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Abstract: Automation in agriculture is revolutionizing the management of field tasks. This paper

focuses on identifying the essential needs and preliminary technical requirements for designing an

autonomous robot specifically for fruit harvesting. The study examines the integration of advanced

machine vision technologies and neural networks for the accurate detection of ripe fruits and ob-

stacles, optimizing harvesting efficiency. Key features such as proximity and touch sensors are also

evaluated to ensure the safe handling of fruits, minimizing damage during harvesting. The technical

specifications, including traction, speed, and the robot’s ability to operate on uneven terrain, are

analyzed to ensure adaptability across various crops and ground conditions. Perception systems,

incorporating cameras and sensors, are crucial for crop inspection and route planning. The main find-

ings of this review establish a set of technical requirements that serve as a foundation for developing

efficient and economically viable fruit-harvesting robots. These systems offer significant potential to

transform agriculture by addressing labor shortages and improving harvesting precision. However,

challenges remain, particularly in adapting to diverse crops and environments, emphasizing the need

for further research and development.

Keywords: agricultural robotics; fruit-harvesting; autonomous harvesting

1. Introduction

In recent years, challenges related to food security have significantly intensified, driv-
ing global concern. The rising global population continues to increase the demand for food,
putting immense pressure on agricultural resources. Among these pressures, the fruit farm-
ing sector faces unique challenges, particularly in the labor-intensive harvesting process.

One of the primary issues is the aging agricultural workforce, which affects many
regions that rely heavily on manual fruit harvesting. Traditionally, fruit farming has been
labor-intensive, but younger generations increasingly shift toward urban-based careers,
leaving a gap in the agricultural labor force. This labor shortage makes it difficult to meet
the growing demand for fresh fruits, particularly during peak harvest seasons when timing
is critical to maintaining the quality and freshness of produce.

Simultaneously, the repurposing of agricultural land for biofuels and alternative
energies, though beneficial for reducing fossil fuel dependence, exacerbates the competition
for farmland. This competition affects the production of fruit crops, often pushing food
prices higher as the supply struggles to keep pace with demand. Climate change and
unpredictable weather patterns further disrupt fruit yields, while soil degradation and
rapid urbanization shrink the land available for fruit cultivation.

To address these interconnected issues, the agricultural sector is turning to technology,
particularly in the development of automated harvesting systems. Autonomous fruit-
harvesting robots offer a promising solution to labor shortages and the inefficiencies of
traditional harvesting methods. These robots are capable of handling delicate fruits without
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damaging them, adapting to different crop varieties, and ensuring timely harvesting—
crucial factors for maintaining both yield and quality.

This study focuses on identifying and analyzing the key technical requirements nec-
essary for the design and construction of an autonomous robot specifically optimized for
fruit harvesting. Understanding these requirements is essential for creating a robot capable
of addressing the pressing needs of modern fruit production while ensuring efficiency and
sustainability in the agricultural sector.

2. Methodology

To develop a comprehensive methodology for designing a harvesting robot, a multi-
faceted research approach was implemented, structured into three main stages: an ex-
haustive literature review, an analysis of mechanical components, and an analysis of
electronic components.

The literature review focused on several key aspects. First, existing harvesting robot
designs were examined, particularly their main components, such as computer vision
systems, robotic arms, and harvesting tools. Various design approaches were evaluated,
highlighting their advantages and disadvantages in terms of efficiency, precision, and
adaptability to different types of fruit crops.

Second, the operational capabilities of existing harvesting robots were explored in
detail. This included an in-depth examination of their abilities to identify and select
ripe fruits, navigate uneven agricultural terrain, and adapt to various climatic conditions.
Special attention was given to the role of artificial intelligence and machine learning systems
in enhancing accuracy in fruit identification and real-time decision-making.

Additionally, the technological and operational limitations documented in the litera-
ture were analyzed. This encompassed challenges such as obstacle detection and avoidance,
energy management for prolonged operations, and component durability in harsh agri-
cultural environments. Identifying these constraints was crucial for understanding the
areas requiring improvement and for setting clear objectives in the design of the new
harvesting robot.

The literature review also identified current trends in agricultural robot research
and development. Significant advances were noted in the use of advanced sensors, au-
tomation technologies, and artificial intelligence algorithms. These trends suggest a shift
towards more autonomous and precise systems, capable of operating with minimal human
intervention and adapting to diverse field conditions.

Finally, the review underscored areas that require further attention and development in
future research. These areas include improving the energy efficiency of robots, developing
more robust navigation systems, and integrating communication technologies for the
coordination of multiple robots in harvesting tasks. Additionally, the need for more in-
depth studies on the interaction between robots and plants was identified, aiming to
minimize crop damage during harvesting.

3. Operational Requirements

To effectively develop an autonomous robot for fruit harvesting, it is essential to clearly
define the operational requirements that will ensure its performance and efficiency in the
field. These requirements span several key areas, including the precise identification and
selection of fruits, navigation and mobility across varied agricultural terrain, and delicate
yet safe interaction with plants [1–3].

These requirements encompass not only the necessary technical and technological
capabilities but also the practical needs and expectations arising from current field condi-
tions and agricultural practices. By establishing these operational requirements, a solid
foundation is laid for the design and development of a harvesting robot that is functional,
efficient, and capable of seamlessly integrating into existing farming systems. shows the
process that a robotic arm must complete to harvest the fruits [4–6]. Figure 1 shows an
explanatory flow chart of the harvesting process that a harvesting robot must perform.
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Figure 1. Robot operation flow chart.

3.1. Fruit Identification and Selection

The ability to accurately identify and select ripe fruits is one of the most critical and
complex functions a harvesting robot must perform. This capability not only determines
the robot’s effectiveness in harvesting but also impacts the quality of the final product
and the overall efficiency of the harvesting process [7]. To achieve this, the robot must
be equipped with a combination of advanced technologies that work in unison to ensure
optimal performance [8].

3.1.1. Advanced Computer Vision Systems

The precise identification and selection of ripe fruits is one of the most critical and
complex functions a harvesting robot must perform [9]. This capability not only determines
the robot’s harvesting effectiveness but also influences the quality of the final product
and the overall efficiency of the harvesting process. To achieve this, the robot must be
equipped with a combination of advanced technologies that work together to ensure
optimal performance.

The first step in machine vision recognition is the capture of images of the fruits in the
field. This is done using RGB cameras and hyperspectral cameras:

a. RGB cameras: These cameras capture color images, which are useful for detecting
fruit color, a visual indicator of ripeness. The captured colors can be processed to
identify whether the fruit has reached the characteristic color of ripeness [10].

b. Hyperspectral cameras: These cameras capture images at a wide spectrum of wave-
lengths, beyond what the human eye can see. This makes it possible to analyze
internal characteristics of the fruit, such as sugar content and firmness, which are
important in determining ripeness [11]. Figure 2 shows a fruit recognition system
using artificial vision.
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Figure 2. Ripe fruit recognition system.

Once the images are captured, advanced image processing algorithms are used to
analyze and extract relevant features. This processing includes several steps:

i. Pre-processing: It consists of improving the quality of the image and eliminating
noise. Techniques such as lighting standardization and noise filtering are common at
this stage [12].

ii. Image segmentation: Separates the fruits from the background of the image. This
can be achieved by segmentation algorithms such as color threshold, edge-based
segmentation, or the use of neural networks for semantic segmentation.

iii. Feature extraction: This involves identifying specific characteristics of fruits, such as
color, texture, shape, and size. These characteristics are used to determine the state of
ripeness of the fruit [13].

3.1.2. Machine Learning Algorithms

Machine learning algorithms are essential for processing images captured by a fruit-
harvesting robot and making precise decisions. Convolutional Neural Networks (CNNs)
are particularly effective in this context due to their specialized design for image pattern
recognition. By learning from extensive datasets, CNNs can automatically identify complex
visual features such as shapes, colors, and textures. This enables the robot to accurately
distinguish between ripe and unripe fruits, as well as detect other important factors like
defects or diseases [14–17].

CNNs are preferred for their high accuracy and efficiency in handling visual tasks.
Their ability to process and analyze large volumes of image data allows for precise fruit
recognition and quality assessment, which is crucial for successful fruit harvesting. By lever-
aging CNNs, a robotic arm can reliably perform tasks that require detailed visual inspection,
making them the ideal choice for developing advanced fruit-harvesting systems [18,19].

The algorithms must be tailored to the specific fruit being harvested, as a single
algorithm cannot serve all types of fruit. Before starting the design process, it is crucial
to define the target fruit, as this will significantly impact the robot’s final performance.
Figure 3 shows how fruits are categorized resulting in the data in Table 1.

According to the information provided by [20], each fruit is associated with its own
database, resulting in unique weightings for each type. It is important to note that the
values presented in Table 1 pertain to the work of Alvarado and Molina, and there is no
need to replicate these exact values in independent projects.
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Figure 3. Images by Fruit Classes.

Table 1. Resulting weighting for fruits.

Category Sample Percentage

Banana 1.067 7.89
Cherry 1.001 7.41

Strawberry 1.004 7.43
Lemon 1.029 7.61

Tangerine 1.005 7.44
Mango 1.013 7.49
Apple 1.032 7.64

Blackberry 1.086 8.03
Orange 1.038 7.68
Papaya 1.026 7.59

Pear 1.070 7.92
Pineapple 1.018 7.53

Grape 1.127 8.34

The results shown in Table 1 apply only to the research of the corresponding authors. If a similar process is

replicated, its own data validation must be performed, using an image database of the best possible resolution.

The use of simple machine vision algorithms and neural network-based systems for
fruit recognition in harvesting robots reveals significant differences in focus, accuracy,
and adaptability [21]. Simple machine vision algorithms are deterministic and rely on
predefined rules, utilizing techniques such as color segmentation and edge detection.
These algorithms are easier to implement and require fewer computational resources, but
they have limited accuracy and adaptability, particularly when faced with variations in
environmental conditions and different types of fruits [22].
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In contrast, neural network-based systems, particularly convolutional neural networks
(CNNs), employ a deep learning approach to identify ripe fruits. These networks learn
relevant features from large datasets during training, enabling them to better adapt to
environmental variations and different fruit types [23]. Although they require an intensive
training phase and greater computational resources, neural networks offer higher accuracy
and are more robust to changes in environmental conditions [24].

Simple machine vision algorithms are more suitable for systems with hardware con-
straints and less variable scenarios, while neural network-based systems provide superior
accuracy and adaptability, making them ideal for environments with changing condi-
tions and greater data variability. The choice between these approaches will depend on
the specific requirements of the system and the operating conditions of the harvesting
robot [25].

3.1.3. Proximity and Touch Sensors

In addition to machine vision, the harvesting robots use proximity and touch sensors to
assess the ripeness of fruits. Proximity sensors help the robot approach the fruit accurately
without damaging it. Touch sensors, on the other hand, allow the firmness of the fruit to be
measured, another important indicator of ripeness. These sensors can be piezoelectric or
based on resistivity technology [26].

Proximity Sensors

Proximity sensors detect the presence and distance of nearby objects without the need
for physical contact. There are several types of proximity sensors, but the most common in
agricultural robotics are ultrasonic sensors, infrared (IR) sensors, and induction sensors:

a. Ultrasonic sensors: They emit high-frequency sound waves and measure the time
it takes for the echo to return after bouncing off an object. The distance is calculated
based on the flight time of the sound [27].

b. Infrared (IR) sensors: They emit infrared light and detect the amount of light
reflected by a nearby object. The distance is determined by the intensity of the reflected
light [28].

c. Induction sensors: They generate a magnetic field and detect changes in the field
when a metal object approaches. They are less common in agriculture, but useful in
industrial settings.

In harvesting robots, proximity sensors are used to:

a. Fruit detection: Identify the presence of fruits in the robot’s field of action.
b. Navigation and Obstacle Avoidance: Helping the robot move through the field

without colliding with plants, branches, or other objects.
c. Precise positioning: Facilitate the precise approach of the robotic arm to the fruits to

ensure damage-free harvesting [29].

Touch Sensors

Touch sensors, also known as force and pressure sensors, detect physical contact and
applied force. These sensors can be piezoelectric, resistive, or based on capacitive technol-
ogy:

a. Piezoelectric sensors: They generate an electrical charge when pressure is applied.
The amount of charge generated is proportional to the force applied [30].

b. Resistive sensors: They change their electrical resistance in response to pressure.
The variation in resistance is used to measure the force applied [31].

c. Capacitive sensors: They detect changes in capacitance when pressure is applied
to a sensitive surface. They are sensitive and accurate, suitable for detecting light
forces [32].
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In harvesting robots, touch sensors are used to:

a. Firmness assessment: To determine fruit ripeness based on its firmness, which is a
key indicator of ripeness in some fruits.

b. Gentle handling: Allowing the robot to apply the correct amount of force when
grasping and picking fruit, preventing damage and ensuring gentle picking [33].

c. Real-time feedback: Provide real-time information on contact and force applied,
allowing immediate adjustments during picking to improve accuracy and reduce
damage to fruits [34].

The use of pressure and touch sensors in harvesting robots presents several challenges
that must be addressed to ensure effective and safe operation in agricultural environments.

Pressure and touch sensors need to be sufficiently sensitive to detect subtle variations
in the pressure applied to fruits without exerting excessive force that could cause damage.
Accuracy is critical for assessing fruit ripeness and firmness, as these factors can vary
widely among different fruit types and environmental conditions.

Fruits come in various shapes, sizes, and textures, which complicates the design
of sensors that are effective across all varieties. Some fruits may be more delicate and
require gentle handling, while others may be more robust and tolerate greater pressure
without damage.

Agricultural environments are also unpredictable with regard to factors such as tem-
perature, humidity, and lighting. These conditions can impact the accuracy and reliability
of pressure and touch sensors, making it challenging to maintain consistent and precise
measurements across different environments.

3.2. Navigation and Mobility

Navigation and mobility are crucial aspects of fruit harvesting robots for their efficient
and effective operation in agricultural environments. These robots must be capable of au-
tonomously moving through crop fields, navigating between rows of plants, and accessing
fruits for harvesting without causing damage [35].

To achieve efficient movement in the field, a harvesting robot requires an advanced
navigation and positioning system. High-precision GPS and inertial navigation systems
(INS) enable the robot to determine its exact location in the field and plan the optimal
route for harvesting [36]. Additionally, the use of LiDAR (Light Detection and Ranging)
technology helps create three-dimensional maps of the environment, allowing the robot to
detect and avoid obstacles while moving toward the selected fruits. The following section
explains how this process works in detail [37].

3.2.1. Sensors and Awareness of the Environment

The harvesting robot can use several systems to be able to move around its environ-
ment, each method has advantages and disadvantages that deserve an independent study.

a. Cameras and vision systems: They capture images of the environment to detect
ripe fruits, obstacles and other relevant elements in the field [38]. These systems can
be monocular, stereoscopic, or even multispectral cameras, depending on specific
detection needs. Just as cameras are used to recognize fruits, cameras can be used
to generate an algorithm that allows the robot to move along an unobstructed route
around the crop field [39].

b. Proximity sensors: They detect the presence of nearby objects, such as plants or
structures, to avoid collisions and plan safe routes [40]. If the robot deviates from its
planned route, location systems allow real-time corrections to be made to maintain
accuracy and efficiency during harvesting. This helps optimize the operation time
and resources used in the field.

c. Location systems: They use GPS, GNSS, or other methods to determine the robot’s
precise position in the field. The robot’s position must be precise to ensure that it does
not deviate from the path laid out for harvesting [41].
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d. Odometry sensors: They monitor the robot’s movement and direction to calculate
the distance traveled and the current orientation. The information provided by
the odometry sensors allows the robot to move precisely along the rows of plants
and between crops, ensuring that each fruit is harvested efficiently and without
damage [42]. By knowing the distance traveled, odometry sensors help optimize
the use of energy and resources during robot operation, increasing autonomy and
reducing downtime.

3.2.2. Route Planning and Navigation

Route planning for the navigation of a harvesting robot is a crucial process that
involves determining the best trajectory for the robot to move efficiently through the crop
field and harvest the fruits optimally, this process is done autonomously by the robot.

a. Mapping the environment: Before starting any harvesting operation, the robot uses
its sensors, such as cameras and perception systems, to create a detailed map of the
agricultural environment. This map includes information on the arrangement of
the rows of plants, the location of ripe fruits, obstacles such as trees or agricultural
structures, and other relevant elements [43].

b. Route planning: Based on the generated map and the harvesting objectives, the robot
plans the best route to move efficiently between the rows of plants and collect the
identified fruits. The robot decides the order in which it will pick the fruits based on
criteria such as proximity, accessibility, and picking efficiency. For example, you can
prioritize fruits that are closer or in a more accessible position. Using route planning
algorithms, such as the algorithm, the robot calculates the shortest and safest route to
reach each point of interest. During route planning, the robot also considers how to
avoid obstacles detected in the environment [44].

c. Autonomous navigation: During operation, the robot uses navigation algorithms that
combine information from the map of the environment, the robot’s current position,
and sensor data to make real-time decisions about direction and speed of movement.

In short, route planning for the navigation of a harvesting robot combines the ability to
perceive the environment with advanced trajectory planning algorithms to achieve efficient
and accurate harvesting in dynamic and varied agricultural environments. Autonomous
movement in the agricultural environment involves GPS systems and LIDAR sensors for
precise navigation.

i. GPS (Global Positioning System): GPS works by receiving signals from satellites in
orbit. A GPS receiver in the robot picks up these signals and uses them to calculate
the robot’s position in terms of geographic coordinates (latitude, longitude, and
altitude) [45]. Using the trilateration technique, the GPS receiver calculates its exact
position by measuring the time it takes for signals to travel from various satellites
to the receiver. The GPS provides the robot with information about its location in
the crop field. This is crucial for planning efficient harvesting routes and ensuring
that the robot covers the entire growing area without skipping any sections. In large
fields where multiple robots may be operating simultaneously, GPS helps coordinate
movements between robots to avoid collisions and optimize field coverage. The
data collected, such as the location of ripe fruits, can be georeferenced, allowing a
subsequent analysis on the distribution and conditions of the crop [46].

ii. LiDAR (Light Detection and Ranging): LiDAR works by emitting pulses of laser
light into the environment and measuring the time it takes for light to reflect and
return to the sensor. By measuring these distances in multiple directions, LiDAR
creates a three-dimensional “point cloud” that accurately represents the structure of
the environment [47]. LiDAR allows the robot to detect obstacles in its immediate
environment, such as plants, trees, and agricultural structures, in real-time. This is
essential to avoid collisions and damage to both the robot and the crop. By generating
a detailed three-dimensional map of the environment, LiDAR helps the robot navigate
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precisely between rows of plants and locate ripe fruits for picking. The detailed
environmental information provided by the LiDAR allows the robot to position its
harvesting arms and tools with pinpoint accuracy, ensuring effective harvesting
without damaging surrounding fruits or plants [48].

iii. GPS and LiDAR integration: While GPS provides the robot’s global location in the
field, LiDAR provides detailed mapping of the immediate environment. By combining
this data, the robot can plan and execute harvesting routes more efficiently and safely.
GPS and LiDAR data are integrated using sensor fusion algorithms that combine the
advantages of both systems to improve navigation accuracy and obstacle detection.
As the robot moves, GPS and LiDAR data is continuously updated, allowing the robot
to adapt to changes in the environment and maintain an optimal trajectory. Figure 4
shows a robot in the process of harvesting, to achieve this it must have a very precise
positioning system due to the difficult conditions of its environment.

Figure 4. Functional harvesting robot

3.3. Environmental Conditions

The environmental conditions for a fruit harvesting robot are critical factors that affect
its harvesting performance and efficiency. These conditions include physical aspects of the
field, crop characteristics, and environmental factors.

3.3.1. Ground Conditions

The physical conditions of the field become one of the most obvious and impossible
to avoid, it is very different a robot in a controlled environment of a greenhouse or a test
laboratory from that of a real field. Terrain with unevenness, slopes, or irregularities can
hinder the robot’s movement and require advanced navigation and stability systems to
maintain harvesting accuracy [49]. In addition, the presence of stones, logs, and other
obstacles that the robot must detect and avoid to prevent damage and maintain continuous
operation. In fields with high plant density, the robot must navigate through narrow spaces,
which requires precise route planning and fine maneuverability. Variability in plant height
and thickness can affect the visibility and accessibility of fruits, necessitating adjustments
to the robot’s perception systems and harvesting mechanisms [50].

3.3.2. Characteristics of the Crop

Different fruits have different physical characteristics such as size, shape, color, and
texture, which requires the robot to adjust its detection and manipulation systems for each
specific type of fruit [51]. The robot must be able to identify ripe fruits and differentiate
them from unripe or damaged ones, using vision systems and artificial intelligence to
ensure high-quality harvesting.
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3.3.3. Environmental Factors

Variable lighting due to the sun, plant shadows, or clouds can affect the effectiveness
of the robot’s vision systems. Advanced image processing systems must compensate for
these changes to maintain accuracy [52]. The presence of moisture or rain can affect the
robot’s sensors and electronics, as well as complicating the terrain and making it more
difficult to get around. Extreme temperatures can affect the performance and durability
of the robot’s mechanical and electronic components, requiring materials and designs
that withstand these conditions. In dusty or dirty environments, the robot’s sensors and
mobility systems may be affected. Automatic cleaning systems and sensor protection are
essential to maintain operability.

3.3.4. Interaction with Other Elements

The robot must operate safely in the presence of human workers, stopping or swerving
to avoid accidents. Proximity sensors and collision avoidance algorithms are essential [53].
In large fields, there may be multiple robots operating simultaneously. A communication
and coordination system is necessary to avoid collisions and optimize collective efficiency.

3.4. Technical Specifications

To detail the technical specifications of a fruit harvesting robot, we can present a table
that includes key aspects such as dimensions, perception systems, navigation capabilities,
autonomy, among others. Here’s an example table with hypothetical technical specifications
for a fruit-harvesting robot, summarized in Table 2:

Table 2. Technical specifications for a harvesting robot.

Specification Detail

Dimensions
Length 1.5 m
Width 0.8 m
Height 1.2 m
Weight 120 kg

Mobility
Traction type Wheels with all-terrain capability
Wheel drive 4-wheel drive (4WD) for better terrain adaptability
Maximum speed 1.5 km/h
Slope capacity Up to 20 degrees
Turning radius 0.75 m
Obstacle clearance 25 cm

Perception Systems
Cameras RGB camera, multispectral camera
Lidar 3D LiDAR with 30-m range
Proximity sensors Ultrasound, infrared
Touch sensors Pressure sensors on the harvesting arm
Additional sensors Depth camera for enhanced spatial perception

Navigation System
GPS Accuracy of ±2 cm
RTK-GPS Real-time kinematic GPS for precise positioning
Odometry sensors Encoders on the wheels
IMU Inertial measurement unit for motion tracking
Path planning algorithm SLAM (Simultaneous Localization and Mapping)
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Table 2. Cont.

Specification Detail

Processing and Control
Processing unit Multicore CPU, GPU for image processing
AI algorithms Neural networks for fruit detection, route planning
Communication protocols ROS (Robot Operating System)
Control system PID and fuzzy control for accurate motor coordination

Gathering Capacity
Robotic arms 1–2 robotic arms with adaptive grippers
Actuation system Electric actuators with feedback control
End-effector type Soft robotic gripper for delicate fruit handling
Time per pickup 5–10 s per fruit
Load capacity Up to 20 kg of fruit harvested
Maximum reach 1.5 m

Power System and Autonomy
Battery type Lithium-ion battery, 48 V, 100 Ah
Battery life 10 h of continuous operation
Power consumption 500 W to 1000 W (depending on tasks)
Charging time 4–6 h for a full charge
Solar charging Optional solar panels for extended range
Energy management Smart power distribution to critical components

Interaction and Security
Communication Wi-Fi, Bluetooth, 4G connectivity for remote monitoring
User interface Touch screen, mobile app, voice command option

Safety sensors
Proximity sensors, emergency stop buttons, vision-based
obstacle detection

Security features Encrypted communication, password-protected access
Compliance CE certification for machinery safety

Environmental Conditions
Operating temperature −10 °C to 40 °C
Water resistance IP65-rated for protection against dust and water jets
Relative humidity 10–90% non-condensing
Wind resistance Operational under wind speeds of up to 15 m/s
Ground adaptability Capable of operating on loose soil, gravel, and wet surfaces

Maintenance and Lifespan
Maintenance interval Routine check every 100 h of operation
Spare parts Modular design for easy replacement of damaged parts
Expected lifespan 10 years with regular maintenance
Software updates Over-the-air (OTA) updates for control software

Table 2 provides an expanded overview of the technical specifications for a fruit-harvesting robot. Data are

referential and subject to future research and refinement. Below is a detailed justification for each parameter.

3.4.1. Dimensions

The compact dimensions of a fruit-harvesting robot are essential for its operation in
agricultural fields, where rows of plants are often narrow and densely populated. These
dimensions allow the robot to move with agility and precision between rows, avoiding
damage to plants and ensuring access to all areas of the field. For example, a length of
1.5 m, a width of 0.8 m, and a height of 1.2 m are ideal ratios that balance maneuverability
and operational capability, allowing the robot to enter tight spaces without compromising
its functionality [54]. A moderate weight, around 120 kg, ensures that the robot maintains
adequate stability while moving through the uneven and sometimes sloping terrain of
crop fields. This weight is sufficient to provide the necessary traction on uneven surfaces
and prevent the robot from tipping over, while also allowing for a significant payload of
harvested fruits. In addition, this balanced weight facilitates the transport of the robot to
the field and between different locations, allowing greater operational flexibility [55].
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The combination of compact dimensions and moderate weight also has a positive
influence on the robot’s energy efficiency. Smaller size and weight reduce power consump-
tion during movement, extending battery life and increasing the operating time between
recharges. This is crucial to maximize harvesting time in the field and minimize operational
disruptions, contributing to more productive and economical harvesting [56].

3.4.2. Mobility

The choice of traction type is a fundamental aspect in the design of a fruit harvesting
robot, as it directly influences its ability to move efficiently through different types of
agricultural land. On firm, flat terrain, the wheels offer greater speed and maneuverability
compared to other alternatives. This allows the robot to move quickly between rows of
plants, increasing harvesting efficiency [57].

Wheeled systems are typically more energy-efficient, which can extend battery life and
increase the robot’s operating time before needing a recharge. They are generally simpler
and easier to maintain, which can reduce maintenance costs and downtime [58].

The maximum speed of a fruit-harvesting robot must balance operational efficiency
with the delicacy necessary not to damage plants or fruits. A controlled speed, typically
around 1.5 km/h, allows the robot to move fast enough to maintain a high picking rate, but
slow enough to ensure that each fruit is properly identified and harvested without causing
damage [59].

A fruit-harvesting robot’s ability to operate in fields with moderate slopes is crucial to
its versatility and usefulness in various agricultural environments. A slope capability of up
to 20 degrees allows the robot to maintain its efficiency in terrain with varied topography.
Many agricultural fields are not perfectly flat and can have hills and slopes. The robot’s
ability to operate in these terrains ensures that it can be used in a wide range of locations
and conditions [60].

3.4.3. Perception Systems

The perception systems in a fruit-harvesting robot are critical to its ability to detect and
pick fruit efficiently. Among these systems, cameras play a crucial role in providing essential
visual data for accurate fruit-harvesting and detection of obstacles in the environment. The
RGB cameras capture color images, allowing the robot to differentiate between ripe and
unripe fruits based on color. For example, in apple picking, deep red indicates ripeness,
while green may indicate that the fruit is not yet ready to be picked [61]. Multispectral
cameras capture images at different wavelengths of the light spectrum, allowing crop health
to be assessed. They can detect variations in leaf and fruit reflectance that indicate water
stress, disease, or nutrient deficiencies [62].

3.4.4. Navigation Systems

GPS and GNSS systems provide high accuracy in determining the robot’s position in
the field, usually with an accuracy of a few centimeters when using advanced technologies
such as GPS RTK (Real-Time Kinematic). This precision is essential for the robot to be able
to follow predefined routes and return to specific points of interest accurately [63]. By using
GPS/GNSS positioning data, the robot can map and cover the entire field systematically,
ensuring that no areas are left unharvested. This is especially important on large farms
where full manual coverage would be impractical.

Odometry sensors are crucial for monitoring the robot’s movement, providing infor-
mation about the distance traveled and direction. These sensors are typically embedded in
the wheels or the robot’s traction system, recording each rotation of the wheels and translat-
ing this data into linear and angular displacement [64]. Odometry allows the robot to make
constant corrections in its trajectory, compensating for possible slippage or deviations. This
is especially useful when GPS/GNSS experiences temporary signal loss or interference,
such as in areas with limited satellite coverage [65].
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The combination of GPS/GNSS data and odometry sensors allows for more accu-
rate and reliable navigation. Sensor fusion integrates the advantages of both systems,
using GPS/GNSS for global location and odometry for detailed motion tracking in areas
with limited coverage or interference. Sensor fusion also provides redundancy, mean-
ing that if one of the systems fails, the robot can continue to navigate using the data
from the other system. This increases operational safety and ensures that collection
continues uninterrupted.

The data collected by the navigation and perception sensors is used to create and
update maps of the environment in real time. These maps help the robot better understand
its surroundings and make informed decisions about how best to move and gather fruit.
Advanced navigation systems allow the robot to adapt to changes in the field environment,
such as new plantings or modifications in the arrangement of plant rows. This ensures that
the robot can operate effectively in different field conditions and configurations.

3.4.5. Processing and Control

The processing unit in a fruit-harvesting robot is the heart of the control system,
responsible for executing the algorithms necessary for the robot’s autonomous operation.
Given the complexity of the tasks that the robot must perform, the processing unit must be
extremely powerful and efficient. Multi-core processors, such as advanced CPUs and GPUs
(Graphics Processing Units), are essential for handling the data-intensive workloads that
artificial intelligence (AI) algorithms require. These processors enable parallel processing
of multiple data streams, significantly improving the robot’s speed and efficiency [66].

A lot of RAM and fast storage (such as SSDs) is crucial to handle large volumes of
data that are generated during robot operation. This includes high-resolution imagery, 3D
maps of the environment, and real-time sensor data.

Optimization algorithms, such as the particle swarm algorithm (PSO) and the genetic
algorithm (GA), are used to adjust routes in real-time based on sensor data. This allows the
robot to adapt to changes in the environment, such as the appearance of new obstacles or
variation in fruit density [67].

Real-time control systems allow the robot to respond quickly to changes in the envi-
ronment and instructions from AI algorithms. These controllers adjust the robot’s actuators,
such as traction motors and harvesting arms, to perform precise and coordinated move-
ments [68].

A modular software architecture allows for easy integration and upgrade of different
control system components. This includes modules for perception, planning, control, and
communication, which can be developed and optimized independently [69].

3.4.6. Gathering Capacity

Robotic arms are critical components in a fruit-harvesting robot, designed to perform
the physical task of harvesting fruits from plants. To adapt to the variety of fruits in a field,
these arms are equipped with adaptive grippers and advanced technologies that allow for
efficient and careful picking.

The robotic arms are designed with multiple degrees of freedom, allowing for a wide
range of motion. This mobility is essential to reach fruits in different positions and heights
within the tree or plant, ensuring a complete and efficient harvest [70]. The grippers on
the robotic arms are designed to accommodate different sizes and textures of fruits. They
use soft, flexible materials to grip delicate fruits without damaging them. In addition, the
grippers can adjust their grip strength in real time, based on touch sensors, to prevent
bruising or damage.

The time it takes for the robot to pick each fruit is a critical balance between speed
and care. An optimized picking time ensures that the robot can cover large areas quickly
without compromising the quality of the harvested fruits. Route planning algorithms
optimize the movement of the robotic arm to minimize travel time between fruits. This
includes calculating the most efficient sequence for harvesting fruit in a given area, reducing
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the total operating time. Precise synchronization between different robot components, such
as arm movement and robot movement, ensures smooth and continuous operation. This
reduces downtime and increases harvesting efficiency.

The load capacity of the harvesting robot is another essential aspect that determines
its operational efficiency. Adequate load capacity allows the robot to operate for extended
periods without the need to empty its fruit container, thus increasing productivity. Cargo
containers are designed to support a significant amount of fruit, using durable materials
that can handle the weight and conditions of the field. This allows the robot to harvest
large volumes of fruit before requiring emptying [71]. The storage system inside the
container is designed to protect the harvested fruits. This includes padded compartments
and mechanisms that ensure that fruits are not damaged by the movement or weight of
other stacked fruits.

3.4.7. Autonomy

The battery is the main component that powers all the robot’s systems, from the
traction motors to the processing and perception systems. An efficient battery design
ensures that the robot can operate for extended periods without the need for frequent
recharging, which is essential for productivity at harvest. Lithium-ion batteries are a
common choice due to their high energy density, allowing a large amount of energy to
be stored in a relatively small and lightweight package. These batteries also have a long
lifespan and are capable of withstanding numerous charge and discharge cycles without
significant degradation [72]. Fruit-harvesting robots are designed to be energy efficient,
minimizing energy consumption without compromising performance. This includes the
use of high-efficiency electric motors and the optimization of control algorithms that adjust
energy use according to operational needs.

The integration of solar charging is a viable option to extend the autonomy of fruit-
harvesting robots, especially in agricultural fields with high sun exposure. Solar panels can
provide additional power, reducing reliance on frequent recharges and increasing operation
time in the field. Robots equipped with solar charging systems can operate in a hybrid
mode, using solar power during the day and switching to battery power at night or in
low-light conditions. This maximizes operating time and reduces the need for external
refills [73].

3.4.8. Interaction and Security

The communication capability of a fruit-harvesting robot is critical to its efficient and
safe operation. This feature allows operators to monitor and control the robot remotely,
optimizing harvesting operations and ensuring a quick response to any necessary issues or
adjustments [74]. The integration of Wi-Fi and Bluetooth modules allows a wireless connec-
tion between the robot and control devices, such as tablets or laptops. These technologies
facilitate the transmission of data in real time and allow immediate adjustments in the
robot’s operation. For large-field operations, long-range communication technologies such
as LoRa or 5G provide extended coverage and robust connection. These technologies allow
the robot to be monitored and controlled from greater distances, ensuring that operations
are not interrupted by range limitations [75].

The ability to transmit data in real-time allows operators to see the robot’s current
status, including battery levels, location, and harvesting performance. This visibility
helps to identify and fix problems quickly. Operators can send commands to the robot
to adjust its route, speed, or harvesting method. This flexibility is crucial for adapting to
changing conditions in the field or for addressing unforeseen situations [76]. An intuitive
user interface is essential for effective setup and control of the fruit-harvesting robot.
This interface should be user-friendly and provide access to all the features needed to
operate the robot efficiently. Safety is a priority in the design of fruit-harvesting robots.
Integrated safety sensors ensure that the robot operates safely, preventing damage to both
the environment and the robot itself.
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An emergency stop system allows operators to stop the robot instantly in the event
of imminent danger. This system can be activated manually or automatically through
safety sensors. Continuous monitoring systems assess the condition of the robot and its
surroundings, detecting any abnormal conditions that may pose a risk. Real-time alerts
and diagnostics allow operators to take corrective actions quickly [77].

3.4.9. Environmental Conditions

The ability to operate in a wide range of temperatures is critical for fruit-harvesting
robots, as robots must operate in both hot and cold climates. The robot’s electronic and
mechanical components are designed to operate effectively and safely within a specific
range of temperatures. This ensures that the robot can perform its fruit-harvesting duties
without being affected by extreme environmental conditions [78].

The materials used in the manufacture of the robot must be able to withstand extreme
temperatures without significant degradation. For example, engineering plastics and metal
alloys are used to maintain their structural and electrical properties in extreme heat or cold
conditions. In warm environments, active cooling systems, such as fans or heat sinks, can
be integrated to keep component operating temperatures within safe limits. This prevents
overheating and ensures the robot’s operational reliability [12].

Water resistance is crucial for fruit-harvesting robots, as these often operate in fields
where humidity can be high due to irrigation or variable weather conditions. Protec-
tion against water intrusion ensures that the robot’s sensitive electronics and mechanical
systems can operate without risk of moisture damage. Harvesting robots usually com-
ply with IP (Ingress Protection) standards, which indicate the level of protection against
solids and liquids. For example, an IP67-rated robot can be temporarily submerged in
water to a certain depth without damage. Robots can be equipped with environmental
sensors that continuously monitor the temperature and relative humidity conditions of
the environment. This data can be used to dynamically adjust the robot’s operation and
optimize its performance under varying environmental conditions. Adaptive control al-
gorithms allow the robot to automatically adjust its operating parameters according to
the detected environmental conditions, ensuring consistent and efficient performance in
different environments.

These specifications ensure that the fruit-harvesting robot can operate efficiently,
safely, and autonomously in various agricultural environments, optimizing harvesting and
minimizing damage to fruits and plants.

3.4.10. Different Types of Soil

For a fruit-harvesting robot to adapt to different types of soil, several key requirements
must be considered to ensure optimal performance under various conditions:

The robot needs a traction system that can adjust to different soil types, such as
sand, clay, mud, or rocky terrain. This might involve using adjustable wheels, tracks, or
suspension systems to provide adequate traction and prevent the robot from getting stuck
or bogged down.

To adapt its operation to different soil types, the robot should be equipped with sensors
that can assess terrain conditions in real-time. Sensors like lidar, radar, or stereo cameras
can help detect irregularities in the ground and adjust the robot’s behavior accordingly.

On uneven or unstable soils, the robot may require an advanced stabilization system
to maintain balance and prevent tipping. This could include gyroscopes and motion control
systems that automatically adjust the robot’s position to keep it stable.

The harvesting arm must be capable of operating effectively at different heights and
angles depending on the soil type. This may require adjustments in the arm’s height and
angle, as well as grip strength, to handle fruit at various positions and elevations.

The robot’s navigation algorithms should be able to adapt to terrain variations. This
might involve integrating advanced path-planning techniques and dynamic adjustments
to ensure the robot can move efficiently across different types of soil.
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The robot’s components, especially wheels, tracks, and traction mechanisms, must be
designed to withstand wear and impacts associated with operation on hard, rocky, or wet
soils. This ensures long-term durability and reliable performance in diverse conditions.

The robot should have the ability to correct its trajectory and position in case of
slippage or unforeseen issues caused by the soil type. Adaptive control systems and
feedback mechanisms are crucial for continuously adjusting the robot’s operation.

These requirements ensure that the fruit-harvesting robot can adapt to various soil
conditions, enhancing its versatility and effectiveness in the field.

4. Real Example

Bacchus is a project that has been developed with the purpose of carrying out agricul-
tural inspection and harvesting efficiently. In collaboration with Robotnik, the RB-VOGUI+
DUAL mobile robot has been implemented, equipped with two integrated UR robotic
arms. This system incorporates an advanced set of sensors that allow for the collection of
environmental data and detailed inspection of crops. During the harvesting phase, force
sensors play a crucial role, ensuring the robots’ precision in handling the fruits. In addition,
adaptable grippers made using additive manufacturing techniques are used, specifically
designed to handle the fruits delicately and without causing damage (Figure 5).

Figure 5. Harvesting robot in operation (Bacchus).

5. Economic Evaluation

In the context of fruit-harvesting robots, economic evaluation plays a crucial role in
determining their viability and acceptance in the agricultural industry. This evaluation
covers several fundamental aspects that directly impact the profitability and efficiency
of the operation. The cost-benefit analysis focuses on comparing the costs of acquiring,
operating, and maintaining the robot with the benefits derived from its use. This includes
savings in labor costs, which can be significant given that robots can operate continuously
and do not require breaks or wages. In addition, the increase in harvesting efficiency is
considered, which allows crops to be harvested in less time and with less waste. This
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analysis helps farmers understand how the implementation of the robot can positively
impact their total production costs and the profitability of their farming operations.

Estimating the return on investment is another key aspect of economic evaluation.
The period of time needed to recover the initial investment made in the acquisition of the
robot is calculated, taking into account the cost savings and the increase in income derived
from more efficient and higher quality production. For farmers, knowing the Return on
Investment ROI provides them with a clear perspective on when they can expect to make
additional net profits after they have implemented the fruit-harvesting robot. This estimate
considers factors such as the robot’s lifespan, agricultural production cycles, and economic
market conditions.

6. Discussion

Automation in agriculture is significantly transforming how field tasks, particularly
fruit-harvesting, are managed. This article provides a comprehensive analysis of the needs
and preliminary requirements for designing an autonomous fruit-harvesting robot. The
integration of advanced machine vision technologies and neural networks for accurate
detection and obstacle avoidance enhances harvesting efficiency. Additionally, proximity
and touch sensors are pivotal for careful and safe handling, reducing damage during
the harvesting process. This discussion examines the implications and potential of these
technologies, as well as the challenges that remain.

Harvesting robots offer a promising solution to address labor shortages in agriculture.
The use of advanced technologies such as machine vision and neural networks enables
precise detection of ripe fruits and obstacles, optimizing harvesting efficiency. Perception
systems, incorporating cameras and sensors, provide critical data for crop inspection and
route planning, facilitating adaptability to various crop types and ground conditions.

The implementation of proximity and touch sensors for careful handling is particularly
noteworthy. These sensors minimize damage to the fruit during harvesting, improving the
quality of the final product and reducing waste. The robots’ ability to operate on slopes and
adapt to diverse agricultural conditions highlights their flexibility and potential to enhance
harvesting efficiency.

Despite significant advancements, several challenges must be addressed to achieve
effective integration of robots in agriculture. The literature review identifies limitations
in current systems, such as obstacle detection and avoidance, energy management for
prolonged operations, and component durability in harsh agricultural environments. These
issues can impact the operability and efficiency of robots and must be considered in
future designs.

Moreover, the cost of implementing and maintaining these robots could be a barrier
to widespread adoption, especially for smaller-scale farms. The economic feasibility of
these systems should be carefully evaluated, taking into account both initial costs and
long-term benefits.

The potential of fruit-harvesting robots to revolutionize agriculture is substantial.
The trend toward more autonomous and precise systems, driven by advanced artificial
intelligence algorithms and cutting-edge sensors, promises to further improve efficiency
and accuracy in harvesting. However, additional research is needed in areas such as
robot-plant interaction, energy efficiency, and coordination of multiple robots.

Collaboration among researchers, engineers, and farmers will be crucial to overcom-
ing these challenges and fostering the adoption of robotic technologies in agriculture.
Ongoing research and development of new technological solutions will be essential to
addressing current limitations and maximizing the benefits of advanced robotic systems
for fruit-harvesting.

In conclusion, the automation of fruit-harvesting has the potential to revolutionize
agriculture by providing innovative solutions to persistent problems. However, a contin-
uous focus on research and development is necessary to address existing challenges and
fully leverage the opportunities presented by advanced robotic systems.
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7. Conclusions

Identifying the technical requirements for an autonomous fruit-harvesting robot is a
crucial step in its design. By considering operational, environmental, and technical factors,
we can establish a solid foundation for developing a robot that is efficient, reliable, and
economically viable. The next phase will involve prototyping and field testing to validate
these requirements and ensure they meet farmers’ needs.

Autonomous fruit-harvesting robots, equipped with technologies like computer vision
and sensor systems, offer significant benefits, including reduced labor, increased efficiency,
and minimized crop waste. Economic analyses show the potential for long-term profitabil-
ity.

However, challenges such as adapting to different crops and conditions, ensuring
operational safety, and integrating with farm systems remain. Addressing these will require
continued collaboration among researchers, engineers, and farmers.

As advancements continue, fruit-harvesting robots are expected to play a key role
in improving agricultural efficiency, sustainability, and profitability, helping address the
global food demand.
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