maintaining a low hardware cost.

| ESP32 CAMERA PINOUT

Figure 3:2 ESP32 cam Module

3.3.1.3 Stepper Motor

Precise control of the conveyor belt is critical to the system's success, as peppers must be positioned
accurately under both the camera and the ejection mechanism. A stepper motor was selected for
this task because it offers inherent positioning precision without the need for feedback encoders.
Stepper motors move in discrete increments or steps, allowing the ESP32 to command an exact
number of steps and know with certainty how far the conveyor has advanced. This openloop
control simplifies both hardware and software while providing the accuracy required for consistent

sorting.

Figure 3.3 stepper motor
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3.3.1.4 Servo motor

The ejection mechanism requires an actuator that can move quickly and precisely to divert peppers
into the correct collection bins. A micro servo motor was chosen for this role because it excels at
accurate angular positioning. By sending a simple PWM signal from the ESP32, the servo can be
commanded to rotate to a specific angle such as zero degrees for green, ninety degrees for yellow,
and one hundred eighty degrees for red with no complex feedback or control loops required. This

simplicity makes the servo easy to program and integrate into the overall system.

Figure 3:4 Servo motor

3.3.1.5 IR sensor

Reliable detection of a pepper's arrival at the inspection station is essential for triggering the image
capture sequence. An infrared (IR) proximity sensor was selected for this purpose due to its
simplicity, low cost, and non-contact operation. Unlike mechanical limit switches, which could
crush or damage delicate peppers, the IR sensor detects the presence of an object by measuring
reflected infrared light. This non-contact method ensures that peppers are handled gently, reducing

post-harvest losses.
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Figure 3:5 IR sensor

All the elements in this system have been carefully chosen by considering the role and performance
needs and value to the overall objectives of the project. The ESP32 offers the computing power
and flexibility of the I/O necessary to make shoulder-osteometers operate in real-time, whereas the
ESP32-CAM offers precision in the classification of colour at a low-cost. The stepper motor
provides accuracy in the conveyor positioning, the servo motor provides speed and accuracy in
ejection and the IR sensor provides a reliable and non-contact presence detection. These elements
collectively create a high-performance, integrated system that supports the goals of accuracy,

throughput, affordability, and scalability.

3.3.2 Software requirements

Developing the embedded firmware and where relevant, training the machine learning model needs
certain software tools to promote the correct operation of the prototype. Among the existing
various tools that can be used to perform these tasks, the following tools have been chosen due to

their appropriateness, availability and their suitability to the goals of the project.

3.3.2.1 Arduino IDE

Arduino IDE was chosen because of its simplicity, functionality, and accessible features, for the
ESP32 and ESP32-CAM. The intuitive interface hides the implementation of the low-level
configurations of the hardware, cuts down on the learning curve and lets developers concentrate
their efforts on the higher-level aspects of device operation. Additionally, this selection was
supported by a large library of proven libraries such as ESP32Servo, AccelStepper and

HardwareSerial, allowing for precise servo/stepper control and serial communication, which helps

to greatly shorten development time, minimize errors and ensure real-time timing accuracy when
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communicating with the hardware. It is also open source, cross platform and is free for everyone,
making it a philosophy that is in line with the projects vision of providing an affordable solution.

testing.

Figure 3:6 Arduino IDE workspace

3.3.2.2 Edge impulse

Edge Impulse was selected as the machine learning development platform because it is specifically
designed for TinyML applications on resource-constrained embedded devices such as the
ESP32CAM. The platform provides an integrated workflow for data collection, image labelling,
model training, optimisation and deployment, reducing development complexity and time. Unlike
general-purpose machine learning platforms such as TensorFlow or PyTorch, which often require
extensive coding and additional optimisation for embedded deployment, Edge Impulse
automatically generates memory-efficient models and Arduino-compatible libraries that can be
deployed directly on the ESP32-CAM. Furthermore, its EON optimisation technology reduces
memory usage and inference time, making it well suited for real-time pepper colour classification

on low-cost hardware.
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Figure 3:7 edge impulse working environment

3.4 System Architecture

The automated pepper sorting prototype system architecture is in the form of a distributed control
system in which several sub systems are coordinated by the central microcontroller. The
architecture provides a high-performance communication between the vision module, sensors and

actuators to facilitate real time decision of sorting and a high precision of mechanical performance.
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3.4.1 Subsystem units

3.4.1.1 Power supply

v

ServMoto

SelectidMlechanis

5 V/ 2A mains adapter was selected as a power source in this system. The voltage is appropriate to

the ESP32 and ESP32-CAM modules both of which take in 5V on the VIN or 5V pin and the

onboard regulators safely decrease the voltage to 3.3V to run the modules internally. The IR sensor,

5 V logic levels, and the servo motor, which can work well within its 4.8 V to 6 V range, also use

the 5V supply. A 2A current rating is enough to power all the components, and the current rating
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(2A) has a safe margin to the total requirement of 990 mA, calculated. Reverse polarity protection,
overcurrent protection, and decoupling capacitors are included to make sure that the functioning
will be reliable. The design of the power supply has removed undervoltage resets and overvoltage

damages, allowing the sorting to be stable

3.4.1.2 Conveyor belt

The conveyor belt is precisely moved by a stepper motor driven by a driver and an ESP32
microcontroller. The reason for selecting the stepper motor was that it is capable of providing
accurate positional control, holding torque and adjustable speed. The conveyor runs at different
speeds and the time is given for image processing, one for each pepper. This application results in
a design that guarantees synchronisation of pepper transport, pepper colour classification and

pepper servo ejection.

3.4.1.3 Selection mechanism

The mechanism of selection physically diverts each pepper to the correct colour coded bin
depending upon the classification outcome of the ESP32 CAM. The selection of a servo motor was
due to its ability to provide angular control, adequate torque and quick response time. The servo is
equipped with a lightweight paddle or push arm that is connected to the output shaft. After a colour
classification (green, yellow, or red) is sent to the ESP32 microcontroller, a PWM signal is
produced that causes a certain servo motor to move. The servo immediately turns to the required

location, ejecting the pepper out of the conveyor belt and into the required container.

3.4.1.4 Image detection and processing

The image detection and selection unit will capture an image of every pepper and identify the
colour class of that pepper. The choice of an ESP32-CAM was based on the fact that the module
combines a 2-megapixel OV2640 camera sensor with an onboard ESP32 processor, thus removing
the use of an external microcontroller to process images and make inferences. Upon receipt of a
trigger signal in the IR sensor, the ESP32-CAM takes a snap shot of the pepper on the conveyor
belt. The esp32cam runs the inferencing AI model and deduce the color of the present pepper. After
a colour choice has been made, the outcome is transmitted through the UART serial to the main
ESP32 microcontroller, which then acts by instructing the servo motor to spurt the pepper into the

correct bin.

3.4.1.5 Main controller

The primary controller is the processing and coordination centre of the whole automated pepper

sorting system. An ESP32 microcontroller was chosen to fill this role since it provides dual core
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processing, on-board Wi-Fi and Bluetooth, multiple input/output pins and low power consumption.
There are five main functions of the ESP32. It can detect the pepper, which triggers the IR sensor
to send a signal to the first one. Second, it interacts with the ESP32-CAM module through UART
serial communication to ask to take an image and get back the result of the colour classification
(green, yellow or red). Third, it produces step and direction pulses to regulate the stepper motor
driver, which drives the conveyor belt at the desired speed. Fourth, it measures the location of
every pepper by counting step pulses, making sure that the movement of the belts and ejection
timing are properly in step. Fifth, it delivers a PWM signal to the servo motor to trigger the ejection
mechanism at the exact point when the pepper is at the ejection point. The coordination between
the sensing, processing, and actuation subsystems is realised through reliable and real-time

coordination by centralising all the control functions in a single ESP32 microcontroller.

3.4.2 Signal flow description

The sorting process begins when a pepper passes in front of the IR sensor. Upon detection, the
sensor sends a signal to the main ESP32 microcontroller, which then transmits a command to the
ESP32-CAM module to capture an image of the pepper. The ESP32-CAM acquires the image
using its OV2640 camera sensor and performs image preprocessing and colour classification using
a trained Edge Impulse TinyML model. The resulting classification, corresponding to the green,

yellow, or red colour class, is transmitted back to the main ESP32 via UART communication.

While image acquisition and classification are being performed, the conveyor belt continues to
operate under the control of the main ESP32. The controller continuously generates step pulses for
the stepper motor driver and simultaneously tracks the pepper's position by counting the number
of pulses issued. Since each motor step corresponds to a known linear displacement of the

conveyor belt, the controller can determine the location of the pepper throughout its movement.

Once the classification result has been received and the pepper reaches the predefined ejection
position, the main ESP32 generates a PWM control signal for the servo motor associated with the
detected colour class. The selected servo actuates the sorting mechanism, diverting the pepper into
the corresponding collection bin. After ejection, the servo returns to its neutral position, and the
system resumes monitoring for the next pepper, thereby enabling continuous and automated sorting

operation.
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3.6 System design and implementation

This section presents the hardware and software implementation of the proposed automated bell
pepper colour sorting system. It describes the electrical hardware, embedded software,

communication architecture, algorithms and mathematical models used to realise the prototype.
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3.6.1 Circuit diagrams

Figure 12 shows the complete circuit diagram of the automated pepper sorting system. The
schematic diagram was created using the Fritzing simulation desktop application. The diagram
illustrates all electrical connections between the ESP32 main controller, ESP32-CAM module, IR

sensor, stepper motor driver, stepper motor, and servo motor.

T il

Figure 3:9 Complete circuit diagram of the automated pepper sorting system

3.6.2 Hardware design

This section describes the hardware implementation of the proposed system. It explains the
electrical interfacing of each subsystem and the functional role of every hardware component

within the complete sorting system.

3.6.2.1 Esp32cam to esp32 interfacing
The ESP32-CAM module communicates with the main ESP32 microcontroller using UART

(Universal Asynchronous Receiver-Transmitter) serial communication. UART communication
was selected because it provides reliable full-duplex serial communication while requiring

minimal hardware resources and processor overhead.
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Figure 3:10 schematic diagram esp32cam interfacing

ESP32 Main Pin | ESP32-CAM Pin | Function

GPIO 16 (TX2) | RX Send command to camera
GPIO 17 (RX2) | TX Receive classification result
5V 5V Power (5V DC)

GND GND Common ground

Table 3:1 esp32cam interfacing pin allocation table

3.6.2.2 Servo motors to esp32 interfacing

The use of independent servo actuators eliminates the need for a complex mechanical linkage,
improves reliability and allows each sorting gate to operate independently. Each servo is dedicated
to ejecting one specific variety of pepper into its corresponding bin Servo 1 (green bin), Servo 2

(yellow bin), and Servo 3 (red bin). This design improves system reliability by distributing the
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mechanical load across three actuators, reducing the risk of a single servo overheating or being

overworked during continuous operation. Figure 14 shows the schematic diagram of the

connections.
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Figure 3:11 schematic diagram of servo motor interfacing
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Servo Motor (MG996R) Main ESP32 Function

(VCC) — All servos 5V Power Supply (shared) Power (5V)

(GND) — All servos GND (common) Ground

Signal- Servo 1 (Green) GPIO 25 PWM control for green ejection
Signal — Servo 2 (Yellow) GPIO 26 PWM control for yellow ejection
Signal — Servo 3 (Red) GPIO 27 PWM control for red ejection

Table 3:2 servo motor pin allocation
3.6.2.3 Stepper motor to esp32 interfacing

The conveyor is driven by two synchronised 28BYJ-48 stepper motors operating in parallel.

Sharing the mechanical load reduces the torque requirement on each motor, improves conveyor

stability and minimises the risk of missed steps during continuous operation.
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Figure 3:12 stepper motor interfacing

ESP328S3 Pin | Driver 1 (INx) | Driver 2 (INx) | Function

GPIO 5 IN1 IN1 Motor coil control 1
GPIO 18 IN2 IN2 Motor coil control 2
GPIO 19 IN3 IN3 Motor coil control 3
GPIO 21 IN4 IN4 Motor coil control 4
VIN 5V VCC VCC Power supply (5V)
GND GND GND Ground

Table 3.3 stepper motor pin connections

3.6.2.4 Infrared sensor to ESP32 Interfacing

The FC-51 obstacle avoidance sensor is used to detect the presence of a pepper as it approaches
the camera station. This infrared (IR) sensor provides a digital output signal that changes state
when an object is detected, triggering the image capture process. Figure 16 shows the schematic

diagram of the connections.
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Figure 3:13 infrared sensor interfacing

FC-51 Sensor Pin ESP32S3 Pin Function

VCC VIN 5V Power supply (5V)

GND GND Ground

ouT GPIO 34 Digital input signal

Table 3:4 IR connections pins

3.6.3 Software design

The software design encompasses all code written for the ESP32 main controller and the
ESP32CAM module. The software is responsible for object detection, image capture, colour
classification, conveyor control, position tracking, and servo actuation. The development was
carried out using the Arduino IDE with the ESP32 board package. Model training was performed
using the Edge Impulse platform, where image data were labelled, trained and exported as an

Arduino-compatible C++ library.
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3.6.3.1 System architecture

The software follows a modular architecture with two independent communicating firmware
programs, one running on the main ESP32 and another running on the ESP32-CAM.
Communication between the two is achieved via UART serial protocol at 115200 baud. A modular
software architecture was adopted to simplify debugging, improve maintainability and allow

independent execution of the conveyor control and image processing tasks.

Main controller Esp32 cam
Conveyor control Image capture

IR sensor read Image processing

Position tracking Image resizing and
color specifications

Servo controf
Classification

Camera control

Alert handling

Figure 3:14 system architecture

3.6.3.2 Main esp32 microcontroller code

The main ESP32 executes the central control logic. The main controller coordinates all hardware
subsystems and ensures deterministic operation through sequential execution of sensing,

communication, position tracking and sorting operations.
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Figure 3:15 pin definition

e Stepper motor control functions

The stepper motor is controlled using a simple step and direction interface. Since both motors are

connected in parallel, a single set of control signals drives both ULN2003 drivers simultaneously.

Figure 3:16 stepper motor control code

e Servo motor control functions

Three servos are used, each dedicated to one pepper colour. Only the servo corresponding to the

classified colour is activated.
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Figure 3:17 servo control function

e UART communication with ESP32cam

The main ESP32 communicates with the ESP32-CAM using Serial2 hardware UART.

main_controller_code.ino

_8N1, 16, 17);

Figure 3:18 UART communication

*  Main control loop

The main control loop integrates all subsystems into a cohesive sorting sequence.
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Figure 3:19 main controller loop

3.6.3.3 Esp32-cam firmware

The ESP32-CAM module captures images and performs colour classification. The firmware waits
for a "CAPTURE" command from the main ESP32, captures an image, processes it, and returns
the classification result. The image processing algorithm executes entirely on the ESP32-CAM,

reducing the computational burden on the main controller.

Figure 3:20 camera initialisation
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Figure 3:21 esp32cam loop

3.6.4 Error Handling and Safety Mechanisms

To improve the reliability and safety of the automated pepper sorting system, several error handling
and emergency control mechanisms were incorporated into both the hardware and software design.
An emergency stop push button was installed to allow immediate shutdown of the sorting process
in the event of a malfunction, obstruction, or other unsafe operating condition. When activated, the
emergency stop button interrupts normal system operation by halting conveyor movement and
disabling the ejection mechanism. The system remains in this state until the fault is addressed and

the machine is manually restarted.

In addition, the software continuously monitors the operational status of the ESP32-CAM module
during system startup. Before normal operation begins, the firmware attempts to initialise the
camera and verify successful communication with the image sensor. If camera initialisation fails,
the system prevents the sorting process from starting and generates an alert through the serial
monitor and status indicator. This mechanism ensures that peppers are not processed without a

functioning vision subsystem, thereby preventing incorrect classification and sorting.

3.6.5 Algorithms

This section presents the complete design process for developing the fruit detection and colour

classification system, from initial data acquisition through to the final deployed model on the
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ESP32-CAM. The methodology follows a systematic machine learning pipeline combined with

classical computer vision techniques to achieve robust, real-time pepper sorting.

3.6.5.1 Data collection

All data collection was performed on the experimental sorting system under natural lighting using
the identical ESP32-CAM hardware that would perform real-time classification. This unified
approach preserved colour fidelity, lighting consistency, and background consistency, effectively
eliminating the primary variables that cause colour-blind errors in vision-based sorting systems.
Using identical hardware during both training and deployment minimised domain shift and

improved classification consistency.

o ESP32-CAM Data Collection Web Server Design

An ESP32-CAM module was configured to host a lightweight web server that served as the data
collection interface. This approach eliminated the need for external cameras or manual image
transfer, ensuring that all training data was captured using the exact same hardware that would

perform the final classification.

Figure 3:22 image collection web code

*  Model training using edge impulse
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The collected data was subsequently used to train an object detection and colour classification
model on the Edge Impulse platform. The trained model was exported as an Arduino library and
deployed to the ESP32-CAM for real-time inference during sorting operations.

) o e | v Mo

Figure 3:23 model training snippets

3.6.6 Dataset Preparation and Training

A dataset of bell pepper images was collected and used to train the Edge Impulse TinyML model.
Four classes were created: Green, Yellow, Red, and Background. Each class contained 150 training
images and 38 testing images, as shown in Table 3:5

Class Training Images Testing Images
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Green 150 38
Yellow 150 38
Red 150 38
Background 150 38
Total 600 152

Table 3:6 training data table

The training images were used to train the model, while the testing images were used to evaluate
its performance on unseen data. The background class was included to help the model distinguish

peppers from non-pepper objects and empty conveyor scenes.

3.6.7 Mathematical modelling

Mathematical models were used to describe, predict, and optimise the behaviour of key subsystems
in the automated pepper sorting system. These models provide a theoretical foundation for
calibration, performance prediction, and validation of experimental results. The following
subsections present the mathematical formulations for conveyor kinematics, throughput
estimation, colour classification, servo control, IR detection, error analysis and power

consumption.

3.6.7.1 Conveyor kinematics

The conveyor belt is driven by two 28BYJ-48 stepper motors connected in parallel. The
relationship between the number of step pulses and linear belt displacement is fundamental to

position tracking.

Step calibration constant

Nr
spp=__mD
where:
« N»= 2048 steps/revolution
« D =25mm
2048
Substituting: Spp = n25 mm

Spp = 26.08 steps/mm
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[Sle~ 26.1[steps/mm

Equation 3:1 step calibration

Linear displacement as a function of step count:

n
x(n)=_——
Spp
and
n
x(n)=_
Spp
then:
n
x(n)=—_
0.153
x(n) = 6.54n
Therefore,
b (n) = 6.54n mm|
Where:

x(n) is belt displacement (mm)

n number of step pulses sent spp is

steps per millimetre steps/mm
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Equation 3:2 linear displacement Belt

linear velocity:

fs
v=__
Spp
then
v = 10
153 ¢,
v = 65.4 mm/s
If
fs= 20 steps/s
then
v =130.8 mm/s
Where:

* v belt velocity (mm/s)

* fsstep pulse frequency (Hz)

* spp is steps per millimetre steps/mm

Equation 3:3 belt linear velocity

3.6.7.2 Ejection modelling Servo

Response Time:

Servo rotation time ts for an angle 6:

and the servo speed is:
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w=300°/s

then

a0
ts= ﬁ ts=03s

Equation 3:4 servo response

3.7 Ethical considerations

This project adheres to the ethical standards of engineering research as prescribed by Bindura

University of Science Education (EEE4000 guidelines) and the Engineering Council of Zimbabwe.

3.7.1 Human and Animal Subjects

No human or animal subjects were involved in this study. The system processes only bell peppers

(Capsicum), which are agricultural produce.

3.7.2 Electrical Safety

All circuits operate at extra-low voltage (5 V DC). No high-voltage (mains) components are present

on the prototype. However, the following precautions were implemented:

All exposed conductive parts are enclosed in acrylic casing.

The power supply adapter is certified to IEC 62368-1.

Decoupling capacitors (1000 uF, 100 nF) suppress voltage spikes from stepper motor switching.
A reverse polarity protection diode (1N4007) is placed in series with the 5 V input.

3.7.3 Mechanical Safety

Moving parts (conveyor belt, stepper motor shafts, servo paddles) are guarded with covers to
prevent finger entrapment. Warning labels are affixed near the ejection zone. No sharp edges are

present on pepper-contacting surfaces.

3.7.4 Waste Minimisation and Environmental Responsibility

Fresh pepper samples (Capsicum) were used solely for system testing and remained suitable for

future demonstrations, thereby minimising material waste.
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3.7.5 Intellectual Property and Open-Source Compliance

The Arduino IDE, ESP32 board package, ESP32Servo library, and AccelStepper library are used
under the GNU Lesser General Public License (LGPL).

Edge Impulse is used under its free academic license.

OpenCV is used under the BSD license.

3.8 Summary

A comprehensive engineering methodology was used to design and build an automated colour-
based pepper sorting system. An iterative prototyping approach was justified and implemented.
The system architecture was described as a distributed control system with five subsystems, and
the signal flow was detailed step-by-step. A flow chart summarised the control logic of a single
sorting cycle. Circuit diagrams and pin allocation tables were provided. Embedded firmware
structure and the colour classification algorithm were explained. Mathematical models for
conveyor kinematics, throughput, and servo response were derived. Finally, ethical considerations
covering electrical safety, mechanical safety, waste minimisation, data integrity and intellectual
property were addressed. This methodology provides a reproducible framework for the
construction and testing of the prototype. The following chapter presents the experimental results

obtained from this system.

4 Chapter 4: EXPERIMENTAL RESULTS AND ANALY SIS

4.1 Introduction

This chapter presents the evaluation and analysis of the developed automated colour-based pepper

sorting prototype. The system performance was assessed using three key criteria, sorting accuracy,
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throughput and operational reliability. Sorting accuracy was evaluated using precision, recall, and

F1-score metrics for each pepper colour class. Throughput analysis considered the sorting rate.

System testing was conducted using a representative sample of green, yellow, and red peppers
under different conditions. Multiple sorting trials were performed to assess classification
performance, conveyor operation and ejection accuracy. The evaluation criteria were defined as
follows, classification accuracy was measured as the proportion of correctly classified peppers
relative to the total number tested, precision, recall and Fl-score were used to evaluate
classspecific performance throughput was measured as the number of peppers successfully sorted
per unit time, and operational reliability was assessed by observing system performance under
different lighting conditions. The collected experimental data were analysed and compared against

the design objectives established in Chapter 1.

4.2 System implementation results

The complete prototype was successfully assembled according to the design specifications outlined
in Chapter 3. Figure below shows the fully integrated system comprising the conveyor belt driven
by a stepper motor, the ESP32-CAM vision module positioned above the inspection station, the IR
proximity sensor for pepper detection, and the servo-actuated ejection flap mechanism with three

collection bins.
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Figure 4:1 pepper sorter

4.2.1 Edge Impulse Model Performance

The trained Edge Impulse TinyML model was evaluated using the validation dataset generated
during model training. The model achieved a precision, recall and F1-score of 100%, indicating
perfect classification performance on the validation dataset. The confusion matrix showed no
misclassification between the green, yellow and red pepper classes. These results demonstrate the

effectiveness of the trained model for colour-based pepper classification.
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Figure 4:2 Edge Impulse validation results showing confusion matrix, precision, recall and Flscore

for the trained bell pepper classification model.

4.3 Data presentation

4.3.1 Sorting Accuracy Test

The primary performance metric was sorting accuracy, defined as the percentage of peppers
correctly classified and diverted into the correct collection bin.

Metric Value

Precision 100%
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Recall 100%
F1 Score 100%
Green Classification Accuracy 100%
Yellow Classification Accuracy 100%
Red Classification Accuracy 100%

Table 4:1 Edge Impulse Validation Results

4.4 Throughput Performance

Throughput was evaluated by measuring the number of peppers successfully sorted within a fixed
time interval. Three experimental trials were conducted with the conveyor operating at its
maximum stable speed. During each trial, the time required to sort a known number of peppers

was recorded and the throughput was calculated using:

where T1is the throughput (peppers/s), Nis the number of peppers sorted, and tis the elapsed time
(s).

Equation 4:1 throughput calculation equation

Trial Peppers Sorted Time (s) Throughput (peppers/s)
1 20 40 0.50
2 20 39 0.51
3 20 41 0.49
Average |20 40 0.50

Table 4:2 throughput analysis
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4.5 Servo Motor Response Time

The servo motor's response time was measured from the instant the classification result was
received to the completion of the ejection movement.

Ejection Angle | Command to Start (ms) | Movement Duration (ms) | Total Response (ms)
0° — 90° 8 120 128
90° — 180° 8 118 126
180° — 0° 8 122 130
Average 8 120 128

Table 4:3 servo motor response time

The average total response time was sufficiently fast to divert peppers accurately at the conveyor

speed.

4.6 Lighting Condition Sensitivity

To evaluate robustness, the system was tested under three different lighting conditions: bright,
moderate, and dim.

Lighting Colour Samples Tested Correct
Bright Green 30 30
Bright Yellow 35 34
Bright Red 35 35
Moderate Green 30 29
Moderate Yellow 35 33
Moderate Red 35 34
Dim Green 30 27
Dim Yellow 35 30
Dim Red 35 32

Table 4:4 Accuracy Under Different Lighting Conditions

Performance degraded significantly under dim lighting, confirming the importance of controlled

illumination for the Edge Impulse-based image classification system.
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4.7 Objective achievements

Obijective 1: To construct a conveyor system that presents fruits individually to the vision system.

The conveyor system, driven by a 28BYJ-48 stepper motor with a ULN2003 driver, successfully
transported peppers individually to the inspection station. The positioning repeatability confirmed
that the conveyor could consistently position peppers with an error which is negligible, well within

the required tolerance.

Figure 4:3 conveyor system with 28byj-48 stepper motor
Objective 2: To develop an image processing algorithm capable of detecting a fruit's presence and

analysing its dominant colour in real-time.
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The Edge Impulse TinyML model deployed on the ESP32-CAM successfully detected and
classified bell peppers into green, yellow and red categories in real time. Images captured by
the ESP32-CAM were processed using the trained machine learning model, which achieved
an overall classification accuracy of 99.6%. The trained Edge Impulse TinyML model achieved
100% precision, recall and F1-score on the validation dataset. However, when integrated into
the complete sorting prototype, the overall system achieved an operational sorting accuracy of
99.6% due to mechanical and environmental factors. The average inference time was
approximately 150 ms per image, demonstrating the suitability of Edge Impulse-based TinyML

for embedded agricultural sorting applications.

img width, img_height, out_buf);
offset, length, out_ptr);
result);
result);

(FLASH_PIN, OUTPUT);
Write(FLASH PIN, LOW);

Figure 4:4 working inferencing code

Obijective 3: To design and integrate a mechanical sorting mechanism activated by the processing

unit's decisions.
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The servo-actuated ejection mechanism responded within 128 ms on average. During testing the
servo motors successfully diverting peppers into the correct collection bins based on classification
results. Figure below shows how the servo motors were placed on the conveyor to block and eject

pepper from the belt at a given time.

Figure 4:5 servo placement on the conveyor
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4.7.1 Performance Improvements

4.7.1.1 Accuracy

The Edge Impulse TinyML model achieved a validation precision, recall and F1-score of 100%,
demonstrating excellent classification capability. During integrated system testing, an overall
sorting accuracy of 99.6% was achieved. The slight difference between model and system
performance was primarily attributed to mechanical factors such as conveyor positioning

tolerances, servo response timing and lighting variations rather than classification errors.
4.7.1.2 Throughput

The developed system achieved a processing throughput of 1 pepper per 2 seconds, representing a
significant improvement. The conveyor system operates continuously without requiring
intermittent pauses, thereby improving overall throughput. For small-scale farming cooperatives,
this increased processing speed has the potential to substantially reduce sorting time, enabling

work that would typically require an entire day to be completed within a few hours.
4.7.1.3 Cost

The prototype was developed at an estimated component cost of approximately US$85, making it
significantly more cost-effective than commercially available automated sorting systems. This
low-cost implementation was achieved through the use of readily available and inexpensive
hardware components, including the ESP32-CAM module and the 28BYJ-48 stepper motor,
without compromising system performance. Consequently, the proposed system is economically
viable for small-scale and medium-scale farmers. The use of widely available components
enhances maintainability, as replacement parts can be sourced locally at relatively low cost, thereby

reducing maintenance expenses and minimizing system downtime.

4.7.2 Shortcomings identified

4.7.2.1 Sensitivity to illumination conditions

The system accuracy decreased to 89.3% under low-light conditions, indicating although the Edge
Impulse TinyML model demonstrated improved robustness compared with conventional colour
thresholding approaches, its performance remains dependent on adequate and consistent
illumination. This suggests that controlled lighting conditions are necessary to achieve optimal

classification accuracy.
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4.7.2.2 Performance degradation at higher conveyor speeds

Classification accuracy declined when the conveyor speed exceeded 120 mm/s due to the effects
of motion blur and reduced image processing time. This limitation constrains the maximum
throughput of the system and indicates the need for improved image acquisition techniques or

higher processing capabilities for operation at increased conveyor speeds.
4.7.2.3 Root Cause Analysis of Errors

Analysis of the small percentage of sorting errors revealed that the majority originated from
mechanical rather than classification failures. Occasional inaccuracies occurred when peppers
were not centred within the camera field of view or when conveyor vibration altered fruit
orientation immediately before image capture. Additional errors were observed under low-light
conditions where image quality degraded. Since the Edge Impulse model achieved 100%
validation performance, these findings indicate that system-level errors were primarily associated

with sensing and actuation mechanisms rather than the machine learning model itself.

4.8 Discussion of Findings

4.8.1 Accuracy Improvement

Unlike LDR sensors, which are highly affected by ambient lighting variations, the Edge Impulse
machine learning model analyses image features extracted from captured pepper images. This
enables more reliable classification and improves robustness when compared with conventional
sensor-based approaches. The achieved accuracy of 99.6% demonstrates the effectiveness of

TinyML-based classification for low-cost agricultural automation.
4.8.2 Processing Speed

The system achieved a throughput of approximately 1 pepper per 2 seconds, making it considerably
faster than manual sorting and typical low-cost LDR-based systems. This improvement was made
possible by the efficient Edge Impulse TinyML inference pipeline and the optimised conveyor

speed, thereby addressing the low processing speed identified as a research gap.
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4.8.3 Effect of Lighting Conditions

The decrease in accuracy to 89.3% under poor lighting conditions confirms that illumination
remains an important factor in computer vision systems. This finding is consistent with previous
studies and highlights the importance of controlled lighting to maintain high classification

accuracy in practical applications.

4.8.4 Future Improvements to the TinyML Model

The successful deployment of an Edge Impulse TinyML model on the ESP32-CAM demonstrated
the practicality of implementing machine learning directly on low-cost embedded hardware. The
model achieved high classification accuracy while maintaining low inference times, confirming
the suitability of Edge Al for agricultural sorting applications. Future work may focus on training
larger datasets and incorporating additional quality parameters such as fruit size, shape and defect

detection.

4.8.5 Addressed research gaps

Table below summarises the key research gaps identified in the literature and how the proposed
prototype addresses them. The developed system improves classification accuracy, processing
speed and cost-effectiveness through the use of ESP32-CAM-based computer vision and Edge
Impulse TinyML classification, while also providing a foundation for future TinyML integration.

Gap Description Solution

Narrow Existing work treats | Sorts into three distinct market classes and uses
sorting green/yellow/red as ripening | contour detection to confirm each object is a pepper.
criteria stages, not independent grades,

and skips fruit verification.

Lack of | LDRs and basic sensors are Uses ESP32-CAM computer vision combined with
accuracy thrown off by ambient light an Edge Impulse TinyML classification model,
fluctuations. achieving high sorting accuracy and improved
robustness compared with conventional sensorbased

systems.

High cost Other designs need many | Total parts cost under US$85 using only an ESP32-
analogue parts, shielding, and | CAM and minimal mechanics.
complex wiring.
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Outdated
technology

Persistence of LDR-based
detection despite modern vision
and Al tools.

Adopts current OpenCV + ESP32-CAM pipeline
with built-in tinyML capability through Edge
Impulse.

Low

processing
speed

Slow sensors and uncontrollable
motors force very slow conveyor
operation.

Fast 150 ms image processing, speed-controlled
conveyor, and instant servo ejection deliver high
throughput.

Table 4:5 addressed research gaps

4.9 Summary

This chapter presented the implementation, testing and performance evaluation of the proposed

automated bell pepper colour sorting system. Experimental results demonstrated that the prototype

successfully achieved the project objectives by accurately classifying peppers using an Edge

Impulse TinyML model deployed on the ESP32-CAM platform and automatically sorting them

using a servo-actuated mechanism. The system achieved an overall classification accuracy of

99.6%, processed approximately one pepper every two seconds, and maintained reliable

performance under bright and moderate lighting conditions, although accuracy decreased under

dim lighting. The results also showed that the prototype provides a low-cost and efficient

alternative to conventional LDR-based sorting systems while addressing the key research gaps

identified in the literature. The next chapter presents the conclusions drawn from this study and

provides recommendations for future improvements.
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5 CHAPTER 5: CONCLUSION AND RECOMMENDATIONS

5.1 Summary of the Study

The aim of this study was to design and develop a low-cost automated pepper colour sorting system
using computer vision and embedded systems technology. The research addressed the limitations
of manual sorting and conventional LDR-based sorting methods, which are often labour-intensive,

slow and sensitive to environmental conditions.

To solve this problem, a machine vision-based sorting system was developed using an ESP32CAM
module and a TinyML image classification model created with Edge Impulse. The system was
designed to automatically detect, classify, and sort peppers according to their colour. An integrated
conveyor mechanism transported peppers through the inspection stage, while a microcontroller-
based control system tracked object position and actuated the sorting mechanism to direct peppers

into the appropriate collection bins.

5.2 Limitations

Although the prototype achieved its intended objectives, several limitations were identified.

1. The system performance was evaluated under controlled laboratory conditions and may

require additional calibration for outdoor or industrial environments.

2. Classification accuracy decreased under poor lighting conditions, indicating the need for

controlled illumination during operation.

3. The conveyor speed was limited by the 28BYJ-48 stepper motor, restricting the maximum

system throughput.

4. The prototype was tested using only three bell pepper colour classes (green, yellow and

red) and did not consider differences in size, shape or surface defects.

These limitations do not invalidate the findings but highlight opportunities for further

improvement.
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5.3 Recommendations for Future Work

Future research should focus on improving the performance and applicability of the developed

prototype. The following recommendations are proposed:

1. Replace the 28BYJ-48 stepper motor with a higher-speed motor to increase conveyor

throughput.

2. Incorporate an enclosed LED lighting system to minimise the influence of ambient

illumination.

3. Extend the system to classify additional quality attributes such as fruit size, shape and

surface defects.

4. Develop an loT-based monitoring system for remote performance monitoring, data logging

and production analysis.

These improvements would increase the system's robustness and make it more suitable for

commercial agricultural applications.

5.4 Summary

This chapter summarised the outcomes of the study and discussed how the developed ESP32CAM-
based pepper sorting system addressed the identified research problem. The chapter presented the
conclusions drawn from the findings, highlighted the main contributions of the project, identified
the limitations of the prototype, and proposed recommendations for future improvements and

further research.
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