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Abstract

The rapid development of artificial intelligence technologies has promoted the emergence
of Agriculture 4.0, where the machines participating in agricultural activities are made
smart with the capacities of self-sensing, self-decision-making, and self-execution. As
representative implementations of Agriculture 4.0, intelligent selective fruit harvesting
robots demonstrate significant potential to alleviate labor-intensive demands in modern
agriculture, where visual detection serves as the foundational component. However, the
accurate detection of fruits remains a challenging issue due to the complex and unstructured
nature of fruit orchards. This paper comprehensively reviews the recent progress in
visual detection methods for selective fruit harvesting robots, covering cameras, traditional
detection based on handcrafted feature methods, detection based on deep learning methods,
and tree branch detection methods. Furthermore, the potential challenges and future trends
of the visual detection system of selective fruit harvesting robots are critically discussed,
facilitating a thorough comprehension of contemporary progress in this research area.
The primary objective of this work is to highlight the pivotal role of visual perception in
intelligent fruit harvesting robots.

Keywords: harvesting robots; selective fruit harvesting; visual detection; precision
agriculture; Agriculture 4.0

1. Introduction
The evolution of technologies is constantly driving the upgrade of agricultural modes.

The development roadmaps of the Agricultural Revolution and Industrial Revolution are
presented in Figure 1 [1]. During the Agriculture 1.0 stage, the ancient and traditional
farming practices heavily relied on manual work and animal power. The advent of Industry
1.0, characterized by mechanization, facilitated the application of agricultural machinery in
sowing, irrigation, harvesting, and other processes, marking the emergence of Agriculture
2.0. Driven by the mass production modes brought by Industry 2.0 and digitalization
by Industry 3.0, Agriculture 3.0 is enabled, which aims to introduce information and
automation technologies for precision agriculture [2].

Agronomy 2025, 15, 1926 https://doi.org/10.3390/agronomy15081926

https://doi.org/10.3390/agronomy15081926
https://doi.org/10.3390/agronomy15081926
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agronomy
https://www.mdpi.com
https://orcid.org/0000-0002-4821-6789
https://orcid.org/0000-0002-2097-0739
https://orcid.org/0000-0002-6786-5055
https://doi.org/10.3390/agronomy15081926
https://www.mdpi.com/article/10.3390/agronomy15081926?type=check_update&version=3


Agronomy 2025, 15, 1926 2 of 31

Figure 1. Development roadmap of Agricultural 4.0.

Recently, with the rapid development of Internet of Things [3], digital twin [4], Cyber
Physical System [5], big data [6], and artificial intelligence [7,8], intelligent devices and
smart manufacturing are enabled, and this industrial stage is called Industry 4.0. The
integration of these advanced technologies and agriculture brings the chance to enter the
era of Agriculture 4.0. During the Agriculture 4.0 environment, the real-time planting
status can be monitored by sensors, and agricultural data can be analyzed on the virtual
or cloud side automatically. Then, the production decisions can be made by themselves
according to the sensed conditions, and their production parameters can be dynamically
adjusted without consulting high-level managers.

During the Agriculture 4.0 era, the intelligent management of field crops is widely
studied, such as irrigation [9,10], fertilization [11], disease classification [12], pesticide
spraying [13], yield estimation [14], harvesting [15,16], and other aspects [17]. Intelligent
robots are widely developed to counter labor shortages and provide an economically viable
solution to rising labor costs. However, fruits are characterized by high vulnerability,
disorderly growth, and asynchronous ripening, and the fruit growers need to finish a lot
of picking work in a short time [18]. The development and application of intelligent fruit
harvesting robots are essential for the fruit industry. Two principal harvesting approaches
have been proposed, i.e., the mass harvesting method and selective harvesting method [19],
as shown in Figure 2. Figure 2a shows a harvesting machine, which mainly applies vibration
to the fruit tree to separate and collect the fruits. Nevertheless, it frequently causes damage
to fruits and cannot work well for fresh fruit picking. In contrast, harvesting high-value
fruits (e.g., apples, citrus, and tomatoes) still primarily relies on human labor, representing
agriculture’s labor-intensive and costly activity [20].

Figure 2. Fruit harvesting methods.
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Figure 2b presents a selective harvesting robot, which picks each fruit at a time. The
robotic system of a selective harvesting robot often consists of several sub-systems: the
vision [21,22], end effector [23], and control [24]. The recognition of fruits is the premise for
picking fruits by robots [25]. Advanced machine vision technologies are first applied to
identify and localize the fruits [26,27]. After the fruit targets are detected, motion planning
methods are used to guide the robotic arm to accurately reach the location of the fruits.
Since each of these sub-systems is a complex research topic by itself, this paper mainly
focuses on the visual detection methods for the selective fruit harvesting robots. Some
review works have analyzed the robotic harvesting technologies in the agricultural area
from discrete perspectives. Jia et al. [28] reviewed the apple harvesting robot in information
technology. Khan et al. [29] reviewed the object detection methods in agricultural areas,
covering crop monitoring, weed management, etc. Jin et al. [30] presented the development
status and trend of agricultural robot technology. Wang et al. [31] discussed the main
applications and progress of visual-based intelligent tea picking. Bai et al. [32] concentrated
on the key navigation and guidance of intelligent robots in agriculture based on vision
technologies. Xiao et al. [33] analyzed the main works in fruit detection methods based on
traditional image processing and machine learning methods for smart harvesting robots.
Hua et al. [34] discussed the key technologies in an apple harvesting robot for standardized
orchards. Wu et al. [35] reviewed the key technologies for autonomous navigation in field
agricultural machinery.

Nevertheless, existing visual detection methods of robotic fruit harvesting still face the
challenges of reliable performance in real-life natural orchards. Few review papers have
specifically focused on the visual detection methods for fruits. Considering these issues, it
is necessary to answer the following questions: (1) What are the key components of fruit
harvesting robots, and how does visual detection technology support the robots? (2) What
are the current popular devices and algorithms in the field of vision-based recognition
systems? (3) What are the main challenges and future trends of applying the cutting-edge
vision-based fruit harvesting robots?

To answer these questions, this paper adopts a comprehensive methodological frame-
work designed to analyze the advanced visual detection methods for selective fruit harvest-
ing robots. The Web of Science (WoS) was selected as the sole bibliographic database for
this study based on the following justifications: (1) its comprehensive interdisciplinary cov-
erage and well-documented reputation for indexing high-quality, peer-reviewed scholarly
publications [36]; (2) the use of a single authoritative database improves methodological
reproducibility, reduces redundancy in retrieved records, and enhances the efficiency of
the literature review process; and (3) the search was temporally restricted to publications
between 2016 and 2025 to ensure the inclusion of contemporaneous and methodologically
relevant studies. As shown in Figure 3, Section 2 introduces the background of fruit har-
vesting robots and visual detection methods based on relevant literature. Section 3 reviews
the selected literature. Section 4 analyzes the main challenges and the future trends. Finally,
Section 5 summarizes this study’s principal conclusions.
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Figure 3. An overview of this review.

2. Background
2.1. Fruit Harvesting Methods and Robots
2.1.1. Fruit Harvesting Methods

To reduce the labor consumption of fruit harvesting, two main kinds of methods are
often used, i.e., selective harvesting and mass harvesting [37].

Mass harvesting methods often use vibrational harvesting (i.e., catch and shake) and
demonstrate significant potential for enhancing harvest efficiency and reducing production
costs for tree fruit crops. Zhou et al. [38] analyzed the shaking-induced cherry fruit motion
and damage; results showed that a shorter duration of high-level mechanical impacts
correlates significantly with increased fruit damage. Sola-Guirado et al. [39] conducted a
performance assessment of lateral canopy shakers incorporating a catch frame for orange
harvesting in the juice production system. Results denoted that while operational, these
systems require optimization to minimize both post-harvest ground fruit accumulation
(5.9–10.4%) and mechanical damage to tree structures, particularly from trunk–catch frame
interactions and branch–rod contacts. A high percentage of shaking-induced fruit and
tree damage is the predominant limitation in the mechanical harvesting of fresh-market
fruits [40]. In addition, the maturity of fruits is hard to maintain, so less mature fruits are
inevitably harvested together with over-mature fruits. Therefore, this method is often used
for harvesting fruits with relatively solid outer shells and is more suitable for the fruit
industry, such as the juice industry.

Selective harvesting methods synergistically integrate the operational efficiency of
mechanized systems with the selectivity of human labor. A robot is usually an integrated
multi-disciplinary system that combines multiple functions [41], such as environment sens-
ing, target detection and localization, motion planning and optimization, arm navigation,
and robotic manipulation. As shown in Figure 4a, some robots are developed and applied
for selective fruit harvesting. Levin et al. designed a peach harvesting robot with modular
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reconfigurable joints [42]. Barnett et al. discussed a kiwifruit harvesting robot by employ-
ing multiple robot arms [43]. Zhang et al. proposed a robotic apple harvesting prototype
combining synergistic mechatronic design and motion control [44]. Japer et al. designed
an autonomous mobile robot collector for oil palm loose fruits [45]. Xiao et al. presented a
citrus picking robot with a flexible hand claw and a target detection system [46].

 
Figure 4. Applications and components for selective harvesting robots [42–46].

2.1.2. Fruit Harvesting Robot Components

The popular selective harvesting robots are composed of several main parts, i.e., mobile
base, robot arm, control panel, end effector, embedded development board, machine vision
system, and collector, as shown in Figure 4b.

• The mobile base bears the basic functions, such as positioning, navigation, and obstacle
avoidance of the robot [47]. It is not only the integration point for various sensors,
motors, and other equipment but also the key for the robot to achieve autonomous
walking, obstacle avoidance, and path planning in natural orchards.

• The robot arm aims to approach the fruits while avoiding the obstacles (e.g., tree
branches). The route optimization of the arm and collaboration between different arms
are widely researched [48,49].

• The control panel is used to exchange information between the farmer or operator and
the robot [50].

• The end effector or the gripper is set to detach and collect the targeted fruits [51],
including a flexible three-fingered end effector for apple [52,53] and tomato [54]
harvesting and a grip-and-cut end effector for grape clusters [55,56].

• The embedded development board is employed to run the analysis models (e.g., the
visual detection model) on the edge side (the robot itself).

• The machine vision system is the eye for the robot, which can detect and localize fruits
and obstacles [57,58]. It comprises hardware and software systems. The hardware sys-
tem contains a camera, a server, information exchange devices, etc., and the software
systems mainly consist of a visual-based fruit detection method.

• The collector is set to collect and temporarily store fruits.

2.2. Visual-Based Fruit Detection System

To achieve the autonomous operation of selective fruit harvesting robots, the visual
detection of the fruits is the first basic step. It aims to construct a computational model that
can autonomously fulfill visual detection tasks like human eyes [59,60]. Figure 5a presents
the overall structure for a visual-based fruit detection system. As shown in Figure 5b, the
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workflow of the method mainly consists of four procedures: (1) fruit image collection, (2)
image data processing, (3) model learning, and (4) task execution.

Figure 5. Overall structure for visual-based fruit detection system: (a) overall structure and
(b) workflow.

(1) In the fruits image collection stage, the camera on the robot arm side collects the
fruits image or videos. To ensure the diversity of samples, the shooting should be conducted
under different lighting conditions (including front light, side light, and back light) and
various angles so that the dataset can cover a variety of situations in natural scenes [61].

(2) The raw sensed fruit images are processed to construct datasets for model learning.
The image annotation software (e.g., LabelImg) is used to mark the fruits in the picture. To
solve the problem of small and single datasets, the data augmentation methods [62] are
often implemented. These methods generate more diverse and richer training samples
by performing various transformations and processing on the original images, including
Brightness adjustment, panning, contrast transformation, Gaussian blur, and adding noise.
In addition, several public datasets can be used, e.g., the date fruit dataset [63], citrus fruit
dataset (CitDet) [64], etc.

(3) The model learning stage aims to train the fruit detection models on the server
side. Two primary models are studied, i.e., hand-crafted feature model and deep learning
model [65]. The former methods extract features (i.e., color, shape, and texture) from the
target objects, followed by a machine learning-based classifier for fruit detection. The deep
learning methods learn the final task objective directly from the original data, without
relying on manually designed feature extractors, and they are now popular measures in
the fruit detection [66]. The main works will be reviewed in Sections 3.2 and 3.3 in detail.

(4) The task execution stage uses the obtained visual detection model to fulfill the fruit
detection targets and then transfers the detected fruit information to the control panel for
further picking.

3. Recognition Technologies and Algorithms
3.1. Cameras

The camera is one of the most prevalent robotic sensors, enabling non-contact envi-
ronmental perception through optical measurement. Based on the imaging principle, the
camera used by fruit harvesting robots can be classified into three main kinds, i.e., binocular
stereo camera, structured light cameras, and Time of Flight (ToF) cameras.
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3.1.1. Binocular Stereo Cameras

The depth camera, based on binocular stereo vision, is similar to the human eye.
Binocular stereo cameras, unlike depth cameras based on ToF or structured light principles,
do not actively project light. It solely relies on capturing two images (either color RGB or
grayscale) to compute depth and is therefore sometimes referred to as a passive binocular
depth camera. Well-known products include the ZED 2K Stereo Camera by STEROLABS
(San Francisco, CA, USA) and the BumbleBee by Point Grey (Vancouver, BC, Canada), as
shown in Figure 6a.

As shown in Figure 6b, after binocular camera calibration and stereo rectification,
stereo matching is performed to find the corresponding pixels P of the same spatial point in
the left and right images [67]. Then, the spatial point P is projected into the image planes of
the left and right cameras, forming two image points p (uL, vL) and p (uR, vR). By matching
these two points, the horizontal position difference (disparity) is calculated. Using the
disparity, camera focal length f, and baseline b, the 3D coordinates of the spatial point P can
be calculated.

Figure 6. Binocular stereo cameras: (a) an example, (b) general principle [66], and (c) stereo match-
ing [68].

The depth ZW of the spatial point P can be calculated as follows:

ZW =
f •b

uL − uR
(1)

In fruit harvesting robots, the procedures of binocular stereo vision based on deep
learning typically involve the following steps [68].

(1) Binocular Calibration: The goal is to determine the geometric relationship and
optical parameters between the two cameras, allowing the two cameras to precisely register
the same scene.

(2) Stereo Rectification: The goal is to transform the images from the two cameras in
such a way that the pixels in both images are aligned along the same horizontal line.

(3) Stereo Matching: The goal is to find the matching positions of the same object points
in the left and right camera images and then compute the disparity, which is the horizontal
offset between corresponding pixels in the two images [69], as shown in Figure 6c. First,
the binocular cameras capture synchronized left and right images and send them to a target
detection model (such as YOLO) to recognize and obtain the region of interest (ROI) of the
target and center coordinates. Stereo matching is then performed within the ROI, using
matching algorithms to compute the binocular disparity between corresponding points in
the left and right images.
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(4) Triangulation: Based on the stereo matching results (disparity), the object’s position
in 3D space is recovered. Using the intrinsic and extrinsic parameters of both cameras,
along with the disparity information, the 3D coordinates of the object can be calculated.

(5) Get the Picking Point: The 3D coordinates obtained from the above steps are
utilized for precise spatial localization of the target fruit. By utilizing these coordinates and
the robot’s kinematic model, the picking path can be planned.

Recent advances in the application of binocular stereo cameras for fruit detection and
localization are as follows. The ZED2 binocular stereo camera platform was constructed to
capture 30 pairs of binocular images of the Camellia oleifera fruits for obtaining their picking
point [69]. Li et al. acquired the RGB (red, green, and blue) images with the binocular
camera (BumbleBeeXB3) for apples detection [70], the geometric transformation and image
enhancement was applied to annotate images, and stereo matching was performed via
template matching between left and right images, with feature points extracted for disparity
calculation and 3D coordinate reconstruction. Zhang et al. applied the zoom binocular
camera to obtain images and then a novel depth estimation algorithm to perform stereo
matching and triangulation [71].

The advantages of stereo or multi-view visual matching include the ability to acquire
rich spatial depth information from multiple perspectives, improving the accuracy of 3D
reconstruction, and object recognition. However, it involves high computational costs
and complex algorithms. In addition, it is sensitive to environmental factors such as
lighting changes, reflections, texture scarcity, and perspective differences, which can lead
to matching errors or failures.

3.1.2. Structured Light Cameras

A structured light camera projects a specific light pattern onto the object’s surface
and decodes the reflected light to extract the object’s 3D information. Figure 7 shows the
examples and main principle of structured light cameras. Sinusoidal stripes are generated
through computer programming and projected onto the object to be measured using a
projection device. A Charge Coupled Device (CCD) camera captures the distortion of
the stripes caused by the object. The deformed stripes are then demodulated to obtain
the phase value of each pixel. The phase is then converted into the height of the entire
field. Finally, by combining the camera’s intrinsic parameters (focal length, principal point,
and pixel size) and extrinsic parameters (the relative position between the camera and the
projector), the height of each pixel is converted into three-dimensional coordinates.

Recent studies applied structured light cameras to obtain the raw images and depth
information for fruit detection and localization. For example, Zhang et al. combined
Structured Light Reflectance Imaging (SIRI) with the U-Net semantic segmentation model
for early rot detection in oranges [72]. In parallel, Zhang et al. combined the industrial
camera and Orbbec Astra S infrared structured light depth camera from Orbbec (Shenzhen,
China) to obtain the RGB color image and RGB-D depth image, respectively, and then used
the obtained images to detect and localize apples [73]. Li et al. applied the Intel RealSense
D435i RGB-D camera from Intel Corporation (Santa Clara, CA, USA), which combined
structured light-assisted stereo vision technology, used an infrared projector (IR Projector)
and two infrared receivers (IR Receivers) to capture the depth and color images of the
entire scene, and then a new deep learning instance segmentation method was developed
3D localization and grasp pose estimation of apples under occlusion conditions [74].

Structured light cameras can provide high-precision depth information rapidly, which
is especially suitable for measuring objects at close range and static objects. However,
they are susceptible to interference in strong light environments (such as outdoor sun-
light), which can affect the quality of depth images. Additionally, they are only suit-



Agronomy 2025, 15, 1926 9 of 31

able for medium to short distances, and as the measurement distance increases, accuracy
may decrease. They are also prone to motion artifacts in dynamic scenes or with fast-
moving objects.

 

Figure 7. Structured light cameras: (a) examples and (b) general principle [72].

3.1.3. Time of Flight Cameras

ToF cameras calculate distance by measuring the travel time of light. The operational
principle involves emission of modulated optical pulses toward target objects, with subse-
quent detection of the reflected waveforms by a photonic receiver. Depth information is
derived through accurate measurement of the photon round-trip time interval between
emission and detection events. Figure 8 shows some examples and principles of the
ToF cameras.

 

Figure 8. Time of Flight cameras: (a) examples and (b) principle [75].

Recent advances in agricultural vision systems have demonstrated the effective appli-
cation of ToF cameras in capturing depth images. Sun et al. applied the Microsoft Kinect V2
camera from Microsoft Corporation (Washington, DC, USA), which combines structured
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light technology and ToF technology, to capture RGB images and depth images [76]. Legg
et al. proposed a method for non-destructive maturity estimation of grapes using Time of
Flight (Kinect Azure) and LiDAR (Intel L515) depth cameras [77]. Matthew Peebles et al.
used a Microsoft Kinect v2 (ToF camera) to acquire depth and infrared images and a Basler
ACE (RGB camera) from Basler AG (Arensburg, Germany) to capture color images [78].

A ToF camera does not require any external light source to scan the surrounding envi-
ronment and can work normally even in conditions with little or no light. The measurement
distance of ToF is relatively long, unaffected by surface gray scale and features, reaching up
to a hundred meters. However, it is highly sensitive to environmental light intensity and
interference and is basically unusable under strong outdoor light.

The wide application of depth cameras provides crucial three-dimensional spatial
information (such as precise shape, size, and relative position) for fruit visual detection
systems, significantly enhancing the foundation of perception capabilities. However, merely
obtaining high-quality RGB-D data itself cannot directly complete the detection task. How
to efficiently extract discriminative features from this heterogeneous (RGB + depth) or
even high-dimensional (point cloud) data and thereby achieve accurate classification and
localization is the core algorithmic challenge in fruit visual detection research. Therefore,
the following two sections will systematically review and deeply analyze the key methods
applied in fruit visual recognition. As shown in Figure 9, fruit detection methods can be
classified into three main kinds, i.e., traditional image processing methods, traditional
machine learning methods, and deep learning methods. The first two kinds of methods
are mainly based on handcrafted features and will be discussed in detail in Section 3.2.
Section 3.3 focuses on the deep learning techniques that have dominated this field in
recent years.
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Figure 9. Development of fruit detection methods.

3.2. Traditional Fruit Detection Based on Handcrafted Features

Traditional fruit detection technologies mainly used basic image processing and ma-
chine learning methods, as shown in Figure 9a,b. In the early years, the fruits are detected
based on their basic color and shape features since these features of fruits differ largely from
those of leaves, branches, and the backgrounds [75]. Then, the machine learning methods
are applied in the selective fruit detection area, which contains three main processes, i.e.,
region selection, feature extraction, and classification [79].

3.2.1. Traditional Image Processing Methods

Fruits typically exhibit stable and obvious features. The important features of the
fruits include colors, shapes, textures, etc. These features can be utilized either individually
or through multi-feature fusion to enable robust fruit identification in selective harvesting
robotic systems. Substantial research efforts have been devoted to this field.
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(a) Fruit detection based on color features.
Mature fruits normally have stable color characteristics, including color histogram,

color set, and color coherence vector [79]. Color-based detection methods are primarily
used when the target fruits (e.g., tomatoes, apples, and citrus) demonstrate significant
chromatic contrast against their background environments. For example, to estimate the
ripeness of tomatoes, a fuzzy rule-based classification approach was proposed based on
the color, where two color depictions (red–green color difference and ratio) are derived
from the extracted RGB color information [80]. A binocular vision system was developed
for a lab-customized autonomous humanoid apple harvesting robot, incorporating color
segmentation and morphological processing algorithms [81]. An automatic color determi-
nation procedure was presented for mango quality evaluation using a CCD camera and
color standards [82]. The recognition of blueberry fruit and their maturity was fulfilled
using Histogram-Oriented Gradients (HOGs) and color features in outdoor scenes [83]. An
artificial olfactory system employing colorimetric sensor arrays was engineered for quan-
titative quality assessment of Chinese green tea [84]. To address the issue of difficulty in
recognition due to the presence of many dark spaces, shadows, and low resolution in night-
time apple images, a Retinex algorithm based on guided filter according to the color feature
of the image was presented to enhance nighttime images [85]. The proposed algorithm
achieved superior image enhancement performance metrics compared to conventional
histogram equalization methods and bilateral filtering-based Retinex algorithms.

In summary, the fruit detection methods based on color features are more applicable
for objects whose color differs significantly from the background. However, they are suscep-
tible to lighting variations and shadows, and most color-based techniques exhibit significant
sensitivity to illumination variations and limited contrasts between fruits and leaves.

(b) Fruit detection methods based on shape features.
The geometric shape or edge feature is another type of key indicator for selective

fruit detection [86], serving as more reliable discriminative features for fruit recognition
under challenging lighting conditions. The distinct geometric disparity between the quasi-
spherical morphology of fruits and the planar/linear structures of leaves and branches
enables effective detection even when fruits lack distinctive chromatic separation from
their background environment. Lin et al. introduced an innovative fruit detection method-
ology employing partial shape matching and probabilistic Hough transform [86]. Exper-
iments validation across citrus, tomato, and pumpkin datasets confirmed the method’s
robust performance in detecting diverse fruit morphologies (including green/orange and
circular/non-circular specimens) under natural conditions. Lv et al. proposed an apple
image segmentation algorithm integrating a convex hull center priori with Markov adsorp-
tion chain, achieving exceptional performance metrics (IoU: 95.65%) with computational
efficiency (average execution time: 1.02 s) [87]. For strawberry phenotyping, researchers
implemented a computationally efficient algorithm leveraging geometric approximations
using ‘right kite’ and ‘simple kite’ models [88]. The system attained classification accuracy
of 94–97% with rapid processing speeds (<0.5 s per fruit). Lu et al. developed an immature
citrus fruit detection method combining local binary pattern feature and hierarchical con-
tour analysis [89], while another study addressed the challenge of bagged apple recognition
under specular reflections through a block classification approach incorporating watershed
segmentation of R-G edge-enhanced grayscale images [90].

These methods, based on shape features, are less affected by changes in light intensity.
However, the randomness of fruit planting can affect their accuracy and speed. These
methods are more suitable for orchards with better agricultural operations.

(c) Fruit detection based on multi-feature fusion.
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The detection method based on a single kind of feature usually has limitations; thus,
the detection methods by fusing two or more features are also studied. A novel automated
tomato ripeness recognition algorithm was developed for robotic harvesting, integrating
multiple features, feature analysis and selection, a weighted relevance vector machine
classifier, and a bi-layer classification strategy [91]. For apple detection, a multimode
detection approach based on color and shape features was proposed [92]. The method
employed simple linear iterative clustering to segment orchard images into super-pixel
blocks. The color feature extracted from blocks was used to determine candidate regions,
and the HOG was adopted to describe the shape of fruits. In durian recognition systems,
researchers implemented a linear discriminant analysis framework using both geomet-
ric features (area, perimeter, and circularity) for shape characterization and local binary
patterns for texture analysis [93]. A machine vision algorithm employing an elliptical
boundary model was developed for automated pomelo fruit detection [94]. The imple-
mented computational framework comprised: (1) chromatic space conversion from RGB to
YCbCr color space, followed by (2) implicit second-order polynomial fitting via ordinary
least squares (OLS) regression to establish elliptical boundary models within the Cr-Cb
chromatic subspace. This methodology facilitated precise segmentation of pomelo fruits
according to five phenotypically distinct maturity stages.

Traditional image processing methods rely on manually designed feature extraction
rules, such as color, shape, texture, etc. These methods perform well for specific environ-
ments and types of fruit, especially when conditions are relatively simple and predictable.
Additionally, they do not require large amounts of training data and can process images
directly based on predefined rules. However, they often exhibit poor robustness and a
decline in accuracy when dealing with complex environments (such as lighting changes,
partial occlusion of the target fruit, background interference, and image noise) and tasks
that require recognition of fruits with different shapes. Especially for fruit-picking func-
tions that demand high precision and robustness, traditional methods may fail to meet the
practical requirements.

3.2.2. Traditional Machine Learning-Based Detection Methods

To improve the detection precision and robustness, machine learning technologies
have been systematically integrated with traditional image processing procedures. As
shown in Figure 9b, machine learning-based methods typically consist of three main parts:
region selection, feature extraction, and classification [95]. The region selection module
uses a fixed-sized sliding window to generate candidate target areas. The feature extraction
module involves image processing techniques such as Gabor transform and Histogram
of Oriented Gradients (HOGs). The classification module employs machine learning
algorithms like Support Vector Machines (SVMs), Random Forest, K-Nearest Neighbor
(K-NN) [96], and Decision Tree.

The K-means clustering is a popular machine learning algorithm, which is an unsuper-
vised learning algorithm for partitioning data into K distinct clusters based on similarity.
Fan et al. proposed a multi-feature patch-based apple image segmentation technique using
the gray-centered RGB color space transformation [97]. This generalized K-means cluster-
ing approach comprehensively processed all image features (including specular highlights
and shadow artifacts) to achieve optimized target extraction efficiency. For circular fruit
localization, an overlapping detection methodology employing local maxima analysis was
established [98]. This technique jointly uses lab color space conversion with K-means
clustering, morphological contour refinement, and minimum edge-distance computation
for centroid determination through an accelerated geometric algorithm. Additionally, a K-
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means clustering-based recognition system was implemented for litchi detection, effectively
separating target fruits from complex backgrounds (foliage and branches) [67].

SVM is a supervised learning algorithm for classification, whose core aim is to identify
an optimal separating hyperplane that maximizes the margin between distinct classes
within the feature space. Xu et al. presented a two-stage strawberry detection method for
application in a strawberry harvesting robot, utilizing an HOG descriptor coupled with an
SVM classifier [99]. Initially, potential strawberry regions were identified through HSV (hue,
saturation, value) color segmentation, followed by the extraction of the HOG descriptor
calculated using five ROI, which were subsequently fed into an HOG/SVM classifier
for detecting the strawberries. Feng et al. proposed an innovative apple recognition
algorithm combining multispectral dynamic imaging (MSX) technology, which was based
on the pseudo-color and texture information of MSX images, and object classification
using an SVM based on the extracted texture features [100]. Kumar et al. presented a
microcontroller-based machine vision system employing an SVM classifier for tomato
grading and sorting [101]. Peng et al. presented an identification method based on deep
feature extraction and SVM, which can identify grape varieties rapidly and accurately [102].

The AdaBoost algorithm is an ensemble learning algorithm that combines multiple
weak learners (slightly better than random guessing) to form a strong learner. It adaptively
adjusts sample weights to focus on misclassified instances in each iteration. A tomato
detection algorithm combining an AdaBoost classifier and color analysis was proposed
and employed by the harvesting robot [103]. The results showed that over 96% of target
tomatoes were correctly detected at a speed of about 10 fps. The positioning error of the
robot end-point of less than 10 mm was achieved for large-scale direct positioning of the
harvesting robot.

Bayesian algorithms are probabilistic methods based on Bayes’ theorem; it has the
ability to handle multiple classification tasks and provide better performance for fruit
detection. For example, a real-time image analysis algorithm was developed for cherry
classification by processing their digitized color images [104]. This method involved
histogram analysis in both RGB and HSV color spaces, followed by the development of a
hybrid Bayesian classification algorithm utilizing the components R and H.

In general, traditional machine learning-based fruit detection methods often perform
better than traditional image processing methods. However, they still exhibit poor robust-
ness, and performance tends to degrade when the size of the target varies greatly, or the
shape of the target is complex and diverse. They also usually rely on manually designed
feature extraction algorithms and are sensitive to abnormal data.

3.3. Fruit Detection Based on Deep Learning Methods

To overcome the limitations of traditional object detection methods, the development
of deep learning technology in recent years has brought new solutions to fruit object
detection. Deep learning algorithms, with their advantages of end-to-end recognition
and automatic feature extraction, have significantly improved the detection accuracy and
speed [105,106]. Deep learning models no longer rely on manually designed feature
extractors or manual intervention in intermediate steps [107]. They can directly learn
the final task objective from the raw data, greatly simplifying the entire object detection
process and improving the efficiency of the model [108]. As shown in Figure 9c, the popular
deep learning-based fruits detection methods can be classified into two main directions,
i.e., two-stage models and one-stage models [109]. Two-stage fruit detection methods are
usually divided into two stages: (1) set a Region Proposal Network (RPN) to generate
candidate regions, followed by (2) classifying the candidate regions. One-stage fruit
detection methods use a single neural network model to fulfill the object detection tasks.
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3.3.1. Two-Stage Methods

The two-stage algorithm typically includes two categories: object detection and in-
stance segmentation. The object detection algorithm first generates candidate object regions
and performs object classification and localization, while the instance segmentation algo-
rithm, based on object detection, further performs pixel-level segmentation, which not only
distinguishes between various objects but also between instances of the same category.
The common two-stage network frameworks include Region-based CNN (RCNN), Faster
RCNN, Mask RCNN, etc.

RCNN is the earliest two-stage object detection algorithm, which used high-capacity
CNNs for the first time to locate and identify objects using bottom-up region proposals [110].
RPN, a fully convolutional network that concurrently predicts object limits and objective
scores at every position, is introduced by Faster RCNN. It shares full-image convolutional
features with the detection network. End-to-end training of RPNs produces high-quality
region proposals, which Fast RCNN uses for detection [111]. The structure of the Faster
RCNN is shown in Figure 10.

Figure 10. The structure of Faster RCNN.

Sa et al. adapted the Faster RCNN model, through transfer learning, for the fruit
detection task employing images from two modalities, i.e., color (RGB) and Near-Infrared
(NIR) [112]. In order to address the model’s insensitivity to small tomato fruits, Wang
et al. proposed a method for detecting young tomato fruits with a near-color background
using an improved Faster RCNN with CBAM attention mechanism [113]. The method
used ResNet50 as the backbone, and Feature Pyramid Network (FPN) to fuse high-level
semantic features with low-level detailed features, achieving better performance than
the original Faster RCNN. Based on improved Faster RCNN, Wan et al. proposed a
deep learning framework for multi-class fruits detection [114]. The framework included
image library creation, data argumentation, improved Faster RCNN model generation,
and performance evaluation. In order to automatically recognize little fruits, Mai et al.
proposed a new version of Faster RCNN with classifier fusion [115]. In the stage of proposal
localization, three classifiers for object classification were learned using characteristics from
three different levels. To estimate the citrus yields, a Faster RCNN model was constructed
to detect the oranges from the images sensed by an unmanned aerial vehicle [116].

By adding a branch for object mask prediction in tandem with the current branch
for bounding box identification, the Mask RCNN expands on Faster RCNN, enabling it
to detect objects in an image efficiently and provide a high-quality segmentation mask
for each instance [117]. Yu et al. introduced Mask-RCNN to improve the performance of
machine vision for strawberry detection in harvesting robot systems [118]. Their framework
employed ResNet-50 as the backbone network integrated with an FPN for multi-scale
feature extraction, while utilizing an end-to-end trained RPN to generate region proposals
across feature maps. Wang et al. advanced the field by introducing a refined Mask RCNN
variant for precise apple instance segmentation [119]. Their architectural improvements
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incorporated an attention mechanism within the backbone network to augment feature
extraction capabilities, specifically implementing a hybrid module combining deformable
convolution with transformer attention (key content only term). Lv et al. proposed a
method that implemented a Mask RCNN augmented with PointRend for robust apple
identification across varied growth morphologies in the orchard environments [120]. Wang
et al. applied the dilated convolution to the res4b module of the Mask RCNN backbone
network, ResNet, to realize the accurate identification and segmentation of waxberry [121].

In general, these two-stage methods can achieve high accuracy but require a rather long
computation time. As a result, two-stage methods are unsuitable for real-time applications.

3.3.2. One-Stage Methods

One-stage object detection has relatively lower accuracy, especially in complex scenar-
ios, but it generally has lower computational complexity, faster speed, and higher efficiency
compared to two-stage methods. Therefore, in the development of practical fruit-picking
robots, one-stage detection is more suitable for real-time applications due to its faster
detection speed. Typical one-stage object detection algorithms include You Only Look Once
(YOLO) series [122,123], Single Shot multiBox Detector (SSD) [124], Detection Transformers
(DETRs), EfficientDet [125], etc.

(a) Fruit detection methods based on the YOLO series algorithm.
In fruit picking, the most commonly used one-stage object detection method is un-

doubtedly the YOLO series [126]. Figure 11 shows the framework of the YOLO series
algorithms for object detection, which includes two main parts, i.e., the detection process
and the training process [127]. During the detection process, after the origin image is
input, the simple preprocessing methods are called to resize and divide the images. The
convolutional neural network, which generally contains a convolutional layer, a pooling
layer, and a fully connected layer, is set to obtain the prediction information. Then, the
postprocessing process is applied to filter redundant information and, finally, to integrate
the image and output. The modules of the training process share similar steps with the
detection process. One different module is the network parameter adjustment, which
optimizes the parameters of the network to keep the consistency between the network
output and the real value.

Figure 11. The framework of the YOLO series algorithms for object detection [127].

The inaugural version of YOLO was formally introduced and published by Joseph
Redmon et al., seeking to establish a revolutionary single-stage model predicated on end-to-
end training, real-time inference, and customizable optimization [128]. The YOLO treated
each region as a potential candidate object for detection and directly predicted bounding
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boxes and class probabilities from the entire image. This approach simplified the detection
process, allowing for end-to-end optimization and achieving real-time performance. YOLO,
as a unified object detection model, has become a pioneering work in the field of real-time
object detection due to its simplicity, speed, and accuracy. To recognize oil palm loose fruits,
an improved YOLO model was developed [129], which combined a densely connected
neural network, swish activation function, multi-layer detection, and prior box optimiza-
tion. Subsequent versions have continuously improved and optimized, further enhancing
detection performance and generalization ability [130,131]. Table 1 shows a comparison
between major fruit detection approaches based on YOLO series algorithms. The dataset,
feature, their accuracy (mAP), and inference speed are presented for each model.

YOLOv3 uses Darknet-53 as the backbone network and extensively employs resid-
ual skip connections for optimization, simultaneously achieving multi-scale predictions.
YOLOv3-Tiny is a lightweight version of YOLOv3. It reduces the network’s depth and
width to achieve a more lightweight design. Fu et al. developed an improved YOLOv3-tiny
model (DY3TNet) to detect kiwifruit in the orchard [132]. This method incorporated sup-
plementary 3 × 3 and 1 × 1 convolutional kernels within the fifth and sixth convolution
layers of the YOLOv3-tiny model to improve the model’s ability to extract features while
reducing computational complexity. Data augmentation techniques were used to increase
the model’s robustness. Experimental results indicated that the DY3TNet model achieved
the highest average precision of 90.05% on the test images.

Ji et al. developed an apple recognition framework utilizing improved YOLOv4,
wherein the lightweight EfficientNet-B0 network served as the feature extraction network
integrated with the PANet (Path Aggregation Network) network for cross-layer feature
fusion [133]. The same researchers further proposed a real-time apple detection method-
ology based on ShufflenetV2-YOLOX, adapting YOLOX-Tiny as the baseline [134]. This
implementation employed a ShufflenetV2 backbone enhanced with Convolutional Block
Attention Modules (CBAMs) and streamlined the network architecture to two feature
extraction layers. Parallel advancements included Zhang et al.’s multi-class detection sys-
tem for cherry tomatoes using refined YOLOv4-Tiny [135] and Hu et al.’s apple detection
approach leveraging a modified YOLOX algorithm [136].

YOLOv5 transitions to the Pytorch framework to facilitate developer accessibility and
extensibility. Yan et al. applied an improved YOLOv5s (the smallest version in the YOLOv5
series) to the detection of apple picking, which replaced the BottleneckCSP module with the
BottleneckCSP-2 module, inserted an SE module to enhance feature extraction capabilities,
and improved the feature map fusion method by effectively combining feature maps at
different scales [137]. Kaukab et al. proposed a multimodal data fusion technology, i.e., the
NBR-DF integrated with YOLOv5 for real-time apple fruit detection, which captured two
different modalities of data (i.e., RGB and depth images) using a RealSense D455 stereo
depth camera, and the NBR-DF method enhanced depth features by preprocessing the
depth images, and then the depth images were combined with the RGB images and input
into YOLOv5 for detection [138]. Lawal proposed a lightweight network for fruit instance
segmentation, i.e., YOLOv5-LiNet, to strengthen fruit detection [139]. YOLOv5-LiNet
employed a backbone comprising Stem, Shuffle_Block, ResNet, and SPPF modules and uti-
lized PANet as the neck network and EIoU loss function to optimize detection performance.
Tao et al. proposed STBNA-YOLOv5 for weed detection in rapeseed fields [140]. Their
approach incorporated a Swin Transformer encoder block to augment feature extraction
capabilities, integrated a BiFPN structure combined with a Normalization-based Attention
Module (NAM) to facilitate efficient multi-scale feature utilization, and implemented an
adaptive spatial fusion module to improve recognition sensitivity. Similarly, an enhanced
YOLOv5-based methodology has been proposed for apple grading, specifically aiming
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to mitigate limitations associated with low grading accuracy and suboptimal processing
speed encountered during conventional grading procedures [141].

YOLOv7 improves multi-scale feature extraction, allowing it to handle objects of
different sizes more effectively, especially enhancing its ability to detect small objects. It
also adopts an adaptive anchor generation mechanism, enabling the model to better adapt
to different datasets [142]. Gu et al. developed an improved citrus detection model based
on the YOLOv7-tiny model, YOLO-DCA, which replaced the standard convolution in
ELAN with depth-wise separable convolution to reduce the number of model parameters,
combined the coordinate attention mechanism (CA) with standard convolution to form
CAConv, and replaced the original detection head with a dynamic detection head to better
detect targets of different scales [143].

YOLOv8 uses a more efficient backbone architecture, adopting a structure similar
to CSPDarknet [144]. Compared to YOLOv5, it replaces all the C3 structures in both the
backbone and neck with the C2f structure, which has richer gradient flow. The neck part
incorporates PANet to handle multi-scale features, while in the head section, an anchor-
free design is used to directly predict bounding box coordinates. Zhang et al. proposed
a lightweight nectarine detection method based on YOLOv8n, i.e., YOLOv8n-CSD, to
improve the accuracy of nectarine fruit detection in complex environments [145]. Ma et al.
used an improved lightweight YOLOv8 model for real-time detection of multi-stage apple
fruit in complex orchard environments [146]. Ma et al. proposed an improved YOLOv8
model for instance segmentation of lotus seedpods in the lotus pond environment [147].
They integrated a convolutional block attention module (CBAM) within the neck network
to extract and enhance discriminative feature extraction across maturity stages while
maintaining computational efficiency and employed Wise-Intersection over Union (WIoU)
as the regression loss function to minimize inference bias and improved the bounding
box prediction accuracy. Parallel advancements included Xie et al.’s YOLOv8s-Seg-CBAM
model for strawberry picking points localization [148].

Table 1. Comparison between major fruit detection approaches based on YOLO series.

Algorithms Dataset Feature mAP/% Speed
(s/pic) Reference

YOLOv3 RGB image
(kiwifruit)

YOLOv3 uses Darknet-53 as the
backbone network and extensively
employs residual skip connections for
optimization. But it has increased
complexity, slower than easier
version.

90.05 0.034 [132]

YOLOv4 RGB image
(red apple)

YOLOv4 introduces CSPDarknet53 as
the backbone and incorporates the
SPP-block, while using PANet instead
of FPN. But less user-friendly.

93.42 0.0158 [133]

YOLOv5
RGB-D
image
(red apple)

YOLOv5 moves to the Pytorch
framework for developers to use and
extend, making further
improvements than YOLOV3. But
less adaptable than YOLOV4.

96.4 0.01724 [138]

YOLOX
RGB-D
Image
(Fuji apple)

YOLOX employs anchor-free
prediction and a decoupled head
structure, introducing dynamic label
assignment.

94.09 0.006 [136]
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Table 1. Cont.

Algorithms Dataset Feature mAP/% Speed
(s/pic) Reference

YOLOv7 RGB image
(Citrus)

YOLOv7 introduces the E-ELAN
architecture, and the SPPCSPC
module is improved. But it has higher
complexity and, risk of overfitting.

96.98 0.0059 [143]

YOLOv8

RGB image
(Over 300 apple
varieties in
multi-stage)

YOLOv8 uses a more efficient
backbone, a structure similar to
CSPDarknet. But it has case-specific
optimization.

91.4 0.0254 [146]

(b) Fruit detection methods based on other algorithms.
SSD is a simple and efficient single-stage object detection framework, featuring multi-

scale prediction, default boxes, and end-to-end training. It uses predefined anchor boxes
with different aspect ratios and sizes and generates multiple bounding box predictions in
a single forward pass, resulting in faster speed [149]. A method based on an improved
SSD was proposed for detecting long jujubes in natural environments, which replaced the
Peleenet network with VGG16 as the backbone network [150]. This method introduced
a coordinate attention module and a global attention mechanism in the dense block to
enhance target localization and recognition. Additionally, the Inceptionv2 module was
replaced in the first three additional layers of the SSD structure, enhancing the model’s
ability to capture feature information. In related work, Agarwal et al. presented a de-
ployment of the state-of-the-art SSD for detecting mango fruit on a tree canopy in orchard
environments [151]. They utilized the deep learning model Darknet-19 as a feature extractor
and SSD for object detection and localization.

DETR is a revolutionary object detection method that introduces the transformer archi-
tecture to handle the object detection task, simplifying many steps in traditional methods,
especially by removing RPN and NMS. However, it has a high computational cost and
longer training time, making it suitable for applications with sufficient computational
resources [152]. It is also applied in fruit detection. Yang et al. proposed an improved
DETR (named R2N-DETR) to detect multiple-sized peaches accurately in orchards with
varying illumination and fruit occlusion, and Res2Net-50 was chosen as the backbone net-
work to extract multi-scale convolutional features while maintaining a low resolution [153].
Huang et al. designed a lightweight transformer architecture derived from the RT-DETR
model for robust pear fruit detection in a natural environment [154]. Ji et al. proposed a
green apple detection method integrating a multidimensional feature extraction network
model with a transformer module [155]. Their enhanced DETR architecture incorporated
three key modifications: (1) utilization of ResNet18 as the primary feature extraction back-
bone, (2) strategic replacement of standard residual layers with deformable convolutions
(DCNv2), and (3) implementation of scale-invariant attention mechanisms.

Zhu et al. proposed Olive-EfficientDet, a novel framework for multi-cultivar olive
maturity classification in orchard environments [125]. The CBAM module was incorporated
into the backbone network of EfficientDet, and an improved weighted Bi-FPN head network
was proposed to focus on occluded and overlapping olive fruits. During the feature fusion
stage, a weighting mechanism was introduced to assess the contribution of feature maps
with different resolutions. The experimental results showed that the mean average precision
(mAP) of fruit maturity detection reached 94.60%, 95.45%, 93.75%, and 96.05% for four
olive varieties, and the mean detection time was 337 milliseconds per image.

Based on the aforementioned analysis, the advantages and disadvantages of the three
types of fruit detection methods can be summarized in Table 2. Traditional image process-
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ing methods have low computational requirements, fast processing speeds, and do not need
a lot of training data. On the other side, they rely on manually designed feature extraction
rules and exhibit poor robustness. Traditional machine methods have faster training speed,
easier model interpretability, lower labeled data requirements, automatic feature learning,
and stronger generalization ability. However, they are sensitive to the inputs of abnormal
data and rely on manually designing and selecting appropriate feature extraction methods.
Deep learning methods use end-to-end learning and an automatic feature extraction strat-
egy, exhibit best robustness and adaptability in complex environments, and can adapt to
multiple tasks and data types. In contrast, they require a large amount of labeled data for
training and high computational resources and have poor model interpretability.

Table 2. Advantages and disadvantages of different fruit detection methods.

Methods Algorithms Advantages Disadvantages

Traditional
image processing

Color space transformation;
Edge detection;
Contour extraction;
Threshold segmentation;
Shape matching;
Template matching.

Low computational
requirements;
Fast processing speeds;
No need for a lot of training
data.

Rely on manually designed
feature extraction rules;
Exhibit poor robustness.

Traditional machine learning

HOG-SVM;
KNN;
RF;
Shape matching-SVM;
DT;
K-means.

Faster training speed;
Easier model interpretability;
Low labeled data
requirements;
Automatic feature learning;
Stronger generalization ability.

Sensitive to the inputs of
abnormal data;
Rely on manually designing
and
selecting appropriate feature
extraction methods;
Limited robustness.

Deep learning

One-stage (YOLO, SSD, DETR,
EfficientDet);
Two-stage (Faster RCNN,
Mask RCNN).

End-to-end learning;
Automatic feature extraction;
Exhibit best robustness and
adaptability in complex
environments;
Adaptability to multiple tasks
and data types.

Require a large amount of
labeled data for training; High
computational resource
demands;
Poor model interpretability.

Fruit detection methods have significantly improved the accuracy and robustness
of fruit detection in complex backgrounds. However, the movement paths of picking
robotic arms are often occupied by dense networks of branches. These branches not only
frequently obstruct fruits but also pose the main collision risk during the robotic arm’s
grasping actions. Ignoring the existence of branch obstacles can easily lead to picking
failures, fruit damage, or even equipment damage. Therefore, the precise identification and
location of key environmental obstacles, such as branches, constitute another core function
indispensable to the fruit visual recognition system. Compared to fruits with regular shapes
and distinct features, branches typically present complex topological structures that are
slender, curved, and intertwined and are easily confused with the background (such as
soil or sky) or other green vegetation. Therefore, the next section will analyze the current
research status of visual detection methods for branch obstacles.

3.4. Tree Branch Detection Methods

The branches of fruit trees intertwine, and the distribution of fruits is random. For
branch detection and segmentation, there are mainly two key functions: (1) obstacle
avoidance and path planning, and (2) locating the picking point. Branch detection helps
the robot recognize the location and shape of the branches, enabling it to plan a reasonable
picking path, avoid collisions with branches, and improve the success rate of fruit picking.
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By detecting the branches, the robot can more accurately locate the hanging points of
the fruits, thereby determining the picking points for more precise harvesting operations,
reducing mis-picks and missed picks, and improving harvesting accuracy. Current research
on this issue can be classified into two main kinds: detection based on images and detection
based on point clouds [156].

3.4.1. Tree Branch Detection Based on Images

The tree branches detection methods based on images identify the branches with
their features from the picture. Chen et al. segmented the partially occluded apple trees
based on three supervised learning models: U-Net, DeepLabv3, and Pix2Pix [157]. While
DeepLabv3 demonstrated superior binary accuracy, mean IoU, and boundary F1 score,
Pix2Pix (without discriminator) and U-Net achieved higher Occluded branch recall. Li
et al. applied DeepLabv3 for semantic segmentation of RGB images into three categories:
background, fruit, and twig [158]. To segment calyxes, branches, and wires for achieving
higher-level picking strategies of kiwifruits, DeepLabV3+ was employed to segment the
fruit calyxes, branches, and wires, complemented by a progressive probabilistic Hough
transform (PPHT) method for discrete wire pixel reconstruction to infer spatial distribu-
tion [159]. Lin et al. [160] proposed a 3D reconstruction of guava branches using instance
segmentation and geometry analysis. A tiny Mask RCNN was used to detect guava
branches and then convert them to 3D point clouds, and then a cylindrical segment fitting
method was proposed to reconstruct branches from the point clouds [160]. Yang et al.
proposed an integrated system based on the Mask RCNN and a branch segment merging
algorithm to simultaneously detect and measure citrus fruits and branches. The average
precision of branch recognition was 96.27% [161].

Wan et al. presented a real-time detection framework combining CNN with image pro-
cessing [162]. Their branch-CNN framework localized bare branches preliminarily, while
HSV-based background segmentation refined regional boundaries. Field validation in
pomegranate orchards yielded 90.7% precision, 89% recall, and 90% F1 score. A lightweight
attention Ghost-HRNet (AGHRNet) incorporated deep learning to delineate tree branches
from the complex orchard background [163]. This method introduced an attention-driven
Ghost block module to reduce model complexity while enhancing segmentation accuracy.
Comparative evaluations against contemporary benchmarks demonstrated AGHRNet’s su-
perior performance, achieving elevated segmentation metrics with reduced computational
footprint on proprietary datasets. Complementarily, the feature intersection and fusion
transformer (FIT–transformer) network was proposed to segment branch–background
boundaries, facilitating the identification of safe robotic catch-and-shake zones. The archi-
tecture integrated two specialized components: a diverse feature aggregation (DFA) and
an attention feature fusion module (AFFM), collectively engineered to strengthen feature
discriminability and establish robust agricultural perception models [164].

Within natural, unstructured orchard environments, branch occlusion presents sig-
nificant challenges. Existing reconstruction methodologies predominantly address planar
representations with minimal occlusion, while contemporary 3D tree modeling approaches
lack optimization for harvesting-specific constraints requiring computational efficiency and
precise localization. To address this limitation, Kok et al. introduced a novel framework
for reconstructing occluded 3D arboreal structures from planar RGB-D imagery [165]. The
framework comprised three core components: branch segmentation using Unet++, branch
reconstruction using Point2Skeleton, and branch recovery using a novel obscured branch
recovery (OBR) algorithm. Experimental validation demonstrated the framework’s efficacy
in reconstructing spatial topology for both visible and occluded branches from monocular
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RGB-D input. This approach exhibited significant potential for implementation in robotic
harvesting applications.

Generally, image-based studies can achieve rather high accuracy, lightweight, and
occlusion, which can provide useful information for selective fruit harvesting. However,
most of the studies focused on 2D segmentation and were hard to extract 3D information.

3.4.2. Tree Branch Detection Based on Point Clouds

The detection methods based on point clouds detect and reconstruct the branches
directly from 3D point cloud data collected by a stereo camera or LiDAR. Digumarti
et al. proposed an automated technique for segmenting vegetation point clouds—captured
with terrestrial laser scanners—into branch and leaf components by leveraging geometry-
derived features computed directly from unstructured point data [166]. This approach
achieved a mean classification accuracy of 91% across simulated datasets of three broadleaf
tree species. Ma et al. proposed an automated branch detection framework for dormant
jujube tree pruning, integrating 3D reconstruction with deep learning [167]. Their pipeline
acquired high-fidelity point clouds using RGB-D cameras, employed the SPGNet archi-
tecture for trunk and branch segmentation, and implemented DBSCAN clustering for
branch quantification. Validation on a proprietary dormant jujube dataset yielded an ac-
curacy of 0.83 and an Intersection over Union (IoU) score of 0.75. While these end-to-end
methodologies demonstrate efficacy in processing morphologically complex point clouds,
they incur substantial computational latency and exhibit dependency on high-resolution
laser-scanned data. Furthermore, point cloud segmentation demands significantly greater
effort than RGB image segmentation in both custom dataset curation and annotation.

To solve this issue, Westling et al. proposed a graph-based method for analyzing
orchard tree structure, which can work on low-quality data captured by handheld or
mobile LiDAR [168]. The method leveraged fundamental geometric properties inherent to
tree-like architectures—specifically, the connectivity of woody networks—which exhibit
robustness against noise, fidelity, and occlusion. Zhang et al. proposed a novel framework
for reconstructing occluded branches from RGB-D images [156]. Their technique extends
established 2D branch sensing paradigms into three dimensions by fusing point clouds
derived from planar segmentation masks and depth images, thereby exploiting multi-view
information. The pipeline employed DeeplabV3+ and Pix2pix models for segmentation
mask generation and utilized the Fast Global Registration (FGR) for multi-view point
cloud alignment. The results demonstrated that the proposed framework significantly
enhanced occluded branches reconstruction, achieving superior output completeness and
computational efficiency. These advancements established their applicability within natural
orchard environments.

In general, the methods based on point clouds require high-quality data and often
consume a long processing time. The devices and methods are mostly studied in a lab
environment; few works have considered their application in natural orchards.

4. Challenges and Future Trends
With the gradually accelerating process of urbanization, the shortage of the labor

force in agricultural areas has become increasingly serious. The application of advanced
technologies introduces Agriculture 4.0, which aims to replace labor with intelligent devices.
The selective fruit harvesting robots are the trend for automatic picking of high-quality
fruits. Visual detection is the eyes for selective harvesting robots. Extensive research has
been performed for detecting the fruits and branches, yielding good performance like high
accuracy, low computation requirement, etc. This section discusses the challenges that need
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attention in the application of visual detection methods, followed by the future trends, as
shown in Figure 12.

 

Figure 12. Challenges and future trends (some of the pictures are from Baidu).

4.1. Existing Challenges

(1) The dataset for a visual detection model is often constrained to one category of a
certain fruit, which means that the learned model lacks universality. The dataset is the basis
for learning a detection model. Since different fruits have different features, the structure
and parameters of the visual detection models are often set or learned according to the
specific kind of fruit. However, the fruits vary largely, e.g., the apple planting environment
across various regions, seasons, and types, while the apple detection models can only work
on a specific kind of apple. Consequently, the scalability and universality of the visual
system should be further studied.

(2) The complexity of detection models often hinders their deployment on embedded
computation devices with limited capacity. In natural orchards, fruits tend to overlap with
branches and leaves, and the lighting conditions are uncertain. To achieve the target of
high detection accuracy, the models often need a long time to learn and run; the real-time
capabilities of the vision system are limited, leading to delays from detection to harvesting.
Problems such as misrecognition, missed recognition, and inaccurate positioning often
happen, especially when the fruit area is incomplete due to being blocked by branches and
leaves, which may result in the failure picking of the end effector.

(3) Occlusion is one of the most typical problems of robotic harvesting since it sig-
nificantly affects the detection of the targeted fruits and constrains the occlusion of the
picking path of the end effectors. In the existing studies, the fruits and tree branches are
often detected by different models; the entire detection for the whole environment for fruit
growth is hard to achieve by one model. The reconstruction of tree branches is seen as one
of the key issues for robotic fruit detection, but its large computational requirement is hard
to conquer.

(4) The visual detection system is hard to apply and operate by the farmers on the
current version. Since the key devices of the selective harvesting robots (e.g., camera,
embedded devices, and robot arm) are often expensive, the selective harvesting robots are
often hard for farmers to afford. In addition, the model learning and debugging often need
a background in computer knowledge and artificial intelligence, and the cost of operation
and maintenance of the system is also high. For example, the stable power, uninterrupted
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Internet connection, and regular equipment calibration are often hard to maintain in the
field environment.

(5) In the natural orchards, amounts of multi-source heterogeneous data are collected
by the smart sensors, including fruit and tree shape, light change, wind strength, etc.
The single visual sensor can hardly keep working stably, and the detection based on sole
visual information may provide low-quality results in recognition and localization for fruit
picking. The detection methods combining multi-source data have the potential to obtain
accurate and stable support for selective fruit harvesting robots.

4.2. Future Trends

To address the persistent challenges confronting the visual system in current selective
fruit harvesting robots, further studies should prioritize advancements in universality, high
efficiency, low cost, and easy usability. Therefore, the future trends can evolve around the
following aspects.

(1) In order to improve the scalability of the detection system, the universality of the
raw datasets should be enhanced, for example, by expanding the fruit datasets of different
regions, different growth stages, and different varieties to make them applicable to a wider
range of application scenarios. At the same time, structured orchards can be trimmed to
minimize or eliminate overlapping fruits, including appropriate thinning, leaf management,
etc. The trim procedures should collaborate with horticultural scientists and agricultural
engineers to reduce the fruit detection complexity without losing fruit yield.

(2) To improve the sustainability and effectiveness of the visual detection models,
continuous learning and discrete learning mechanisms need to be studied. The models
should adjust their parameters to meet the changes in light variations, differences in fruit
growth, and occlusion issues. Through self-supervised learning and incremental fine-
tuning, the models can be updated online to adapt to a new fruit growth environment.
In addition, based on a distributed collaborative optimization (e.g., federated learning)
framework, multiple harvesting robots can share local fruit detection model parameters to
integrate diverse scene data while enhancing generalization.

(3) Further refining algorithms is still a trend to improve the performance of visual
fruit detection systems in natural environments. The accuracy and the lightweight are
the two main optimization objectives. For the accuracy aspect, more new published deep
learning structures and modules in the computer algorithm field (e.g., visual prompting
and large visual models) can be introduced in the fruit detection area. Similarly, more
model compression (e.g., light convolution) and edge deployment optimization (e.g., neural
architecture search) technologies can be applied for the lightweight target. In addition, the
newer lightweight RGB-D cameras suitable for embedded robotic platforms (e.g., Luxonis
OAK-D) can also be studied.

(4) The evolution of fruit detection robots is taking full-modal real-time closed-loop
(deep fusion of mechanical, spectral, and environmental data), edge-cloud co-evolution
(lightweight model and continuous learning), and high-fidelity simulation (physics engine
and domain adaptation) as the core paths. Multimodal data (including tactile, image, text,
language interaction signals, wind speed, etc.) are widely sensed and can be integrated for
fruit detection. The visual fruit detection system should evolve to follow the main direction
with the multimodal data fusion technologies, such as dynamic uncertainty-aware fusion
(e.g., DUA-Net), Mamba-guided multimodal reconstruction (MGMR-Net), etc.

(5) Generative AI significantly empowers smarter fruit harvesting robots by accelerat-
ing robot design, optimizing detection capabilities, and enabling adaptive autonomy in
dynamic orchards. Multi-model large language models (LLMs) can help robots understand
the orchard environment and provide humanity and assistance for making more reasonable
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picking tasks. Vision language models (VLMs) can construct a bridge between visual
detection and language understanding, empowering the harvesting robots to understand
the orchards visually and respond with interpretive languages.

5. Conclusions
With the development of advanced technologies, the application of selective fruit

harvesting robots is expected as an important direction for future agriculture. A visual fruit
detection system is essential to provide useful fruit information for the path optimization
of the arm and the picking activity of the end effector. The reliability of the visual detection
system should take into account the working scene, appropriate vision sensor selection,
and visual detection algorithms.

This paper reviewed the recent progress and development of visual detection methods
for selective fruit harvesting robots. The cameras, the fruit detection methods, and the
tree branch detection methods are emphatically introduced. (1) The cameras primarily fall
into three distinct categories based on their operating principles: binocular stereo cameras,
structured light cameras, and ToF cameras. Their principles, recent applications, advan-
tages, and disadvantages are analyzed. (2) The fruit detection methods are categorized
into two paradigms: traditional methods and deep learning-based methods. The former
relies on manually designed feature extraction algorithms and is mainly suitable for fruits
whose growth environments are relatively simple and predictable, and they often have
lower computational requirements and faster processing speeds. The latter applies the deep
learning methods for detecting fruits, which can directly learn the final fruit detection task
objective from raw images, and can be classified into two main directions, i.e., two-stage
models and one-stage models. They can obtain high detection accuracy of fruits in complex
unstructured orchards. (3) Tree branch detection is also important during fruit harvesting,
which mainly relies on images or point clouds. The former mainly focused on 2D segmen-
tation and can achieve 3D information by further integrating with a depth image. The latter
can directly obtain the 3D information but with a high computation load and cost. Finally,
the potential challenges and future trends of the visual detection system of selective fruit
harvesting robots are analyzed to provide readers with a full understanding of the latest
progress in this field.
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