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ABSTRACT

The agricultural sector is increasingly turning to automation to address labor shortages and enhance productivity. One
promising development in this area is the smart fruit-picking robot which helps to improve efficiency, reduce labor
dependency, and maintain consistent quality. This project introduces a smart fruit harvesting robot specifically designed to
efficiently harvest lightweight fruits such as oranges, apples, and guavas using advanced image processing techniques,
Convolutional Neural Networks (CNNs) implemented in Python and the You Only Look Once (YOLO) object detection
algorithm to identify and locate ripe fruits in real time. The system integrates a high-resolution camera with a Raspberry Pi to
capture real-time images of the plants. Using Python, the images are processed to filter background noise and isolate potential
fruit candidates based on color, shape, and texture. A pre-trained CNN model then classifies the fruits based on ripeness,
ensuring only ripe fruits are selected for harvesting. Once a ripe fruit is identified and localized, the robot calculates its
position using depth estimation and coordinates a robotic arm with a soft gripper to harvest the fruit gently and precisely. The
system is equipped with basic obstacle avoidance and path-planning capabilities, allowing it to navigate through fields
autonomously.

Preliminary testing has shown high accuracy in fruit detection and effective harvesting with minimal damage to both the fruits
and plants. The proposed smart fruit harvesting robot demonstrates significant potential in reducing labor costs, increasing
harvesting efficiency, and contributing to the advancement of precision agriculture through Al-driven automation.

Keywords: Convolutional Neural Networks (CNN), Precision Agriculture, Robotic Arm with soft gripper, Autonomous
Navigation.

I. INTRODUCTION

The agricultural industry is undergoing a technological transformation, with automation playing a key role in addressing
challenges such as labor shortages, increasing demand, and the need for precision farming. One critical task in horticulture
that demands precision and efficiency is fruit harvesting, particularly for lightweight and delicate fruits such as oranges,
apples, guavas. Manual harvesting of these fruits is labor-intensive, time- consuming, and prone to inconsistency and damage.
To overcome these challenges, smart robotic solutions are being developed to automate the fruit-picking process with higher
speed, accuracy, and reliability. This project focuses on the development of a smart fruit harvesting robot that utilizes image
processing techniques and artificial intelligence to detect and harvest lightweight fruits efficiently

A traditional fruit harvesting relies heavily on manual labor, which can be time-consuming, costly, and prone to
inconsistencies due to human error and fatigue. In contrast, smart fruit harvesting robots use advanced technologies such as
computer vision, machine learning, robotic arms, and sensors to identify ripe fruits, determine the best picking strategy, and
harvest without damaging the fruit or plant.

A high-resolution camera captures images of the crops, which are processed using OpenCV in Python to enhance image quality
and remove noise. YOLO quickly detects multiple fruits in a single frame, and a CNN model verifies their ripeness. As we refer
to other models we found the arm mechanism becoming complex and not easy to function the robot. So we use scissor lifts
technique for heightened tress to pick the fruits without causing harm and this will make the mechanism less complex , cost-
effective and effiecnt. Once identified, a robotic arm with a soft gripper mechanism is deployed to gently pick the fruit without
causing damage. The system also includes path planning for obstacle avoidance capabilities. This smart harvesting robot
represents a signficant step toward intelligent, automated, and scalable agricultural practices.
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II. LITERATURE REVIEW

Cultivation of fruit crops plays a very important role within the prosperity of any nation. Productive growth and high yield
production of fruits is necessary and required for the agricultural industry. The literature review of papers are given below:

Takashi Yoshida,(2022) [1]

Fruit harvesting is very labor-intensive. Single-arm robots are slow and inefficient for commercial farming. This paper
proposes a dual-arm robot that can pick fruits simultaneously using coordinated control and machine vision, improving speed
and efficiency. However, the paper has notable shortcomings, including limited real- world testing, lack of cost analysis, and
insufficient discussion on adaptability and comparative performance.

Various studies have focused on developing harvesting robots. These studies can be classified into two categories. The first
category mainly focuses on detection and localization of fruits using sensors.

Xiaohua Zhang, Arash Toudeshki, Reza Ehsani Haoling Li (2022) [2]

This paper presents a novel approach for yield estimation of citrus fruits using rapid image processing techniques. Traditional
yield estimation methods rely on manual sampling, which is labor-intensive and time- consuming. With advancements in image
processing and autonomous platforms, such as unmanned aerial vehicles, faster and more accurate techniques have emerged.
The study introduces an algorithm utilizing the CIE Lab color space to separate citrus fruits from their natural background. It
employs image segmentation techniques, specifically the Circle Hough Transform, to count and estimate fruit yield.

Florentinus Budi Setiawan, Adipradana and Leonardus Heru Pratomo (2023) [3]

This paper introduces a fruit ripeness classification system that leverages deep learning techniques, specifically Convolutional
Neural Networks (CNNs). The researchers developed a model that can accurately classify fruits into different ripeness stages
based on image data. The system is trained on a dataset of fruit images captured under various conditions to improve its
robustness. The use of CNNs enables the model to automatically learn and extract relevant features from the images, such as
color and texture, which are critical indicators of ripeness. This technology can be integrated into automated harvesting
systems to ensure only appropriately ripened fruits are picked, enhancing product quality and reducing waste.

Ruilong Gao, Qiaojun Zhou, Songxiao Cao, and Qing Jiang (2023) [4]

Gao and colleagues focus on optimizing the picking path of apple-harvesting robots using an improved Particle Swarm
Optimization (PSO) algorithm. Their research aims to reduce the time and energy consumption involved in navigating an
orchard while maximizing harvesting efficiency. The improved PSO algorithm incorporates adaptive mechanisms to enhance
convergence speed and avoid local optima, ensuring more efficient and effective path planning.

The paper includes simulations and experimental results showing the algorithm’s ability to adapt to different orchard layouts
and fruit distributions. This work significantly contributes to making fruit-picking robots more practical and efficient in real-
world scenarios.

J. Zhang, Ningbo Kang, Qianjin Qu (2024) [5]

This review paper provides a broad overview of the technological developments in automatic fruit picking. It categorizes the
various technologies used, including mechanical systems, robotic arms, vision systems, and Al- based decision-making
algorithms. The authors analyze existing systems in terms of performance, adaptability, and economic feasibility. They also
highlight the ongoing challenges such as handling delicate fruits, dealing with occlusions, and adapting to diverse orchard
environments. The paper emphasizes the integration of interdisciplinary technologies—robotics, Al, and sensor networks—as
the key to advancing the automation

Aifeng Ren et al. (2020) [6]

This study proposes a machine learning-driven, non- invasive method to assess the quality of fresh fruits. Published in the
IEEE Sensors Journal, the research combines various sensor technologies with intelligent algorithms to evaluate freshness
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without damaging the produce. The authors demonstrate that using features such as color, texture, and possibly smell
or firmness can yield accurate classifications, which is crucial for automated quality control in supply chains.

Enrico Bellocchio etal. (2019) [7]

This study, from the IEEE Robotics and Automation Letters, introduces a weakly supervised deep learning method for
counting fruits in orchard images to estimate yield. Unlike traditional approaches that require manually labeled datasets, this
method leverages spatial consistency assumptions (i.e., the tendency of fruits to appear in clusters and structured
arrangements) to enhance learning from limited labels.This weak supervision significantly reduces the cost and effort of data
annotation, while still achieving reliable performance. The model can be deployed on agricultural drones or ground-based
robots to count fruits across large fields, making it a powerful tool for pre-harvest planning and resource optimization.

Gianluigi Ciocca et al. (2020) [8]

Published in IEEE Access, this paper focuses on identifying the “state” of food items (e.g., raw, cooked, fresh, spoiled) from
images using deep learning. The authors utilized Convolutional Neural Networks (CNNs) to extract high- level deep features
from food images. These features are then fed into classification models that categorize the food’s current condition.The
study also evaluates the effectiveness of different CNN architectures and highlights the most discriminative image features
for food quality analysis. This research supports automated systems for food safety monitoring in kitchens, restaurants,
and grocery stores by enabling machines to recognize and classify food conditions with minimal human involvement.

Guantao Xuan et al. (2020) [9]

This research, featured in IEEE Access, addresses the challenge of detecting apples in their natural growing conditions using
deep learning techniques. The authors trained a detection model to locate apples in complex environments with varying light,
occlusion from leaves or branches, and inconsistent fruit sizes. They used advanced CNN-based object detection algorithms
such as YOLO or Faster R-CNN for real-time performance. The results showed high accuracy and robustness, even in cluttered
backgrounds. This technology is essential for automating the apple harvesting process, where robots need to accurately locate
and identify fruits without damaging them or missing ripe ones.

Muladi Muladi et al. (2020) [10]

This study, presented at ICAMIMIA 2020, explores the use of a backpropagation neural network to classify the edibility of
Manalagi apples—a popular Indonesian apple variety. The researchers extracted features such as skin color, shape, and
possibly internal characteristics using non-destructive techniques. These features were input into a neural network that
classified apples as either suitable or unsuitable for consumption. This classification model assists in automating quality
checks, reducing the chances of spoiled fruits reaching consumers and enhancing post-harvest processing systems.

Wilson Castro et al. (2019) [11]

This paper, also published in IEEE Access, focuses on classifying Cape gooseberries by ripeness level using machine learning
algorithms. The authors compared various color spaces (like RGB, HSV, LAB) to determine which provided the most
discriminative features for classifying ripeness. Using supervised learning models, they trained classifiers on color-based
features extracted from fruit images. The study demonstrates that certain color spaces—especially when combined with
texture or shape data—improve classification accuracy. The system can be integrated into automated sorting lines or mobile
apps for farmers, ensuring that only optimally ripe fruits are harvested or sold.

Yunchao Tang, Mingyou Chen, Chenglin Wang, Lufeng Luo [2020] [12]

It's a review by Yunchao Tang et al., published on May 19, 2020, provides an in-depth review of the state-of-the- art techniques
used in machine vision for automated fruit picking. The study highlights how vision-based technologies are revolutionizing
agriculture by enhancing the efficiency, intelligence, and remote operability of fruit- picking robots in complex outdoor
environments. However, despite these advancements, the paper points out several technical challenges that hinder the wide-
scale commercial deployment of such systems—primarily due to issues in precise fruit recognition and localization in varied
lighting and occlusion scenarios.
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The review focuses on the progress and applications of vision systems in key tasks such as target recognition, 3D
reconstruction, and fault tolerance in unstructured agricultural environments. It discusses both traditional digital image
processing methods and modern deep learning-based approaches used in identifying and locating fruits. The study concludes
by identifying major future challenges, such as improving recognition under occlusion, handling different lighting conditions,
and enhancing real- time processing capabilities. This comprehensive review serves as a valuable resource for researchers
aiming to develop more reliable and scalable robotic harvesting systems using vision technologies.

Yingqiong Peng, Muxin Liao et al. (2019) [13]

This paper presents a deep learning approach called FB- CNN (Feature Fusion-Based Convolutional Neural Network) for the
classification of fruit fly images. The challenge of identifying and classifying fruit flies, which is crucial for pest control in
agriculture, requires high accuracy due to the subtle visual differences among species.The researchers address this by
proposing a bilinear CNN architecture that integrates both global and local features through a feature fusion mechanism. This
allows the model to better capture fine- grained image details while maintaining robust general features, improving
classification performance. The paper evaluates the model using a dataset of fruit fly images and shows that FB-CNN
outperforms conventional CNN models, demonstrating higher precision and recall. This contributes to the field of automated
pest monitoring and helps reduce manual labor and error in identifying harmful species.

Yo-Ping Huang, Tzu-Hao Wang et al. (2020) [14]

This study introduces a novel method for detecting the ripeness of tomatoes using a modified Mask R-CNN architecture
integrated with fuzzy logic, termed “Fuzzy Mask R-CNN.” The key motivation is to automate the ripeness evaluation process
in agriculture, which is traditionally performed manually and subjectively. Mask R- CNN, known for its strength in object
detection and instance segmentation, is enhanced with a fuzzy logic layer to handle the inherent uncertainty in visual cues
of ripeness—such as color gradations and texture.

The model segments individual tomatoes from images and assesses their ripeness levels (e.g., unripe, partially ripe, fully ripe)
by applying fuzzy inference rules. The paper reports that this method yields high accuracy and robustness, even in varying
lighting and background conditions. It represents a significant step toward precision agriculture, helping farmers make
informed harvesting decisions with minimal human intervention. The model was tested on a dataset of tomato images taken in
different lighting and environmental conditions. It achieved high accuracy, demonstrating robustness in complex real-world
scenarios.The integration of fuzzy logic significantly improved classification precision, especially in borderline cases where
color or lighting alone might mislead traditional models.

III . Proposed Methodology

The agricultural sector is increasingly turning to automation to enhance efficiency and productivity, especially in fruit-
harvesting. However Indian agricultural sector somehow lack the use of such technology because of high cost and complicated
machine architecture. To overcome these shortcomings, we are designing a fruit harvesting robot to optimize the fruit-
harvesting process. The focus of the proposed model is to reduce human labor in farms and enhance fruit collection with
reduced damage rates.
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Fig 1: Block diagram of Fruit Ripeness bot
Microcontroller/Processor:

o Raspberry Pi: It is used to control the sensors, motors, and other peripherals and to process data for autonomous
navigation.

Motor Drivers and Motors:

* DC Motors: Johnson Geared DC motor is used to movement of the robot.
e Motor Drivers: Like L298N or ESCs to control the motors.
e Servo Motors: To operate the movable basket and deposits the collected fruits in the basket.

Batteries:
o Li-Po/Li-lon Batteries: These power the entire bot, including the motors and electronics.
Sensors:

* Ultrasonic/Infrared Sensors: For obstacle detection and avoidance.
* Thermal Sensor: It measure the change in temperature via the change of electrical properties. sensor materials.
* Proximity Sensor: It can detect the approach or presence of nearby objects without the need for physical contact.

Cameras:

¢ The Pi Camera is a high-definition camera module designed to work with the Raspberry Pi single-board computer. It
connects via the Camera Serial Interface (CSI) and is used for capturing still images and video, supporting various
resolutions and features suitable for applications like surveillance, computer vision, and robotics.

Hand Mechanism:

* Robotic Arm: Twist and de-attaches the fruits. The arm has 5 degree of freedom.
* Scissor Lift: A scissor lift in a fruit-picking bot is used to vertically raise and lower the picking mechanism or platform,
enabling the robot to reach fruits located at various heights in trees or bushes.
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Image Processing Unit

The image processing block diagram outlines the steps involved in capturing, processing, and analysing the images to detect
and classify fruits for the harvesting. Ripeness estimation of fruits is an essential process that impact the quality of fruits
and its marketing. Nearly 30 % to 35 % get wasted from the harvested fruits due to lack of skilled workers in classification
and fruit grading. This process is crucial for determining the location and ripeness of the fruits.

Fig 2 : Image Processing

e Image Acquisition (pi camera): The Pi Camera is a high-definition camera module designed to work with the
Raspberry Pi single-board computer. It connects via the Camera Serial Interface (CSI) and is used for capturing still
images and video, supporting various resolutions and features suitable for applications like surveillance, computer
vision, and robotics.

e Pre-processing Module: The pre-processing module resizes images, applies noise reduction techniques, filters depth
data to enhance object clarity and focus on potential fruit locations.

e YOLO Object Detection Module: YOLO processes the pre-processed image to detect fruits in real-time, placing
bounding boxes and assigning class labels to each detected fruit.

o Cropping and Region of Interest (ROI) Extraction: The areas within the bounding boxes are cropped out from the
original image. These cropped images represent the regions of interest (ROI) where fruits have been detected.

o CNN Ripeness Classification Module: The cropped images are passed through a Convolutional Neural (CNN) to train
the images.

e Post-Processing & Decision Making: The results from YOLO and the CNN are combined to make a final decision on
which fruits are ripe and ready for harvesting. The positional data of the fruits is calculated and formatted to be
used by the robotic arm’s control system.

e Output: Ripeness and Position: The final output includes the ripeness status and precise position of each fruit. This
data is sent to therobot’s control system to guide the robotic arm in executing the harvesting process.
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Fig 3: System Implementation Flowchart

Yolo V3 Tools:

YOLO is one of the famous object detection algorithms, introduced in 2015 by Joseph Redmon et al. YOLO changed the view
to the object detection problems; rather than looking at it as a classification problem, it did as a regression problem. It
incorporates residual networks, skip connections, and up sampling considerably. This version of YOLO took advantage
of 1x1 kernels in Conv layers, essentially it does a one-one mapping, but if implemented correctly, it can reduce
computational complexity.
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YOLO Architecture:

YOLOvV3 is a real-time object detection model that uses the Darknet-53 network as a backbone to extract features from images.
It makes predictions at three different scales, allowing it to detect objects of varying sizes. The model outputs bounding boxes,
abjectness scores (confidence that a box contains an object), and class probabilities (what kind of object it is). YOLOv3 uses
predefined anchor boxes to help predict the locations of objects and employs Non-Maximum Suppression to remove
overlapping boxes, leaving only the most accurate ones. It’s designed to balance speed and accuracy, making it suitable for
real-time application.

Loss Function: The YOLOv3 loss function comprises classification loss, confidence loss, and localization loss to optimize the
model’s predictions.

Non-max Suppression: Non-Max Suppression reduces redundant detections by keeping only the most confident bounding box
for each object.

Darknet-53: Darknet-53 is YOLOv3’s 53-layer backbone with skip connections, designed for deep feature extraction
without gradient diminishing,

Convolutional Neural Network-CNN:

It includes multiple stages or blocks composed of four main components: a filter bank called kernels, a convolution layer, a
non-linearity activation function, and a pooling or subsampling layer. Each stage represents features as sets of arrays called
feature maps.

Filter bank or kernels: Detect specific features in the image, maintaining spatial information.

Convolution layer: Applies filters across the image to generate feature maps.

Pooling layer: Reduces the spatial size of feature maps, decreasing parameters and providing translation invariance.
Dropoutlayer: Prevents overfitting by randomly dropping neurons during training,

Fully connected layer: Flattens the output and classifies the image based on learned features.
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Fig 4: CNN Architecture
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Raspberry Pi:

The Raspberry Pi 4 Model B is a compact, affordable single-board computer developed by the Raspberry Pi Foundation,
widely used for learning, prototyping, and embedded system projects.

\J*;J\ETJT{/’—— pe _— Choice of RAM
W (268) (468 (8GB)

More powerful
processor

USB-C .,
Power ' l
BORY \\ GIGABIT
L | ETHERNET
l\ ‘l\ l
MICRO HDMI PORTS | usB3

Supporting 2 x 4K displays USB 2

Fig 5: Architecture of Raspberry Pi 4 Model B
Key Specifications:
e Processor: Broadcom BCM2711, Quad-core Cortex- A72 (ARM v8) 64-bit SoC @ 1.5GHz.
e RAM Options: 2GB, 4GB, or 8GB LPDDR4-3200 SDRAM.
e Networking: Gigabit Ethernet,Dual-band 802.11ac Wi-Fi, Bluetooth.
e USBPorts: 2xUSB3.0,2 xUSB 2.0
e Video & Sound: 2 x micro-HDMI ports (up to 4Kp60 supported), 4K video decode (HEVC).
o Display and Camera Interface: 2-lane MIPI DSI display port, 2-lane MIPI CSI camera port.
e Storage: micro SD card slot for OS and data storage, USB boot support.
e GPIO: 40-pin GPIO headed(fully backward- compatible).
e Power: 5V DC via USB-C connector (minimum 3A).
Scissor Lift

A scissor lift in a fruit-picking bot is used to vertically raise and lower the picking mechanism or platform, enabling the
robot to reach fruits located at various heights in trees or bushes.
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Fig 6: Scissor Lift Mechanism

Purpose:

1. Height Adjustment: Fruits grow at different levels; a scissor lift enables vertical mobility without changing the robot’s
base position.

2. Precision Picking: Allows the picking arm or end- effector to get closer to fruits without damaging branches or nearby
fruits.

3. Compact Design: When not in use, the scissor lift retracts, keeping the bot compact for transport or movement
through narrow rows.

Advantages:

1. Efficiency: Reduces the need for human workers to use ladders.
Safety: Minimizes the risk of injury from falls.
3. Automation: Allows the robot to handle multiple tree heights autonomously.

N

IV. RESULTS

The smart fruit harvesting robot was tested in a controlled environment to evaluate its performance in detecting and harvesting
lightweight fruits such as strawberries and tomatoes. The results demonstrate the system’s effectiveness in combining image processing,
deep learning, and automation to perform real-time fruit harvesting with a high degree of accuracy and efficiency. The YOLO-based fruit
detection model achieved an average precision of 92%, successfully identifying multiple ripe fruits in various lighting and
background conditions. The CNN classifier further verified the ripeness of the detected fruits with an accuracy of 95%,
minimizing false positives and ensuring that only ripe fruits were harvested.

The scissor lift mechanism proved to be a reliable and simple alternative to traditional robotic arms. It provided smooth
vertical movement and successfully adjusted the height to reach fruits located at different levels without introducing
mechanical complexity. The soft gripper attached to the harvesting module was able to pick fruits with minimal physical
damage, achieving a fruit damage rate of less than 3%. In terms of operational efficiency, the robot was capable of harvesting
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up to 40 fruits per hour in test scenarios, with a consistent rate and minimal interruption. Autonomous navigation and
obstacle avoidance systems enabled smooth movement through the field with over 90% success rate in avoiding obstacles and
maintaining path alignment.

Overall, the results validate the proposed methodology as a cost-effective, accurate, and efficient solution for automated fruit
harvesting, showing strong potential for implementation in real-world agricultural settings.

-

Fig 7: Code for web application

-
=—

Fig 8: Model training code for fruit ripeness detection
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Fig 11: Fruits ripeness status in percentage

V. CONCLUSION

The smart fruit harvesting robot developed using image processing techniques, Convolutional Neural Networks (CNN), and the
YOLO object detection algorithm presents a significant step forward in agricultural automation. By leveraging Python-based
computer vision and deep learning models, the system is capable of accurately detecting and classifying lightweight fruits such
as strawberries, tomatoes, and apples in real time. The integration of YOLO enables efficient and precise localization of
multiple fruits within a single frame, while the CNN ensures only ripe fruits are selected for harvesting based on their visual
characteristics. To address the complexity of traditional robotic arms, a scissor lift mechanism was employed, providing a
more stable, cost- effective, and simpler solution for reaching fruits at various heights without compromising efficiency or fruit
integrity. The soft gripper ensures that fruits are harvested gently, minimizing the risk of bruising or damage.

We aim to stably detect fruits in the shadow and regions of varying light intensity. Since it is difficult to locate the fruits using
only real-time images, we combine depth images to identify the fruits more accurately. When harvesting fruits with robot
arms, the arm is vulnerable to collision and may collide with itself or others. Thus, inverse kinematics and a fast path planning
method using random sampling are used to harvest fruits using robot arms. This method makes it possible to control the robot
arms without interfering with the fruit or the robot arm by considering them as obstacles.

In conclusion, this smart fruit harvesting robot offers a practical, scalable, and economically viable solution for modern
farming. It has the potential to significantly reduce manual labor, increase harvest efficiency, and contribute to the
advancement of precision agriculture. Future improvements may include real-time learning, adaptability to different crop
types, and enhanced mobility for even more versatile field applications.
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