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Abstract

In recent years, the elderly population has increased, leading to a labor shortage and the increasing cost of training expe-
rienced labor. Owing to the continuous optimization of machine vision, multi-sensor technologies, control methods, and
end-effector structures, harvesting robots have experienced rapid development. However, most harvesting robots still require
intelligent solutions, and the lack of integration with artificial intelligence limits them to small-scale applications without
mass production. This paper reviews key technologies for vision-based sensing and control of harvesting robots, focusing
on potential applications of vision for target recognition and localization in complex agricultural environments, describing
improved solutions for different target detection and localization algorithms, and comparing their detection results. The chal-
lenges and future trends of applying these key vision sensing and control techniques in harvesting robots are also described

and discussed in this review.

Keywords Harvesting robot - Target recognition - Target localization - Deep learning - Vision-based control

1 Introduction

Fruits are essential to a healthy lifestyle due to their high
concentration of vitamins [1] and essential fiber [2]. The
nutrients in fruits have various health benefits such as dis-
ease prevention, and this is why people buy them daily to
promote well-being [3, 4]. Therefore, the growing demand
for fruits necessitates continuous production and supply.
Currently, most fruits are still harvested manually because
this task requires the knowledge and experience of seasoned
orchard workers. The manual harvesting process often
results in mistakes, omissions, and damage to fruits. Conse-
quently, this method of harvesting has resulted in increased
costs throughout the agriculture industry [5] and has also
worsened yield depression [6]. In the agricultural sector,
modern technology, such as the use of harvesting robots, can
assist farmers in overcoming these challenges and increasing
their level of productivity. In recent years, computer vision
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technology has been implemented in harvesting fruits to
detect and locate produce more efficiently [7-10].

The computer vision system initially captures raw image
data through sensors or cameras, in which feature extrac-
tion [11], machine learning [12-14], and deep learning
techniques [15—17] are employed to segment and detect
fruit images. Once the location of the target is detected, it
becomes the input for the control system. The manipulator
then moves according to the planned trajectory, ultimately
grabbing the target with the end-effector. The control system
receives the input signal again to guide the manipulator to
the next target.

Researchers have developed various types of harvesting
robots that offer a novel approach to intelligently harvesting
fruits. However, the unpredictability of their performance,
low efficiency, and high costs currently prevent the large-
scale adoption and replacement of skilled orchard workers.
Robotic grasping has been proven inaccurate and inefficient
due to several reasons: fruit obscured by branches and leaves
in unstructured orchard environments [18], environmental
factors such as illumination changes, wind, and rain that
interfere with robot functionality and contact with leaves
[19], and inadequate color differentiation between the
orchard background and fruit [20, 21].
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To overcome the objectively imposed disturbances,
researchers have increased the accuracy of fruit recognition
and localization, as well as the performance of vision-based
control techniques, to improve the overall performance of
the robot harvesting [22]. In this paper, the techniques pro-
posed by researchers are broadly classified into the following
three categories:

(1) Traditional image processing techniques are based on
low-level features such as color, texture, and shape
[23];

(2) Classification algorithms that are based on machine
learning, such as the Bayesian classifier algorithm
[24], Support Vector Machine (SVM) algorithm [25],
K-Nearest Neighbors (KNN) clustering algorithms
[26], and so on;

(3) Object detection algorithms that are based on deep
learning, such as Convolutional Neural Networks
(CNN) [27-29], Faster Regions with Convolutional
Neural Networks (Faster R-CNN) [30-32], You Only
Look Once (YOLO) network [33-36], Fully Convolu-
tional Network (FCN) [37-39], and Single Shot Multi-
Box Detector (SSD) Network [40-42], etc..

It is worth noting that deep learning has become the
favored technique for contemporary agricultural researchers
to identify and detect fruit, thereby replacing conventional
machine learning algorithms. Conventional machine learn-
ing algorithms require a manual feature extractor to extract
underlying features like color, texture, and shape from
image data, which is highly complex and time-consuming
[43]. Data and algorithms are interdependent in computer
vision, and deep neural networks require large amounts of
high-quality data. Insufficient high-quality data makes the
generation of an ideal model difficult, even with advanced
algorithmic training. Various sensors are used for image data
acquisition, such as black-and-white, RGB, hyperspectral,
multispectral, and thermal cameras. Most researchers pre-
fer using RGB cameras for image acquisition, which solely
provides 2D location information without real-world loca-
tion mapping [44—48]. To obtain depth information for fruit
localization, researchers measure depth indirectly through
binocular stereo-vision methods or physical means [44].
Previous results have reported the development of vision-
based control technology with application to robotic harvest-
ing, however, the low successful rate of fruit recognition,
inefficiency localization, and inaccurate control limit the
performance of harvesting robots. Therefore, a review of
vision-based sensing and control technology is necessary to
promote further developments for harvesting robots.

This paper presents a methodical review of recent
vision-based research on harvesting robots, intending to
propose solutions for target recognition and hand—eye
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coordination control. To provide a comprehensive over-
view of the topic, the subsequent sections of this paper
are organized as follows: Sect. 2 introduces the key com-
ponents of harvesting robots, and Sect. 3 discusses fruit
detection and identification techniques in detail. Further-
more, Sect. 4 presents localization methods for fruits and
their associated sensors, while Sect. 5 focuses on vision
control techniques for the harvesting robot. The challenges
and future trends of harvesting robots are highlighted in
Sect. 6. Finally, Sect. 7 provides conclusions.

2 Key Components of Harvesting Robots

Fruit detection, positioning, and separation are three fun-
damental tasks that harvesting robots must execute [45].
The robotic system employs sensors to collect environ-
mental data, which identifies and locates the target fruit.
The robot control scheme then utilizes this data to maneu-
ver the manipulator to reach the cutting point of the fruit
for harvesting [46—48]. In addition, machine vision sys-
tems recognize and locate the fruit, enabling precise con-
trol of the movements. Ultimately, the manipulator and
end-effector operate in tandem to divide and harvest the
fruit [49]. This section describes the primary components
of harvesting robots mentioned earlier. As depicted in
Figs. 1 and 2, the three central technical components of
harvesting robots in a laboratory or natural environment
are highlighted.

2.1 Machine Vision System

Identifying the target fruit is the primary task of a harvesting
robot, and taking the position information of the detected
fruit as input to the robot control system is a key step in
robot movement. The unstructured ambient circumstances of
orchards, as well as the shadowing of fruit by tree canopies,
provide massive issues for machine vision systems.

Over the past few decades, researchers have developed
and deployed various machine vision-based methods for fruit
detection [57-59]. Standard image identification systems
are highly sensitive to light fluctuations and require costly
sensors to produce high-quality images. As deep learning
applications in agriculture continue to expand, researchers
have focused on exploring and validating novel algorithms to
tackle the previously described issues [60—62]. Studies have
utilized diverse techniques, e.g., monocular cameras, bin-
ocular stereo vision cameras, RGB-D cameras, and ground
laser scanners, to provide depth information and accurately
locate the fruit. Refer to Sects. 3 and 3 for detailed insights
into methods for fruit detection and localization.
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Fig. 1 Harvesting robots in the
laboratory: A Tomato harvest-
ing robot (adapted from [50]);
B and C Apple harvesting
robots (adapted from [51]); D
Sweet-pepper harvesting robot
(adapted from [52])

Control

Fig.2 Harvesting robots in

the external natural environ-
ment: A Strawberry harvesting
robot (adapted from [53]); B
Cherry-tomato harvesting robot
(adapted from [54]); C Guava
harvesting robot (adapted from
[55]); D Apple harvesting robot
(adapted from [56])
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2.2 Manipulators

Researchers have conducted extensive studies in the fields of
manipulator path planning and motion planning. Maneuver-
ing the manipulators towards the target fruit while finding
the optimal cutting direction for the end-effector is a signifi-
cant challenge because of the complexity and variety of the
environment, including branches, leaves, and other obstruc-
tions surrounding the fruit, as well as strong winds that can
arise at any time [63—65]. Manipulators have degrees of free-
dom and joint types (rotational or prismatic), which signifi-
cantly impact kinematic flexibility, obstacle avoidance, and
the space requirements needed to obtain the desired posi-
tion and orientation for the end-effector during maneuvering.
Recently, researchers have utilized vision-based, servo-con-
trolled manipulators for movement planning, enabling them
to harvest fruits while avoiding damaging their surround-
ings and navigating around obstacles [50]. According to the
design requirements of the manipulator robot arm, the har-
vesting robot manipulator arm can be decomposed into dif-
ferent degrees of freedom, of which the linkage parameters
and joint position parameters can determine six degrees of
freedom (rotation, translation, and slewing) [66]. The trajec-
tory of the manipulator arm is obtained by interpolating the
trajectory of the joint space. By transforming the coordinate
system of the six joints in the area, it can be mapped to the
right-angle coordinate system of the workspace, and then
using the Lagrangian method, the force that can be with-
stood by the six joints in the process of movement is solved,
to obtain the relationship between the force exerted on the
six joints of the robotic arm and the parameters of the joints.

2.3 End-Effectors

The last operation for a harvesting robotic system is fruit
harvesting with the end-effector. To satisfy the requirements
of actual applications, the end-effector is designed with the
following aspects in mind:

(a) Reasonable gripping force. Excessive force would dam-
age the stem and destroy the orchard condition;

(b) Harvesting efficiency;

(¢) Circulation time;

(d) The sensible structure that avoids damage to the fruit
and canopy structure due to the bulky mechanical parts
of the end-effector [56].

For fruit harvesting, researchers have invented end-effec-
tors with various shapes and sizes. There are two versions
of automatic harvesting methods: (1) End-effectors apply
mechanical force (twisting, stretching, or bending) to the
fruit to separate it from the stem. (2) New cutting techniques
are being sought that cut the peduncles immediately when
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the end-effector grips the fruit, as certain fruits have hard
peduncles that make detachment difficult [67]. Soft robot
end-effectors are increasingly replacing rigid end-effectors
in robotic systems. They can bend to match the angle of
the fruit, helping to prevent mechanical collisions with the
tree canopy and trellis wires, and are more capable in that
regard [68].

3 Detection Approaches for Harvesting
Robot

Although harvesting robots and deep learning techniques
have advanced significantly in recent years, controlling
robots to detect fruits in unstructured orchards still requires
considerable effort [69]. To develop classifiers, researchers
gather low-level features such as textures, colors, and shapes,
and then use machine learning techniques such as the SVM
algorithm, K-means clustering algorithm, and AdaBoost
algorithm to detect and classify fruits. Unlike traditional
machine learning, deep learning allows for the creation of
more abstract, high-level features or attribute categories that
can improve accuracy [70]. This section mainly introduces
traditional machine learning-based image processing meth-
ods and deep learning-based image identification methods.
Figure 3 demonstrates the use of computer vision technol-
ogy in a strawberry-picking robot to identify strawberries at
different levels of ripeness.

3.1 Image Processing Techniques Based on Machine
Learning

Due to the constantly changing backdrop and illumination
of fruits, researchers often use extracted low-level features
to segment and detect target fruits. The flow and methods

Fig.3 The use of computer vision technology in strawberry-picking
robot (adapted from [71])
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of traditional image recognition technology, which are
illustrated in Fig. 4, involve image preprocessing that elimi-
nates extraneous information, recovers useful information,
improves detectability, and simplifies data to enhance fea-
ture extraction, image segmentation, matching, and detection
reliability. Images are acquired using various types of sen-
sors, including black-and-white cameras [72], RGB cameras
[73-75], hyperspectral cameras [76—78], multispectral cam-
eras, and thermal cameras [79-81], multispectral cameras
[79, 80] and thermal cameras [81-83]. Image data is then
preprocessed using color space transformation, histogram
equalization, and noise reduction techniques [43, 84, 85].
The majority of the images are captured using RGB cameras.
Any additional types of sensors involved in image fusion
methods will be discussed individually.

3.1.1 Detection Algorithm Based on Color Features

Zhang et al. [86] proposed a color-based technique for
detecting cucumber fruits in greenhouses, achieving a 76%
detection rate for mature fruits. The identification rate was
hindered by the misclassification of fruit with high high-
lights on the surface as leaves, as well as the exclusion of
partially occluded fruit due to its categorization as noise. To
counteract the aforementioned issues with light and shad-
ows, Fan et al. [87] presented a pixel block segmentation
approach based on a gray-centered red—green—blue (RGB)
color space, which effectively distinguishes apple-fruit pix-
els from other pixels, such as shadow areas. Jidong et al.
[88] developed a color feature-based recognition approach
to solve the issue of overlapping apples. However, the iden-
tification rate for obscured apple fruits was only 86%, high-
lighting the need for further improvement. Identifying unripe
fruit is crucial for farmers to optimize fertilizer application
during the ripening phase and forecast yield before harvest-
ing. Zhao et al. [89] presented an algorithm for immature
green-orange detection that employs color features and an
absolute transformation difference. After classification and
detection using the Support Vector Machine (SVM) classi-
fier, the algorithm achieved an accuracy of over 83%. Tan

Fig.4 Traditional image recog-
nition technology

Traditional image
Recognition technology

et al. [90] utilized histograms of gradient orientation and
color features to differentiate blueberry fruits that vary in
maturity. The authors compared the accuracy of the K-Near-
est Neighbor (KNN) classifier to the newly developed Tem-
plate Matching with Weighted Euclidean Distance (TMWE)
classifier and determined that the TMWE classifier achieved
higher accuracy at a lower computational cost.

3.1.2 Detection Algorithm Based on Geometric Features

Geometric features based on shape and size can be utilized
to detect apricot species using various machine-learning-
based algorithms. Yang et al. [91] proposed an approach
that utilized different algorithms, like decision trees, KNN,
Naive Bayes, linear discriminant analysis, SVM, and artifi-
cial neural networks. The authors reported that SVM with
a continuous projection algorithm led to the most accurate
detection. Additionally, Lin et al. [92] introduced a novel
approach for detecting apricot species by first generating a
shape descriptor through contour information-based feature
detection for partial shape matching. Then, the probabilistic
Hough transform was used to locate candidate fruits, and
lastly, the SVM classifier was used to identify all candidate
fruits.

3.1.3 Detection Algorithm Based on Texture Features

In terms of texture features. Yamamoto et al. [93] proposed
a machine-learning algorithm to detect various types of
tomato fruits, including ripe, immature, and young fruits,
by fusing multiple features. By calculating the appropri-
ate number of clusters with X-means clustering, the algo-
rithm detected individual fruits. However, the recall rate
for young fruits was just 78%, highlighting the difficulty of
distinguishing them from the stems due to size and appear-
ance similarities. Li et al. [94] introduced a fast normalized
cross-correlation (FNCC) machine vision-based algorithm
to identify immature green citrus fruits by minimizing the
impact of lighting fluctuations on RGB images. The algo-
rithm combined color, shape, and texture features, with the

Image Feature Detection and
acquisition extraction localization
Color space transformation Support Vector Machine

Histogram equalization Naive Bayes classifier

Resize image AdaBoost classifier

Noise reduction Decision tree

Image preprocess Classification
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KNN classifier achieving 84.4% detection. Additionally, the
authors suggested manually adjusting the camera shutter set
to produce a more consistent image brightness for better
fruit-to-leaf differentiation. Zhang et al. [95] researched a
color and texture fusion feature-backed approach to improve
apple image segmentation. The Random Forest classifier,
with a 94% accuracy rate, outperformed the other eight
machine learning algorithms tested for pixel classification.

3.1.4 Multi-feature Fusion Method

Regarding multiple features, Lin & Zou et al. [96] intro-
duced a novel segmentation method that made use of an
AdaBoost classifier and texture-color features that fused
Leung-Malik texture and HSV color features to detect cit-
rus by fixed-size sub-windows. Nevertheless, the LM filter
bank was impacted by fluctuations in light, resulting in the
over-segmentation of citrus images. Additionally, Wu et al.
[97] introduced a method for detecting juicy peaches that
makes use of color data and three-dimensional (3D) contour
features. The study utilized a conditional Euclidean cluster-
ing approach to cluster preprocessed 3D point clouds of fruit
trees. In addition, 3D contour features were used to locate
and harvest the fruits. Unfortunately, when detecting unripe
green fruits, the accuracy of the method was relatively low.
To address this issue, Wu et al. [98] proposed a fruitful point
cloud segmentation approach that blends 3D geometric fea-
tures with color features. This new method demonstrates
superior performance compared to the traditional color seg-
mentation method, with an accuracy of 80.09%. Although
the method is effective in detecting fruits with roughly round
or spherical surfaces, the authors caution that it may not
be reliable for image segmentation of fruits with irregular
surfaces.

It is noted that the above image processing algorithms can
be summarized in Table 1. It is further concluded that color
can be used as the main extracted feature when the color of
the fruit is distinguishable or it is more differentiated from
the background color, such as apricots, peaches, and citrus

Table 1 Machine learning based image processing algorithms

crops with more obvious colors. However, color features
rely too much on the ideal situation of light, so color extrac-
tion is usually performed under artificial conditions. When
the color of the fruit is similar to its background, the shape
feature can be used as the main extracted feature, e.g., green-
colored fruits are similar to the color of the branches and
leaves, and their shapes can be detected to improve recogni-
tion accuracy. When branches or clusters heavily occlude
the fruits, texture features can be used to recognize the target
fruits more quickly and accurately. By extracting multiple
features, the accuracy of target recognition and adaptabil-
ity to complex real-world environments can be significantly
improved, and the constraints under non-artificial conditions
can be reduced.

3.2 Image Recognition Technology Based on Deep
Learning

Deep learning constitutes a subset of machine learning
techniques [99, 100]. In traditional machine learning algo-
rithms, the ability to learn is typically constrained, and larger
amounts of data do not necessarily result in continuous
improvement in the information learned. Conversely, deep
learning systems, like the machine equivalent of "more expe-
rience," are capable of enhancing performance by accessing
vast amounts of data. To overcome the challenge of numer-
ous parameters and lengthy optimization times, the advent
of GPU parallel computing technology has triggered a global
rise in deep learning research. Additionally, comprehensive
and rigorous investigations on the application of deep learn-
ing to agricultural robots have been conducted.

3.2.1 Two-stage Object Detection Algorithm

Faster R-CNN is a typical two-stage object detection
model, and its structural diagram is shown in Fig. 5. The
RPN (Region Proposal Network) is a crucial innovation that
connects the region generation and convolutional networks
through an anchor mechanism. It achieved an increased

Detection algorithm Advantage Disadvantage

Based on color features

Based on geometric
features

Based on texture features

Easy to operate, distin-
guishing fruits and
backgrounds

Obtainoutline informa-
tion of fruits without the
influence of illumination

More viable under occlu-
sion than before color
and geometric features

More seriously affected
by the similarity of illu-
mination intensity and
background color, etc

Affected by shading from
branches, limbs, clusters,
etc

Influenced by factors such
as light intensity and
environmental obscura-
tion

Detection rate (%) Detection target References
80-85 Citrus, apples, peach [87-90]
80-87 Green apple, green citrus [91, 92]
75-90 Pineapple, bitter gourd ~ [93-95]

@ Springer KE;E



International Journal of Precision Engineering and Manufacturing (2024) 25:409-428 415

classifier

Rol pooling

proposals

Region Proposal Network,

feature maps

conv layers /

Fig.5 Structure diagram of Faster R-CNN (adapted from [30])

detection rate of 17 frames per second [30]. With the Faster
R-CNN as the foundation, Kaiming [101, 102] introduced
the Mask R-CNN, an innovative instance segmentation net-
work. The key improvement can be summarized as:

(1) To resolve the accuracy loss caused by the ROI pool-
ing rounding method, the Rol Align method was intro-
duced as a replacement for the original ROI pooling
method.

Table 2 Improved two-stage object detection algorithm

(2) A mask branch was incorporated into the image seg-
mentation model to determine the class of each pixel.

Furthermore, new and improved algorithms based on
the two-stage detection algorithm have been introduced to
meet the requirements of various fruit detection tasks. Jia
et al. [103] proposed a Mask Region Convolutional Neural
Network (Mask R-CNN) based visual detector model for
harvesting robots. The authors tested the method with a ran-
dom test set of 120 images and achieved 97.31% accuracy
and 95.70% recall. Parvathi et al. [104] have proposed an
improved faster region-based convolutional neural network
(Faster R-CNN) model for the detection of two important
ripening stages of coconut in a complex context. The Faster
R-CNN algorithm based on the ResNet-50 network was used
to improve the detection scores of nuts at the two major rip-
ening stages. Table 2 provides an overview of the improved
two-stage target detection algorithms.

3.2.2 One-stage Object Detection Algorithm

The two-stage object detection algorithm creates region
proposals in the first stage. In the second stage, the con-
tents of the region of interest are classified and regressed,
but this results in the omission of spatial information for
local objects within the entire image. To solve this prob-
lem, a one-stage object detection algorithm is proposed that
omits the region proposal creation stage and can directly
detect objects. One of the most representative and popular
single-stage target detection algorithms is the YOLO series
[113-116], whose structure is shown in Fig. 6. The YOLO
series has a faster detection speed than the R-CNN series,

Target Description Precision (%) References

Apple ResNet and a Densely connected convolutional network were applied to form the backbone network.  97.31 [103, 105]
In this context, the dense block preserves certain low-dimensional features

Coconut ResNet-50 was one feature extraction network that incorporated the idea of the Residual Network 89.4 [104, 106]
(ResNet)

Cucumber Resnet-101 was chosen as the backbone of Mask R-CNN, and the logical green (LG) operator was 90.68 [107]
introduced as a filter for non-green backgrounds

Grape cluster The efficient Channel Attention (ECA) mechanism was incorporated into the backbone, and Dense N/A [108]
Upsampling Convolution (DUC) was deployed to compensate for feature information in FPN

Kiwifruit Based on the Visual Geometry Group (VGG-16) network, an image fusion and feature fusion model ~ 90.07 [109, 110]
were developed

Mango Loss functions were applied to convolution and pooling layers, which reduced the weights of various 88.94 [8]

Orange high-dimensional parameters 90.73

Sweet pepper Early or late fusion methods were implemented to merge multimodal information, including RGB 83.8 [71
and infrared information

Strawberry Feature Pyramid Network (FPN) was introduced into the backbone network to strengthen the extrac-  95.78 [111]
tion of fruit features at multiple scales

Tomato Edge contour detection was combined with deep learning 80 [112]
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Backbone

Fig.6 Structure diagram of YOLO-v3

but the detection accuracy of the YOLO series is usually
inferior to that of the R-CNN series.

To balance detection accuracy and speed for optimal
gains, another one-stage object detection algorithm called
SSD was presented by Liu et al. [42]. During the last five
years, several improved algorithms based on the YOLO
or SSD framework have been developed. Tian et al. [117]
have introduced an improved YOLOv3 model for detecting
apples at different growth stages in orchards with fluctu-
ating light, complex backgrounds, overlapping apples, and
complicated branches and foliage. The proposed YOLOV3
dense model outperforms the original YOLOvV3 model and
the Faster R-CNN based on the VGG16 network, with an
average detection time of 0.304 s/frame, which enables
real-time detection of apples in orchards. To automatically
identify graspable and non-graspable apples in apple tree
images, Yan et al. [118] proposed a lightweight target detec-
tion method for an apple-picking robot based on improved
YOLOVS5s. The experimental results show that the improved
network model can effectively identify graspable apples that
are not occluded by leaves or only occluded by leaves, as
well as non-graspable apples that are occluded by branches
or occluded by other fruits. Specifically, the recognition
recall, precision, mAP and F1 were 91.48%, 83.83%, 86.75%
and 87.49%, respectively. The average recognition time was
0.015s per image. Overall, the improved one-stage object
detection algorithm used in fruit harvesting robots is out-
lined in Table 3.

4 Localization Methods for Harvesting
Robot

Harvesting robots require 3D spatial position information
from the detected fruit to guide the end effectors through
the harvesting procedure. However, the camera obtains only
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the 2D image space position of the target, thus needing to
establish a mapping relationship between the target position
in the 2D image space and the 3D space position. Research-
ers have proposed successful solutions to address this issue,
which is introduced in this section. The paper categorizes
the methods for localizing fruit based on camera data into
2D and 3D categories. The detailed comparison of 2D and
3D cameras is shown in Table 4.

4.1 Localization Method Based on Two-dimensional
Images

2D cameras that contain charge-coupled device (CCD) sen-
sors or complementary metal oxide semiconductor (CMOS)
sensors are prevalent for fruit localization and the trajec-
tory tracking of harvesting robots [146]. Mehta et al. [134]
acquired 3D positioning information on citrus fruits using a
monocular camera based on perspective transformation. The
authors demonstrated that this method was less temporally
complex than a stereo vision technique's depth estimation
method after comparing test results. Xiong et al. [135] used
a CCD camera with artificial lighting to detect green grapes
and locate harvesting points, preventing the missing and
inadvertent collection of nascent grapes during the night.
They found that the highest accuracy in harvesting point
detection was 92.5% at a depth of 500 mm. However, they
also discovered that increased shot distance reduced light
density, causing errors in point computation due to poor
image quality.

Accurate fruit localization is crucial for effective robotic
harvesting. Mehta et al. [136] developed a nonlinear estima-
tor based on particle filters to predict fruit locations cap-
tured from multiple CMOS cameras. However, the approach
has limited effectiveness in the case of an obstructed view.
Unpruned buds can hinder accurate localization by pro-
ducing vegetation that conceals new buds and affects the



International Journal of Precision Engineering and Manufacturing (2024) 25:409-428

417

Table 3 Improved one-stage object detection algorithm

Target Description F1 (%) References
Apple Utilized DenseNet as a substitute for the original transport layer to improve network performance 81.7 [117]
Designed the BottleneckCSP-2 module based on the improvement of the BottleneckCSP module, and  87.49  [118, 119]
embedded the SE module into the backbone
A bi-directional feature integrated Pyramid Network Small (BiFPN-S) network was added to the back- 92.8 [120, 121]
bone, and the Activate Or Not (ACON)-C activation function, which replaced the SiLU function,
was implemented
Citrus SimAM attention mechanism module is added before each feature detection layer. Combined with the 91.95 [122, 123]
Canopy algorithm and k-means + + algorithm to obtain more matching anchor boxes
An image fusion algorithm based on an improved Laplace pyramid was introduced, and ResNet units  93.56  [124]
were embedded in the original network
Cherry tomato The dual path network replaced the original feature extraction network and increased the 104 104 94.18 [125]
resolution of the feature layers in the FPN. An improved K-means + + clustering algorithm was
utilized to calculate the scale of the anchor box
Grape Squeeze-and-Excitation Networks (SE) attention mechanism was joined to the network, and non- 90.47 [119, 126, 127]
maximum suppression (NMS) was replaced with soft NMS
Green pepper  GhostConv was applied to change the Conv layer of Cross Stage Partial (CSP). A single-layer struc- 78.9 [128, 129]
ture, BiFPN, was chosen instead of Path Aggregation Network (PANet)
Kiwifruit Adopted MobileNetV?2 to displace vggnet-16 as a feature extractor. And quantized the model to obtain N/A [130, 131]
faster deduction with smaller model size
Longan The core component of the MobileNet model was switched out for a feature extraction network, which N/A [132]
decreased the amount of time airborne computers needed to calculate and detect things
Tomato A parallel sub-network, RGB-Network, was augmented to the previous SSD framework, which inte- 91.47 [133]

grated multimodal features and generated accurate feature maps

Table 4 The detailed comparison of 2D and 3D cameras

Typical sensors Advantages Disadvantages Measure- Error (mm) References
ment range
(m)

CCD MV-E800C, KPC-S20-CP1 Outperforms CMOS Only provides two-dimen-  0.3-1.6 <75 [134, 135]
sensors in sensitivity, sional information and is
resolution, and noise con-  easily influenced by light
trol and provides color,
geometry, and texture
information

CMOS C920-Pro, Galaxy AS Low cost, low power Only provides two-dimen- — <15 [136, 137]
consumption, and high sional information and is
integration. Provides easily influenced by light
color, geometry, and
texture features

Structured Light Kinect-1414 High accuracy when meas- The accuracy of measuring 0.2-3.5 <10 [138]
uring objects at close objects at long distances
range is low. Affected by light

and light reflection

Stereo ZED-2, Intel-D435 High accuracy when High hardware cost with 0.11-10.0  <2% [139, 140]
measuring objects at long  low image resolution and
range; less affected by high power consumption
light

Time of Flight  Kinect-v2, Mesa-SR4000  Compact, lightweight, high Poor real-time performance 0.1-6.0 <8 [141-145]
image resolution and high computational

costs
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subsequent output. To address these issues, Daz et al. [137]
developed a grape bud detection and localization method
based on motion structure and 2D image categorization. The
approach captured 2D images to construct a 3D model of
the scene, achieving a localization error of 259-554 pixels.

4.2 Localization Method Based
on Three-dimensional Coordinates

Conventional RGB color cameras, known as 2D cameras,
only capture objects in the sensor field of view and cannot
acquire component depth information. However, RGB-D
depth cameras can acquire this depth information directly.
The depth camera captures data and calculates the distance
of each point in the picture from the camera. The x and y
coordinates combine to provide the 3D spatial coordinates of
each point in the image. Researchers have used depth cam-
eras in combination with robotics to create more efficient
robotic harvest systems. Depth cameras are categorized as
structured light cameras, binocular cameras, and Time of
Flight (ToF) cameras based on their operating principles.

4.2.1 Localization Based on Structured Light

A structured light camera consists of a laser projector and
one or more structured light cameras. The projector actively
emits infrared light onto the object's surface, which is then
imaged with one or more structured light cameras. By cal-
culating the location and depth information based on the
triangulation principle, 3D reconstruction is achieved [147].
Laser triangulation is a fundamentally structured light sys-
tem, as shown in Fig. 7.

Structured-light cameras are widely utilized in agri-
cultural automation. Nguyen et al. [138] used an RGB-D
structured light camera to acquire images and developed an
algorithm based on color and shape features that detected
and located red and bi-colored apples beneath an umbrella
blocking direct sunlight. The positioning accuracy in all
directions was less than 10 mm. Additionally, the authors
suggested using additional sensors for more information on

Fig.7 Triangulation with a z

the 3D position of the fruit and the location of the stem to
enhance the gripping and harvesting of individual fruits.

4.2.2 Localization Based on Binocular Stereo Vision

Binocular stereo vision involves taking two pictures of the
object of interest using cameras placed at different locations
and then determining the positional difference between the
corresponding points in the two images to obtain 3D geo-
metric information about the object [147]. Figure 8 shows its
schematic diagram. The system for binocular stereo vision
is constructed using two conventional consumer-grade RGB
cameras due to the inexpensive nature of the camera hard-
ware requirements. Wang et al. [148] presented a technique
for target localization using window scaling. The approach
involves collecting photos of produce and estimating the
three-dimensional coordinates of the target by utilizing the
triangulation principle to achieve complete target locali-
zation. In a natural environment, Liu et al. [149] imple-
mented a binocular stereo-vision approach and an improved
YOLOV3 model for pineapple identification and locali-
zation. At a range of 1.7-2.7 m, the absolute mean error
was 24.414 mm, with an average relative error of 1.17%.
Additionally, during robotic harvesting, the method took
into account wind disturbance, mutual branch contact, and
mechanical collisions. The visual localization of dynamic
lychee clusters was explored by Xiong et al. [150] The har-
vesting point was determined by computing the oscillation
angle of lychee clusters in three states of disturbance: static,
slight, and large. The maximum depth error was 5.8 cm, and
the minimum depth error was 0.4 cm.

In practice, biocular depth cameras have been widely
adopted by researchers for developing vision systems for
harvesting robots. Hou et al. [139] reported a recent tech-
nique utilizing modified YOLOvS5 and binocular stereo
vision for detecting and localizing ripe citrus. The average
distance error between citrus fruit and the camera in non-
uniform, low, and good lighting conditions was 3.98 mm.
The approach was found to offer accurate and swift detection
and localization of citrus fruits in intricate orchard land-
scapes, as concluded by the authors. Occlusion of leaves,

Laser

single laser spot (adapted from

[147])
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Fig.8 Schematic diagram of
binocular stereo vision (adapted
from [151])

branches, and other fruits often leads to imprecise bounding
boxes of detected fruits and the associated depth measure-
ments. To manage this problem, Li et al. [140] proposed a
distinctive 3D fruit localization method dependent on a trun-
cated cone point cloud processing algorithm. According to
the authors, this method decreased the median and average
fruit localization errors by 59% and 43%, respectively, when
compared to the traditional approach. Wang et al. [152] pre-
sented a geometry-aware detection network designed for
apple harvesting. The network utilized color and geometry
sensory input from RGB-D cameras and executed end-to-
end instance segmentation and grasping estimates with an
average precision of 0.61 cm and 4.8° in center and orienta-
tion, respectively.

4.2.3 Localization Based on the Principle of ToF

A time-of-flight camera consists of a light transmitter
and a receiver. The receiver detects the light emitted by
the transmitter once it reflects off the object in view, and
the distance to the target object is determined by measur-
ing the time taken for the signal to travel to and reflect off
the object [147]. Wu et al. [141] developed a platform of
robotic devices resembling bananas that utilize stereo vision
to improve 3D localization accuracy at the truncation point.
The study found a median error of 8§ mm and a median abso-
lute deviation of 2 mm for the depth coordinates. Lin et al.
[55] utilized Euclidean clustering guided by fruit binary
maps and RGB-D depth pictures to separate point clouds
into individual fruits to enable collision-free harvesting. By
determining the center location of each fruit and its rela-
tion to the mother branch, it was possible to accurately esti-
mate the 3D poses of the fruits. The study found that the 3D
posture error, calculated using the spherical fitting method,
was 23.43°+14.18° and that the method took 0.565 s to
execute per fruit. Li et al. [143] employed principal compo-
nent analysis (PCA) to estimate the positioning for lychee

harvesting, specifically targeting the random scattering and
uneven appearance of lychee clusters. The study achieved a
detection precision of 83.33% and a placement precision of
17.29°+24.57°. Therefore, further improvements in accu-
racy were deemed necessary by the authors.

5 Vision-Based Control for Harvesting Robot

Vision servo control is a widely used robotics technique
that utilizes vision sensors to gather environmental data
and translate it into appropriate kinematic commands for
the controller of robots. Early robot vision systems utilized
open-loop vision control, employing a "look then move"
approach rather than employing closed-loop control. Ongo-
ing advancements in computer hardware and related algo-
rithms have led to the recent and rapid development of tech-
nology in this field, as shown by recent research [153-155].
This section presents an overview of the control methods
utilized in vision-based harvesting robots, as discussed
previously. Table 5 details the various control methods and
overall performance metrics of harvesting robots utilized in
prior years.

5.1 Open-loop Visual Control

Silwal et al. [158] employed RGB-D cameras to develop a
robot for apple harvesting with open-loop vision control.
The study found a successful harvesting rate of 0.846 and
attributed the partial failure to progressive position errors
in open-loop vision control systems and difficulty catch-
ing apples on long, thin, flexible branches. Ling et al. [156]
developed a dual-arm cooperative technique utilizing bin-
ocular vision sensors to improve the efficiency of tomato
harvesting robots, which involved tomato detection, target
localization, trajectory planning, and real-time control of
dual-arm motions. The study achieved a success rate of up
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Table 5 Control mode and
performance of harvesting robot

Robot Vision-based control Success rate (%) Speed (s)  References
Apple harvesting robot Open loop visual control 72 14.6 [156]
Image-based visual servo 77 15 [157]
Open loop visual control ~ 84.67 7.6 [158]
Image-based visual servo  91.2 13.8 [159]
Cherry-tomato harvesting robot ~ Image-based visual servo 83 8 [160]
Citrus harvesting robot Image-based visual servo ~ NR <8 [161, 162]
Tomato harvesting robot Open loop visual control ~ 87.5 <30 [156]
Sweet-pepper harvesting robot Image-based visual servo  NR 45 [163]

to 87.5% using suction cup grabbing and wide-range cut-
ting during robotic harvesting. Yu et al. [156] introduced
a humanoid robot designed for efficient and flexible apple
harvesting, utilizing the scale-invariant feature transforma-
tion (SIFT) feature point detection and matching mechanism
to identify the pixel coordinates of the optimal apple contour
and target apple center. The authors reported several practi-
cal issues that adversely impact the performance of robot:

(1) All the electric motors and components of the robot
operated on lithium-ion batteries that were inadequate
in meeting the necessary driving force.

(2) The research assumed uniform apple size, yet apples
have varying sizes, requiring the claws to be more
adaptable or the addition of a tactile sensor for better
performance.

(3) Although the color segmentation-based identification
accuracy of binocular camera systems is unsatisfac-
tory, it can be improved by using RGB-D cameras and
advanced identification algorithms.

5.2 Visual Servo Control

Errors in the vision input device and system, localization
errors in vision-based recognition, coordinate transforma-
tion errors, and other factors affect the operational efficiency
of harvesting robots in an open-loop system. Cumulative
mistakes fail to accurately pick certain fruits. To improve
the accuracy of the robot, the visual feedback loop identi-
fies deviations between the actual and intended positions of

Desired image

the manipulator [164]. Conventionally, visual servo control
is either a position-based visual servo (PBVS) or an image-
based visual servo (IBVS) [154, 155] depending on whether
the feedback signal is a 3D spatial coordinate value or an
image feature value.

5.2.1 Position-based Visual Servo (PBVS)

The position-based vision servo (PBVS) system determines
the intended poses via image analysis and the geometric
model of the target. The deviation between the current
and goal poses informs the trajectory planning [165, 166].
PBVS control technology is built on the basis of precise
measurement of the spatial coordinates of the target fruit by
the visual sensor. First of all, the visual sensor must obtain
accurate spatial position information of the target fruit, and
then through the establishment of an accurate hand-eye coor-
dinate conversion model, the position information under the
visual sensor coordinate system will be converted to the spa-
tial coordinates under the robot coordinate system. Finally,
the positional relationship between the target fruit and the
robot end-effector can be used to carry out the motion plan-
ning, which in turn can control the movement of the end-
effector of the picking robot to the target fruit position. The
schematic structure of the system is illustrated in Fig. 9.

5.2.2 Image-based Visual Servo (IBVS)

In image-based visual servoing, the control quantity is com-
puted directly from the error signal in the image to drive

Fig.9 Position-based visual servo
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the robot to move toward the target fruit and complete the
picking task. The critical problem of image-based visual
servo control is the need to estimate the image Jacobi matrix,
which is the bridge to construct the transformation between
the image coordinate system and the robot coordinate system
[165, 166]. This image-based visual servo control is rela-
tively insensitive to robot kinematic calibration and camera
model errors compared to position-based visual servo con-
trol, and does not require estimation of the position of the
target fruit in the robot coordinate system, thus reducing
computational latency. Therefore, it has become one of the
most preferred solutions nowadays. The schematic structure
of the system is depicted in Fig. 10.

In practice, image-based vision servoing is considered
less computationally challenging compared to position-
based servoing, making it the preferred control mecha-
nism. Mehta et al. [161, 162] proposed a cooperative vision
servo controller that addressed external disruptions, such as
mechanical contact between the robot and trees, by incor-
porating a feedback term that compensated for positioning
flaws, allowing the end-effector to micro-adjust the posi-
tion. However, when the robot interacted with dense crops,
it potentially missed the target, leading to harvesting fail-
ure. Barth et al. [163] designed a servo control framework
to address agricultural settings with dense plant cover. The
servo control framework achieved motion control of a sweet
pepper harvesting robot with visual information, success-
fully harvesting sweet peppers under laboratory conditions.
Chen et al. [159] developed a vision-based servo control for
a harvesting robot using an upgraded fuzzy neural network
sliding mode algorithm. The enhanced algorithm signifi-
cantly increased not only the design efficiency but also the
success rate of the harvest. However, the procedure was only
tested in a laboratory setting, and the authors acknowledged
potential obstacles when harvesting in natural settings.

6 Challenges and Future Trends

The potential of harvesting robots to revolutionize smart
agriculture is immeasurable. The advancements in
machine vision and artificial intelligence technologies have

Desired target

significantly accelerated the transition of harvesting robots
from laboratory settings to practical orchards. However,
fruit-harvesting robots encounter various challenges in their
current implementation. These include issues associated
with energy consumption and unstructured orchard environ-
ments. Fruit blockage by branches and leaves, uncertainty
caused by the similarity of the background color to the fruit's
body color, direct contact with fruit by bulky and inflexible
robots, and the need to consider the degree of fruit ripeness
and defects during harvesting are just a few examples of
such challenges. Researchers must explore and enhance fruit
detection, localization, and control techniques to address
these problems.

6.1 Building a Structured Environment Suitable
for Harvesting Robots

The haphazard growth of fruit leaves in natural environ-
ments poses a significant challenge to harvesting robots. It
is often the most difficult issue for fruit-harvesting robots
to detect and tackle. In recent years, contemporary garden
management techniques have been employed to create struc-
tured environments that are suitable for harvesting robots.
For instance, apple trees have been pruned to form a flat
crown, leaves and branches are cleaned manually or mechan-
ically, chamber agricultural systems are used to seed fruits
[167-169].

6.2 Designing the End Effector Suitable for Fruit
Detachment

Robots used for picking fruits are often in motion during
operation, and the movement caused by wind and picking
can cause the fruit to swing back and forth, resulting in dam-
age to the fruit skin and affecting its quality. Harvesting usu-
ally involves grabbing the fruit and pulling it off the vine,
which may cause mechanical damage. Therefore, designing
high-precision end effectors to grab fruits is a direction for
future improvement. To design an end-effector appropriate
for picking robot, the following factors must be taken into
account: its ability to adjust to various shapes and sizes of
produce, its lightweight and flexibility to enable swift robot

pose Servo error Visual Control signal . Joint
controller "] controller By
Hand-eye
Estimated calibration
target pose Pose Feature Image matching |
estimation N extraction ] and image processing |

Fig. 10 Image-based visual servo

@ Springer KE;E



422 International Journal of Precision Engineering and Manufacturing (2024) 25:409-428

motion, and its high-precision and stability to ensure gentle
and accurate picking. Moreover, the end-effector must be
easy to maintain given the prolonged timeframe of opera-
tion. Therefore, it is advisable to use durable materials and
a simplistic design [168, 170, 171].

6.3 Developing a More Accurate Fruit Detection
and Localization Algorithm

Despite the emergence of several high-performing fruit rec-
ognition algorithms, image processing algorithms are con-
tinually being improved upon. In recent years, new vision
sensors, such as light field cameras and chlorophyll fluo-
rescence cameras, have garnered increased attention. The
use of these advanced sensors to acquire higher-detail visual
data would undoubtedly enhance the recognition of complex
environments. The accuracy and efficiency of vision control
are other areas that require improvement. Although pose-
based visual servoing (PBVS) control has been applied in
a variety of applications, most agricultural producers con-
tinue to employ image-based visual servoing (IBVS) control,
given the economic costs and the current state of vision sen-
sor technology. However, we should devote future efforts to
implementing PBVS control [172-174].

6.4 Training a Lightweight Model for Fruit Target
Detection

To enhance the recognition performance of the vision sys-
tem, it is common to improve recognition algorithms. How-
ever, these methods result in a more complex algorithm and
longer computing time, despite the improvement in recog-
nition accuracy. Meeting actual production requirements
becomes challenging due to the real-time nature of vision
systems employed by picking robots. Consequently, prior-
ity should be given to develop lightweight target detection
models that support real-time fruit detection on edge devices
and enhance the performance of visual recognition systems
in embedded devices [175].

6.5 Other Feasible Directions

Using multiple robotic arms can enable the efficient grasp-
ing of multiple fruits simultaneously. A collaborative effort
can reduce the risk of errors and failures while improving
the accuracy of grasping [144, 176]. In specific scenarios,
a single robotic arm may find it challenging to accomplish
the task at hand, which makes having multiple robotic arms
collaborate ideal. This gives the robotic arm system more
flexibility and adaptability in its application range. In the
field of agriculture, visual recognition and detection tech-
nology can be incorporated into intelligent agricultural sys-
tems to help farmers achieve automated management and
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production. For instance, the growth status, fruit maturity,
and yield of fruit trees can be monitored in real-time in the
orchard through corresponding sensors. Diseases and pests
can also be detected at early stages by visual recognition
and detection technology, leading to reduced fruit loss and
pesticide use [177]. Additionally, image analysis algorithms
can automatically grade fruits based on their size and color,
resulting in increased efficiency and yield quality [178, 179].

7 Conclusions

This paper presents a comprehensive review of the recent
progress in fruit-harvesting robots developed by research-
ers in the past five years. The study discusses the advance-
ments in target recognition and detection techniques and the
methods for achieving target localization in fruit-harvesting
robots. The paper compares the vision-based control tech-
niques for harvesting robots, and after conducting a thorough
survey, visual servo control is identified as the most widely
used control method. The primary contribution of this
paper is to provide a comprehensive and in-depth analysis
of the core technologies utilized in fruit-harvesting robots.
Additionally, the paper highlights significant advancements
achieved through multi-sensor fusion technology, deep
learning-based target detection algorithms, novel end-effec-
tors, and vision servo-based closed-loop control, which have
the potential to further enhance the intelligence, accuracy,
flexibility, and efficiency of fruit-harvesting robots.
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