& frontiers | Frontiers in

‘ @ Check for updates

OPEN ACCESS

EDITED BY
Lei Shu,
Nanjing Agricultural University, China

REVIEWED BY
Pavel Loskot,

The Zhejiang University-University of
Illinois at Urbana-Champaign Institute,
United States

Mohsen Yoosefzadeh Najafabadi,
University of Guelph, Canada

*CORRESPONDENCE
Yubin Lan
ylan@scau.edu.cn
Weixing Wang
weixing@scau.edu.cn

SPECIALTY SECTION
This article was submitted to
Sustainable and Intelligent
Phytoprotection,

a section of the journal
Frontiers in Plant Science

RECEIVED 17 May 2022
AccepTED 08 November 2022
PUBLISHED 30 November 2022

CITATION

Lu J, Yang R, Yu C, Lin J, Chen W,
Wu H, Chen X, Lan Y and Wang W
(2022) Citrus green fruit detection via
improved feature network extraction.
Front. Plant Sci. 13:946154.

doi: 10.3389/fpls.2022.946154

COPYRIGHT

© 2022 Lu, Yang, Yu, Lin, Chen, Wu,
Chen, Lan and Wang. This is an open-
access article distributed under the
terms of the Creative Commons
Attribution License (CC BY). The use,
distribution or reproduction in other
forums is permitted, provided the
original author(s) and the copyright
owner(s) are credited and that the
original publication in this journal is
cited, in accordance with accepted
academic practice. No use,
distribution or reproduction is
permitted which does not comply with
these terms.

Frontiers in Plant Science

TYPE Original Research
PUBLISHED 30 November 2022
D01 10.3389/fpls.2022.946154

Citrus green fruit detection
via improved feature
network extraction

Jiangiang Lu®™*?, Ruifan Yang™®, Chaoran Yu*®,
Jiahan Lin*?, Wadi Chen™?, Haiwei Wu™?, Xin Chen'?,
Yubin Lan™** and Weixing Wang™>®*

*College of Electronic Engineering (College of Artificial Intelligence), South China Agricultural
University, Guangzhou, China, 2Guangdong Laboratory for Lingnan Modern Agriculture,

Guangzhou, China, *National Center for International Collaboration Research on Precision
Agricultural Aviation Pesticide Spraying Technology, Guangzhou, China, “Vegetable Research
Institute, Guangdong Academy of Agricultural Sciences, Guangzhou, China, *Guangdong Key
Laboratory for New Technology Research of Vegetables, Guangzhou, China, *Guangdong Provincial
Agricultural Information Monitoring Engineering Technology Research Center, Guangzhou, China

Introduction: It is crucial to accurately determine the green fruit stage of citrus
and formulate detailed fruit conservation and flower thinning plans to increase
the yield of citrus. However, the color of citrus green fruits is similar to the
background, which results in poor segmentation accuracy. At present, when
deep learning and other technologies are applied in agriculture for crop yield
estimation and picking tasks, the accuracy of recognition reaches 88%, and the
area enclosed by the PR curve and the coordinate axis reaches 0.95, which
basically meets the application requirements.To solve these problems, this study
proposes a citrus green fruit detection method that is based on improved Mask-
RCNN (Mask—Region Convolutional Neural Network) feature network extraction.

Methods: First, the backbone networks are able to integrate low, medium and
high level features and then perform end-to-end classification. They have
excellent feature extraction capability for image classification tasks. Deep and
shallow feature fusion is used to fuse the ResNet(Residual network) in the
Mask-RCNN network. This strategy involves assembling multiple identical
backbones using composite connections between adjacent backbones to
form a more powerful backbone. This is helpful for increasing the amount of
feature information that is extracted at each stage in the backbone network.
Second, in neural networks, the feature map contains the feature information
of the image, and the number of channels is positively related to the number of
feature maps. The more channels, the more convolutional layers are needed,
and the more computation is required, so a combined connection block is
introduced to reduce the number of channels and improve the model
accuracy. To test the method, a visual image dataset of citrus green fruits is
collected and established through multisource channels such as handheld
camera shooting and cloud platform acquisition. The performance of the
improved citrus green fruit detection technology is compared with those of
other detection methods on our dataset.
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Results: The results show that compared with Mask-RCNN model, the average
detection accuracy of the improved Mask-RCNN model is 95.36%, increased
by 1.42%, and the area surrounded by precision-recall curve and coordinate
axis is 0.9673, increased by 0.3%.

Discussion: This research is meaningful for reducing the effect of the image
background on the detection accuracy and can provide a constructive
reference for the intelligent production of citrus.
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1 Introduction

Citrus is an important cash crop in China, with an annual
production of nearly 50 million tons. Scientific planning of fruit
preservation and thinning is an important measure for ensuring
citrus yield. During the green fruit stage of citrus, fruit
development is easily affected by the environment, pests, and
diseases, which results in deformed fruit, fruit with pests and
diseases, and fruit with mechanical damage. The edible value of
these fruits is very low, and there is little economic benefit.
However, they absorb some of the nutrients of the fruit tree
during the development process, which results in a waste of
nutrients such that the normal fruit cannot obtain enough
nutrient supply. At the same time, there are too many fruits
on adult citrus trees, and the phenomenon of nutrient
competition among fruits is serious. Therefore, it is important
to accurately define the green fruit stage of citrus through
scientific methods and to reasonably thin the fruit to improve
the yield of citrus (Yan et al., 2021). The citrus green fruit stage is
traditionally judged by the fruit grower’s visual observation,
which not only results in subjective judgment errors (Linker
et al., 2012; He et al, 2016) but also has limitations for the
intelligent and unmanned operation of orchard fruit thinning.
With the development of smart agriculture applications, modern
computer science and technology provide new strategies for crop
target identification and detection, and real-time processing of
orchard image data through sensor systems and high-

Abbreviations: Mask-RCNN, Regions with Convolutional Neural Network
features; Res4b, A module in the Residual network; ResNet, Residual network;
CB-Net, Composite Backbone Network; COCO, Microsoft Common Objects
in Context; HLB, HuangLongBing disease; RPN, Region Proposal Network;
Faster-RCNN, Faster Region Convolutional Neural Networks; VGGIS6,
Visual Geometry Group Networkl16; CNN, Convolutional Neural Network;
FPN, Feature Pyramid Network; Rol, Region of Interest; CC, composite
connection; AHLC, Adjacent high-level composition; AP, Average Precision;

IoU, Intersection over Union.
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performance computers (Yamamoto et al., 2014; Haseeb et al.,
2020) can greatly reduce labor costs and improve detection
accuracies. Therefore, it is important for growers to make
orchard patrol plans according to the growth of citrus green
fruit, and analyzes the pictures of citrus orchard taken by the
camera using deep learning algorithm, so as to obtain the current
number of citrus green fruits, so that growers can determine the
yield of fruit trees and carry out timely fruit thinning operation.

Machine learning is used to accomplish the task of
classification. Through supervised learning, fitting of a model
to data (or a subset of data) that have been labelled- where there
exists some ground truth property, which is usually
experimentally measured or assigned by humans (Greener
et al., 2022). Subsequently, this model is used to map all the
inputs into the corresponding outputs and make a simple
judgment on the outputs for prediction and classification,
which also has the ability to predict andclassify the unknown
data. Yoosefzadeh et al. (Yoosefzadeh Najafabadi, 2021)
implemented ML algorithms in GWAS, investigated the
potential use of RF and SVM algorithms in GWAS to detect
the associated QTL with soybean yield components, which
would be beneficial to select the superior soybean genotypes.
Therefore, integrating artificial intelligence and computer vision
technology to establish a citrus green fruit stage detection model
would be an effective smart agriculture approach (Yang et al,
2021) for detecting citrus (Rakun et al., 2011; Lin et al., 2019).

For target detection and recognition of citrus fruits,
traditional machine learning methods mainly use learning
algorithms such as edge detection algorithms, watershed
segmentation algorithms, and support vector machine
algorithms (Kurtulmus et al., 2011; Lu and Hu, 2017; Peng
et al,, 2021). Such methods design feature extraction algorithms
for the color, texture, and shape of crops or agricultural products
(Li et al, 2017), segment relevant features in steps, and
accurately locate targets in images (Wang L et al., 2022). For
example, (Dorj et al., 2017) proposed a color feature-based citrus
yield estimation algorithm.
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Based on the automatic watershed algorithm, distance
conversion and marker control methods have been introduced,
which can better segment the individual citrus fruits in images.
(Hu, 2018) improved machine learning-based citrus green fruit
detection by using the local binary method and the maximum
stable polar region algorithm to extract the color images in the
region of interest, using the Hough transform to fit each level of
contour lines to obtain a hierarchical circular target, and finally,
performing a fitted circle nested analysis to obtain the citrus
green fruit target. The above methods describe individual
features of field crops in color, texture, and shape space to
achieve target and background segmentation.

These traditional field crop detection methods require high
background complexity of the input image, and their
performance on complex and diverse agricultural orchard
scenes is limited. In addition, these methods perform feature
extraction on a single scale and fail to produce high-accuracy
detection results. Instance segmentation algorithms provide
pixel-level target detection methods for solving the problem of
inaccurate classification due to individual deformation of targets
of the same category in target detection methods and achieving
the detection of different individuals of targets of the same
category (Liu et al., 2018; Wang et al., 2020; Jia et al., 2021).
The most widely used instance segmentation algorithm is the
Mask-RCNN (He et al., 2017) algorithm (Wang et al., 2016),
which applies the extended convolution method to the Res4b
module of ResNet, which is the backbone network of Mask-
RCNN, for the recognition and localization of poplar plum in
the natural environment to achieve accurate recognition and
segmentation of poplar plum. Zhang Y et al. (Zhang, 2020) used
the Mask-RCNN algorithm with a Kinect V2 (Lachat et al,
2015) camera to acquire apple images under different
environmental conditions and to segment the generated apple
point cloud data (Wahabzada et al., 2015). Deng Y et al. (Deng
et al,, 2020) achieved efficient detection of dense small-scale
citrus flower targets in complex structured images and acquired
the number of visible flowers in images by optimizing the body
convolution part and the mask branching part of the Mask-
RCNN algorithm. The Mask-RCNN algorithm has high-
efficiency detection performance and high operability and is
widely used in various field crop detection and segmentation
(Santos et al., 2020) tasks. It is an important tool for
implementing instance segmentation tasks in agriculture.

Current research has focused on target recognition of ripe
citrus yellow fruits, and less research has been conducted on the
detection of citrus green fruits (Zhao et al, 2016), but it is
important to accurately identify citrus green fruits and define
the citrus green fruit stage. Compared with ripe citrus yellow fruits,
citrus green fruits are more difficult to recognize. The reasons are
as follows: (1) citrus green fruits are difficult to distinguish because
their color is similar to the background under natural light (2)
under natural conditions, citrus green fruits are small in size and
occupy very few pixels in the image (3) citrus green fruits overlap
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each other and thus are easily blocked by leaves, branches and
other background objects, which is difficult to detect. Therefore,
we need to more accurately extract the inherent characteristics of
citrus green fruits, fuse the multiclass features of citrus green fruit,
and use efficient feature extraction methods to improve the
accuracy of citrusgreen fruit detection and segmentation.

Deep convolutional neural networks are constantly evolving,
and many backbone networks are able to integrate low, medium
and high level features and then perform end-to-end
classification. They have excellent feature extraction capability
for image classification tasks, and common backbone networks
are VGG, Resnet, etc. In neural networks, each channel needs to
do convolution operation with a convolution kernel, and then
the results are summed to get a feature map output. The feature
map contains the feature information of the image, and the
number of channels is positively related to the number of feature
maps. The more channels, the more convolutional layers are
needed, and the more computation is required, so reducing the
number of channels is beneficial to the computation speed.

This study selects citrus green fruits in the natural
environment as the research objects due to the limited accuracy
of traditional target detection algorithms for detecting citrus
green fruits in complex backgrounds. Based on an improved
version of the pixel-level instance segmentation algorithm Mask-
RCNN (Fan et al,, 2021), a citrus green fruit detection method is
designed by introducing CB-Net (Composite Backbone Network)
(Liu et al, 2020). The method involves assembling multiple
identical backbones using composite connections between
adjacent backbones to form a more powerful backbone. This
helps increase the feature information that is extracted at each
stage in the backbone network. Then, a combined connection
block is introduced to reduce the number of channels and
improve the model accuracy. This method can effectively
mitigate the problem that the citrus green fruit color is similar
to the background color, which reduces the detection accuracy.
The proposed algorithm is pretrained by combining the data of
citrus green fruit images that were captured from multiple angles
using a camera and cloud platform with the training weight file of
the Mask-RCNN algorithm on the COCO dataset. Then, the
algorithm is formally trained and tested on the collected citrus
green fruit images for evaluation. This study provides a research
basis for the tasks of detecting and dividing citrus green fruits
under natural conditions and the development of intelligent and
unmanned operations for citrus green fruit thinning, and it
broadens the research scope of intelligent agriculture in the
field of citrus flower and fruit preservation. It is important to
improve the efficiency of citrus operations and promote the
development of citrus production.

In this study, the image data of citrus green fruit under real
natural environment was collected, and the corresponding data
enhancement processing was carried out to construct a citrus green
fruit data set. Based on the Mask-RCNN algorithm, CB-Net with
deep and shallow fusion was innovatively combined with the
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traditional feature extraction network ResNet to fuse the multilayer
features of citrus green fruits. Then, the proposed model was
compared with the traditional model in detail. Theresults showed
that the proposed algorithm based on the improved Mask-RCNN
has improved citrus green fruit detection accuracy and speed.

The main contributions of this study are as follows:

(1). Based on the strategy of feature fusion, an instance
segmentation method is proposed for reducing the influence
between citrus green fruit features and irrelevant features.

(2). We construct a novel Mask-RCNN model using CB-Net
(a composite backbone network) to fuse the multilayer features
of citrus green fruits so that the model can focus more on the
obvious regions and more detailed features in each image.

(3). The performance of the proposed model in detecting
different individuals under the same class of target to obtain the
morphology of citrus green fruits in advance is evaluated.

2 Materials and methods

2.1 Study area

Sugar tangerine is an important variety in China’s citrus
industry. Its main production area is South China, and it has
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high edible value. Its growth stage is similar to that of ordinary
citrus. The cultivation of sugar tangerine has high environmental
requirements, and sugar tangerine has poor resistance to insects
and diseases. It is necessary to observe the growth of each tree for
a long time to supplement nutrients in time and promote the
normal development of flowers, fruits, and leaves
(Rahnemoonfar and Sheppard, 2017). Using computer vision
to detect citrus green fruit targets requires high-resolution
images and imaging data to study the important shape
features of citrus green fruit and to finally evaluate the
accuracy of the results. The experimental site for this study is
located in the research and development demonstration base for
Green Plant Protection of Citrus HLB (Huanglongbing) and
New Cultivation Modes in Jingshuilong Village, Yangcun Town,
Boluo County, Huizhou City, Guangdong Province (N23°
29’57.817—N23°29'59.317,E114°28°8.39”—E114°28’12.26”). It
is 40 m above sea level, and the local climate is mild and
humid, which is suitable for the planting of citrus and other
fruit trees. The crop varieties in this test area are all sugar
tangerines. There are 334 citrus plants in the test area, with 9
rows, a row spacing of 4 m, and a column spacing of 2.5 m. In the
natural light environment, visible image data of citrus green
fruits were collected in July 2020. The citrus experimental site is

shown in Figure 1.

Study Area: (A) Geographical location of the study area and (B) the citrus test base.
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2.2 Test data

2.2.1 Test data collection

To improve the quality and diversity of citrus green fruit
images, the modes of the collection were as follows: 1. A manual
hand-held camera (Model D7100, APS-C frame camera of
Nikon, Japan) was used to take multiangle visible images of
citrus green fruits at a distance of 2-3 m from the canopy of the
citrus tree, which produced JPEG images with a resolution of
4928%3264; 2. A wireless zoom camera (Hikvision 3T27EWD)
was called in the orchard through the cloud platform. This zoom
camera has a 1/2.7 largetarget sensor. At a distance of 5-10 m
from the canopy of the citrus tree, we used it for remote real-
time acquisition of visible images of citrus green fruits, which
produced JPEG images with a resolution of 1280x720. The data
acquisition mode diagram is shown in Figure 2. Finally, 200 and
357 citrus green fruit images were collected using the hand-held
camera and cloud platform, respectively, for a total of 557
images. The number of citrus green fruits in each image was
1-10. To obtain a unified data format, the picture resolution was
compressed to 1280x720. Figure 3 shows citrus green fruit
picture data that were collected by the two data collection modes.

2.2.2 Data processing

The data in supervised learning needs to be classified in
advance, and its training samples contain both feature and label
information. Therefore, a method based on improved Mask-
RCNN for constructing citrus green fruit dataset is proposed.
First, Labelme (Russell et al., 2008) data labeling software is used
for instance labeling of citrus green fruit individuals, and the
interface of the data labeling software is shown in Figure 4. The
top of the software is the menu bar, the left side is thetoolbar,
including open file or folder, select the current picture before and
after the picture file, save the annotation file, select the
annotation method, etc., a picture annotation area in the

Surveillance
camera 4G

el — =

10.3389/fpls.2022.946154

middle, and the right side is the picture and the annotation
name, category and other information. When labeling, select
polygon labeling method to manually mark the citrus target with
dense dotting, and mark the visible citrus target area.

The citrus green fruit of each monomer is regarded as a class.
When there are multiple citrus targets in the Figure 4, the labels
are set to “cirtusl”, “cirtus2”, “cirtus3”, and so on. When the
labeling of an image is completed, a json label filewith the suffix
“json” is generated, which records the version number of
Labelme software, the label of each citrus green fruit labeled
and the pixel coordinates of the corresponding labeling point.

In this study, we fully consider the various shapes in the
environment in which the citrus green fruits are located in the
sample annotation process and ignore the citrus targets that are
obscured by more than 70%. The method can accurately obtain
the citrus green fruit target locations and reduce the interference
of citrus green fruit with obscured feature information in images
with complex backgrounds. A total of 3273 Citrus green fruit
samples are labeled.

In this study, data augmentation is used to improve the
network learning and generalization ability of the network
model. We mainly use image rotation, image horizontal
flipping, vertical flipping, and horizontal-vertical flipping as
data augmentation methods. Rotating and flipping images can
improve detection performance. Meanwhile, hybrid
augmentation is designed to address the limitation of the
overdependence of the model on the dataset. The mixture of
different classes of samples in the dataset is used to generate new
samples, which enhances the linear expression among different
classes of samples and improves the robustness against the
samples. The size of the amplified dataset is 2228.
Furthermore, the dataset is randomly divided into a training
set, validation set, and test set at a ratio of 6:2:2 for training,
tuning, and testing. A flow chart of the data preprocessing is
shown in Figure 5.

) =
_ )

platform

Handheld
camera Server

FIGURE 2
Data acquisition mode diagram
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FIGURE 3

Citrus green fruit images. (A) Pictures of citrus green fruit that were captured with a manual handheld camera and (B) pictures of citrus green
fruit that were obtained by the cloud platform.
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FIGURE 4
Data annotation interface.
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Data pre-processing flow chart.

2.3 Mask-RCNN

In deep learning, the semantic information includes the
texture, color, or category of the target in the image, the richer
the semantic information, the stronger the correlation between
each pixel point and the surrounding pixels in the image. In the
process of citrus green fruit recognition, it is necessary to
preserve and integrate the feature maps with different
resolutions that are generated by the feature extraction
network in each convolution stage to generate feature maps
with rich high-resolution semantic information.

This is especially beneficial for improving the recognition
rate of green fruits and distinguishing the subtle features of fruits
and leaves. In the current research, the RPN structure that is
proposed by Faster-RCNN (Ren et al., 2015; Sa et al, 2016;
Apolo-Apolo et al, 2020) has advantages in terms of model
accuracy and training prediction speed, but traditional
unidirectional networks such as ZFNet (Fu et al, 2018) and
VGG16 (Qassim et al., 2018) are adopted by the CNN feature
extraction network to convolve and sample the original images
with high resolution and weak semantic information from top to
bottom and finally generate feature maps with low resolution
and strong semantic information. When the target shape or
feature difference in the image is small, a low-resolution feature
map will easily lose the feature information of small targets,
thereby resulting in a decreased recognition rate and missed
detection of the small target, among other effects.

The Mask-RCNN model is based on Faster-RCNN with the
addition of a semantic segmentation branch for outputting the
mask of the target and adjusting the training parameters through
the loss function to achieve deep learning of image features. The
Mask-RCNNalgorithm introduces a feature pyramid network
into the CNN feature extraction network (Lin et al., 2017) and
uses a ResNet network that is based on residual learning as the
feature extraction network. In contrast, FPN in the Mask-RCNN
algorithm fuses multiple feature scales and semantic
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information, which can realize multiscale feature extraction
and fusion of images.

Mask-RCNN adds a mask prediction branch to the target
detection algorithm Faster-RCNN and performs convolution
and fully connected operations on the feature map in parallel
with the bounding-box regression branch and classification
branch. Moreover, it uses the Rol Align (Wang and He, 2019)
method instead of Rol Pooling (Liu et al., 2017) of Faster-RCNN
to enhance the pixel-to-pixel correspondence between network
inputs and outputs, reduce the error of the bounding-box
regression, and improve the target detection accuracy (Li et al.,
2020). Based on the above features, Mask-RCNN enhances the
feature information between citrus green fruit and the
background in the process of detecting citrus green fruit,
which is helpful for reducing the difficulty of citrus green fruit
detection and segmentation. Therefore, this study explores the
high-resolution optimization of feature maps in citrus green fruit
detection based on the advantages of Mask-RCNN, which fuses
multiple feature scales and semantic information to achieve
multiscale feature extraction and fusion of images (He
et al., 2020).

2.4 The proposed algorithm

The feature extraction network extracts the shape features of
citrus green fruit by a convolution operation and builds a
multilayer neural network model to realize the recognition and
localization of citrus green fruit in images. However, in the
actual scene, the citrus green fruit and the leaves are similar in
color, and some of the leaves are also round-like in outline,
which makes it difficult for the model that is built by a single
feature extraction network to distinguish the feature information
of the citrus green fruit and background, which increases the
difficulty of detection and segmentation of citrus green fruit.
Instance segmentation has both the characteristics of semantic
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segmentation and target detection. The region where the
instances are located is identified by the target detection
method, and then semantic segmentation is performed within
the detection frame, and each segmentation result is output as a
different instance. Since citrus green fruits differ from leaves in
shape and color by subtle features, it is necessary to design a deep
and shallow feature extraction network with both extraction and
fusion functions in order to describe the inherent features of
citrus green fruits more accurately. The improved algorithm is
used to further extract phenotypic features such as shape and
color of citrus green fruits under a green background. At the
same time, the object detection is further refined to fuse the
multiple classes of features of citrus green fruits. Then, the
extracted multi-scale feature information is used to separate
the detection object from the background and achieve accurate
segmentation at the pixel level.

In this study, based on the Mask-RCNN network structure,
CB-Net is introduced. CB-Net provides a highly effective feature
extraction method for target detection and instance
segmentation algorithms based on the strategy of composite
connection, which is a worthwhile optimization strategy for
tasks in which detection is difficult and the feature effect is not
obvious. In this study, we expect the improved algorithm to
effectively identify citrus green fruits in similar background
environments and obtain better model accuracy at the expense
of the time cost of model training and prediction.The overall
structure of the Mask-RCNN model that incorporates the CB-
Net strategy is illustrated in Figure 6. The backbone network
consists of a feature extraction network that uses the ResNet +
CB-Net network and backbone, RPN, and an ROI head. The
input citrus green fruit images are compressed and passed into
three branches of the improved feature extraction network.
ResNet based on CB-Net is used to extract and fuse multiple
phenotypes of citrus green fruit, and the expression ability of

10.3389/fpls.2022.946154

multiscale features is enhanced by FPN. Furthermore, the
feature maps are generated and corrected for candidates
bound by the RPN and ROI align modules. Finally, three
prediction branches of regression, classification (Li et al., 2019)
and masking are used for the detection and segmentation of
citrus green fruit. The joint loss function of Mask-RCNN is used
to optimize the parameters in the model training process.

The improved Mask-RCNN uses the ResNet + CB-Net
network as the feature extraction network, and the structure
of the network is illustrated in Figure 7. The design strategy
is that ResNet50 or ResNetl01 (Hong et al., 2020) is iterated
many times,and a composite connection module is used between
each ResNet block for transverse propagation of the feature
maps, which can effectively increase the amount of feature
information that is extracted at each stage in the backbone
network and improve the performance of citrus green fruit
detection in similar background environments.

The stage names of each ResNet network are Ci-j in Figure 7,
where i denotes the i-th ResNet network and j denotes the j-th
stage. The CC module is a composite connection module, and
the numbers of channels for 1x1 convolution in CC1, CC2, CC3,
and CC4 are 64, 256, 512, and 1024, respectively.

A single ResNet network has fixed requirements for the size
of the input images. Before images are input to the ResNet
network, they need to be resized. In this study, the original
images of citrus green fruit are resized to 1024x1024x3 as the
first-stage input of each ResNet network. As the depth of the
network increases, the size of the feature maps decreases, and the
output size of stage Cl is 256x256x64, that of stage C2 is
128x128x256, that of stage C3 is 64x64x512, that of stage C4
is 32x32x1024, and that of stage C5 is 16x16x2048. An
important parameter of ResNet + CB-Net is the number of
network iterations. With the increase in the number of network
iterations, the final extracted feature information becomes

CONVIXL

Classfication

Box regression |

ROI Align

FIGURE 6
The structure of Mask-RCNN model integrating CB-Net idea.
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richer, and the model expression ability improves gradually. next ResNet network. In one connection, we assume that the
When the number of iterations reaches a threshold value, the output of stage i of the first ResNet network is O1 (i). After a
improvement in the network accuracy decreases gradually, and composite connection with C(-), O1 (i) is superimposed with the
as the number of iterations is further increased, the network output of stage i-1 of the second ResNet network as the input 12
accuracy improvement becomes close to zero. The number of (i) of Phase i of the second ResNet network. Then, the output O2
iterations is linearly related to the time of model training and the (i) of Phase i of the second ResNet can be obtained by Formula 1,
capacity of the physical memory that is occupied by the where F(-) is a convolutional operation of stage i.

hardware. When the accuracy of the network reaches the

saturation condition, increasing the number of iterations has 0,()) = F(L () = F(C(O1()) + Ox(i =1),i 2 2 M

little benefit in terms of the accuracy but greatly reduces the To further demonstrate the process of lateral transmission of
operational efficiency of the model and increases the ratio of feature information, the output of C1-2 is transmitted to the
the storage space that is occupied by the model. To ensure that second ResNet network through a composite connection module
the entire network is highly efficient, the number of iterations is as an example (Figure 8). C1-2 is the second stage of the first
set to 3; that is, three identical ResNet networks are used ResNet network, so its output feature map size is 128x128x256.
for connections. The number of channels of the feature map is downsampled by

The network adopts AHLC mode for composite CC1 with a 1x1x64 convolution, and the size of the output
connections. The composite connection module consists of a feature map is 128x128x64. In addition, to perform linear
convolutional layer with a convolutional kernel of size 1x1, a summation with the output feature map of C2-1, the length
batch normalized layer (loffe and Szegedy, 2015), and an and width parameters of the feature map are further upsampled.
upsampling module. The 1x1 convolutional operation changes Then, the size of the output feature map of CCI is 256x256x64,
the number of channels. Batch normalization can improve the which is the same as the size of the output feature map of C2-1.
model efficiency and reduce regularization processing. The To generate multiple outputs from the backbone, a composite
upsampling module changes the size of the feature image for connection module is introduced. This module consists of a 1x1
linear matrix superposition with the convolutional layer of the convolutional layer and a batch normalization layer. These
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FIGURE 8
Composite connection module.

layers are added to reduce the number of channels and to
perform an upsampling operation to increase the feature
image resolution and improve the model accuracy. To further
demonstrate the process of lateral transmission of feature
information, the output of CI-2 is transmitted to the second
ResNet network through a composite connection module as an
example (Figure 8) C1-2 is the second stage of the first ResNet
network, so its output feature map size is 128x128x256. The
number of channels of the feature map is downsampled by CC1
with a 1x1x64 convolution, and the size of theoutput feature
map is 128x128x64. In addition, to perform linear summation
with the output feature map of C2-1, the length and width
parameters of the feature map are further upsampled. Then, the
size of the output feature map of CCl1 is 256x256x64, which is
the same as the size of the output feature map of C2-1.

To obtain the RPN structure and the feature maps that are
required for the ROI prediction branches, P2~P5 of the output of
the last ResNet network are input into the FPN.

2.5 Performance evaluation metrics

In this study, precision rate (P), recall rate (R), and
precision-recall curve (PR) are used as evaluation metrics.
Precision refers to the prediction result, which is defined as
the number of targets that are true positive examples among the
targets predicted as positive examples. Recall refers to the sample
data, which is defined as the number of targets that are predicted
as positive examples among the targets predicted as positive
samples. In equations 2 and 3, TP denotes the number of positive
samples with correct predictions, FP denotes the number of
positive samples with incorrect predictions, and FN denotes the
number of negative samples with incorrect predictions. The PR
curves allow us to analyze the dynamic trends of the accuracy

Frontiers in Plant Science

10

rate and recall rate on the whole data set and compare the
performance of different models on the same data set. The
calculation formulas are as follows:

TP

Pz 2)
TP + FP
TP
R=——— 3
TP+ FN ®

AP summarizes the shape of PR curve from the numerical
level, and its value is the average of accuracy at the recall level
with equal intervals of 0 to 1. The calculation formula is:

1
AP(c) = / Precision rate(c) dRecall rate(c) (4)
0

where C represents the goal of a category. In order to
evaluate the effectiveness of the proposed Citrus green fruit
detection method, the precision-recall curve and average
accuracy AP50 and AP75 are used as evaluation indexes. AP50
and AP75 represent the average accuracy when IoU threshold is
set as 50 and 75.

2.6 Model training and testing

The computer hardware configuration parameters that are
used in this test are as follows: The operating system is
Ubuntul8.04, the processor is an Intel Xeon(R) CPU E5-2620
V4 @ 2.1 GHz x16, and the memory is 64 GB. The graphics
processing unit (GPU) is a GTX TIAN X.

Migration learning (Shilei et al., 2019) is a machine learning
method for knowledge domain migration. The core strategy is as
follows: Knowledge models of mature domains, which are
obtained by algorithms learning on massive data for a long
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time, are applied to the model training of new domains, where
the similarity between data and domains is used to share
parameters with models of new domains to reduce hardware
resource consumption, while migration learning builds rich low-
level semantic featuresfor the models and guides the models to
learn appropriate weighting parameters parameters (Yin et al,
2020). The citrus green fruit dataset that is collected in this study
is obviously insufficient to support the data size that is required
for learning the parameters from no initial information.

Based on the above strategy, this study utilizes the pretraining
weights of the Mask-RCNN algorithm on the COCO dataset to
pretrain the model in the initial stage of model training and then
fine-tunes the model using the citrus green fruit dataset that
isestablished in this study (Wang and Xiao, 2021). The training is
backpropagated using minibatch gradient descent (MBGD) to
optimally update the model parameters. During training, the
batch size is set to 2, and the network model initialization learning
rate is set to 0.001. It lasts for 30 epochs in total. After training, the
loss values of the model are recorded after each iteration, and the
correlation curves between the number of iterations and the loss
values are plotted to analyze the accuracy change and
convergence of the model during training. The final converged
model is saved, and then model prediction is performed on the
test set. The average precision, accuracy, and recall are calculated
and saved, and the PR curve is plotted to analyze the
generalization ability of the model.

3 Results

3.1 Performance comparison of different
algorithms

To evaluate the effectiveness of the data enhancement
method in solving the overfitting problem, the Mask-RCNN
algorithm is used for training and testing on the citrus green fruit
images before and after data enhancement. After training on 557
original images, the model has an AP value of 71.31% on 446 test
set images, and after training on 1782 images with data
enhancement, the model has an AP value of 92.47% on 446
test set images, as presented in Table 1.

Based on the data-enhanced citrus green fruit dataset, the
Mask-RCNN algorithm integrated with CB-Net is compared with
the traditional Mask-RCNN algorithm. ResNet50 and ResNet101

TABLE 1 Data enhancement test results.

Models AP
Mask-RCNN (original) 71.31
Mask-RCNN (enhanced) 92.47

AP: Average Precision.
Bold values represent the best indicators in the current table.
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are selected as the feature extraction backbone networks. Four
groups of experiments are conducted, namely, Mask-RCNN
+ResNet50, Mask-RCNN+ResNet101, Improved Mask-RCNN
+ResNet50, and improved Mask-RCNN+ResNet101.

The loss value variance curves of the four groups of tests are
shown in Figure 9. The loss values of all four models eventually
converge between 0.4 and 0.5, and the four models reach better
values within 30 training iterations.

3.2 Comparison of improved model with
other models

To evaluate the performance of the proposed model, training
is performed on the citrus green fruit dataset that is constructed
in this study, and the improvement points are compared one by
one. The results are presented in Table 2. The average accuracy
of the improved Mask-RCNN+ResNet50 model on the citrus
green fruit dataset that is built in this study is 95.36, which is
1.42%, 3.13%, and 2.17% better than those of the other three
models. The results from the segmentation prediction are
visualized in Figure 10. The number of real citrus green fruits
in the original image is 5. The improved Mask-RCNN+ResNet50
model correctly and completely identifies all citrus green fruits.
The other three models misjudge the green leaves as citrus green
fruits or miss the detection of citrus green fruits. Among them,
the Mask-RCNN+ResNet50 model misjudges 3 and misses 1, the
Mask-RCNN+ResNet101 model misjudges 5, and the improved
Mask-RCNN+ResNet101 model misses 1. The results show that
the improvedMask-RCNN+ResNet50 model greatly improves
the accuracy of the detection and segmentation of citrus
green fruit.

The two-stage target detection algorithm usually first uses
the algorithm (selective search or region proposal network, etc.)
to extract candidate frames from the image, and then performs
secondary correction on the candidate frame target to obtain the
detection result. Therefore, the accuracy of candidate frame
selection is particularly important for the target detection task.
In the feature extraction stage, this study mainly uses the
adoption of FPN to enhance the expression of multi-scale
features of citrus green fruits. In a further step, the feature
map is passed through the RPN and ROI Align modules to
generate and correct candidate frames. In order to verify the
accuracy of the candidate frames of the improved model, we
calculate the accuracy and recall rates of the four groups of
experiments on the test set and plot the PR curves, as shown in
Figure 11. The area that is enclosed by each PR curve and the
coordinate axes reflects the accuracy of the candidate frame.
When the area is larger, the confidence of the candidate bound
that is predicted by the model is higher. The areas that are
enclosed by the PR curve and the coordinate axes of the four
models are calculated, and the results are presented in Table 3.
The area that is enclosed by the PR curve and the coordinate axes
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Mask-RCNN+ResNet50.

of the improved Mask-RCNN+ResNet50 model is 0.9673, which
is 0.3%, 1.3%, and 1.2% larger than the areas of the other
three models.

4 Application case study

Citrus green fruit thinning assisted identification detection
was conducted in the citrus orchard using the improved model
that was suggested in this paper and transplanted to NVIDIA
Agx Xavier. The citrus orchard is located in Mutan Village,
Zengcheng City, Guangdong Province, China (as shown in

TABLE 2 Prediction results of four sets of trials.

Models AP5() AP75
Mask-RCNN+ResNet50 94.03 92.17
Mask-RCNN+ResNet101 92.47 89.87
Improved Mask-RCNN+ResNet50 95.36 93.45
Improved Mask-RCNN+ResNet101 93.34 91.68

APsp: The IOU threshold is 0.5.
AP;5: The 10U threshold is 0.75.
Bold values represent the best indicators in the current table.
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Figure 12A). The specific parameters of the equipment used
are as follows: NVIDIA Agx Xavier, the processor model is 8-
core ARM v8.2, the memory model is eMMCS5.1, the size is
32GB, and the GPU (Graphics Processing Unit) is 512-core
Volta GPU with Tensor Cores. High-definition camera (Daipu
DP-UK100), the size of HDCMOS sensor is 1/2.8 inches, the
effective pixel is 2.1 million, and it can shoot 1080P ultra-high-
resolution images.

Before deploying the model with an edge smart station, it is
necessary to initialize the edge smart station. In order to facilitate
subsequent debugging and development, the Jetpack component
library is used to reinstall the Agx Xavier system. The reinstalled
operating system is Ubuntu 18.04, with GPU acceleration
application tools such as CUDA 10.2.89 and Cudnn 8.0.0.180,
and visual computing tools such as OpenCV and Vision Works.
On this basis, according to the CUDA version, install thedeep
learning environment required by Mask RCNN. The
environment is as follows: Tensorflow gpu 1.15.0, keras 2.1.3,
scikit image. Then, we connect the high-definition camera to the
edge smart station through the USB interface, and configure the
camera interface. We use the OpenCV toolkit to obtain the real-
time image data of the camera, and call the model to detect each
image acquired in real time.
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Place Agx Xavier and the camera on a tripod at a distance of
2-3 meters from the citrus canopy and 1.6 meters above the
ground (as shown in Figure 12B). A total of 10 collection points
were set up in the orchard, and the focal length and angle of the
camera were adjusted according to the position of the equipment
and the green fruit. The camera took 2 hours each time. Both
data collection and model reasoning were processed on Agx
Xavier, and the processed results would be analyzed by the
systemto further give fruit thinning decision-making
suggestions. The overall flow chart is shown in Figure 12C.
After the improved model was transplanted to Agx Xavier, the
recognition of green fruits was in line with the performance
indexes achieved during the model training test, and the
inference time was 0.939 seconds, which could satisfy the
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demand for automatic green fruit recognition in citrus orchard
thinning operations.

The equipment need to be manually moved about to collect
various tree plants because it is mounted on a fixed tripod with a
small field of view. In order to expand the applicability of the
system in the future and further increase the robustness and
feasibility of the system, the improved model proposed in this
paper can be deployed on an unmanned vehicle in the future (as
shown in Figure 12D). The method is as follows, an NVIDIA
Agx Xavier that has been ported with an improved model and a
HD camera is built on the unmanned vehicle. Then, by manually
setting fixed trajectories in citrus orchards in advance, the
unmanned vehicle will move along the preset trajectories when
performing the task of citrus green fruit yield detection in citrus
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PR curves of the four models.

orchards. During the task, the following operations are repeated:
(1) the unmanned vehicle is stationary once every 2 minutes (2)
the HD camera takes pictures to obtain real-time image data (3)
Agx Xavier invokes the model to detect each image obtained in
real time. This enables the acquisition of image data of the whole
orchard with low labor cost.

5 Discussion

To address the problem of difficult identification of citrus
green fruits in the natural environment, an instance
segmentation method based on the strategy of feature fusion is
proposed for reducing the influence between citrus green fruit
features and irrelevant features, and we construct a novel Mask-
RCNN model using CB-Net (a composite backbone network).
The generalization ability of the neural network was improved
by constructing the green citrus dataset and a series of dataset
preprocessing operations. Second, a combined connection block
is introduced to reduce the number of channels and improve the

TABLE 3 Areas that are enclosed by the PR curves and coordinate
axes of the four models.

Models Areas
Mask-RCNN+ResNet50 0.9638
Mask-RCNN+ResNet101 0.9549
Improved Mask-RCNN+ResNet50 0.9673
Improved Mask-RCNN+ResNet101 0.9556
Bold values represent the best indicators in the current table.
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model accuracy. The accuracy of the final trained model on the
test set is 95.36%, which is higher than that of Mask-RCNN. This
indicates that the improved model can more accurately identify
more citrus green fruits.

To further verify the effectiveness and feasibility of this
method, the performance of the proposed model in detecting
different individuals under the same class of target to obtain the
morphology of citrus green fruits in advance is evaluated.
Compared with the original method, the average detection
accuracy of the improved Mask-RCNN model is 95.36%,
increased by 1.42%, and the area surrounded by precision-
recall curve and coordinate axis is 0.9673, increased by 0.3%.
The loss values of all models eventually converged between 0.4
and 0.5. The results show that compared with Mask-RCNN
model, data augmentation can solve the model overfitting
problem that is caused by the small amount of data. By fusing
the multi-layer features of Citrus green fruits, the improved
model can pay more attention to the obvious regions and more
detailed features in each image, so as to improve the accuracy of
citrus green fruit detection and segmentation.

Under the conditions of this study, the loss value of the
ResNet50 network converged slightly faster than that of the
ResNet101 network, and the model accuracy of the ResNet50
network was 1.93% higher than that of the ResNet101 network.
The reason for this phenomenon is that the parameter scale of
ResNet101 is larger than that of ResNet50, and the loss value is
related to the update speed of the weight parameters. Compared
with the multicategory and multi scene target detection task, the
semantic information of the citrus green fruit images that were
collected in this study is not obvious, and the low level of
demand for rich semantic features that are generated at higher
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unmanned vehicle for citrus green fruit dynamic detection.

stages results in data-level limitations,the feature maps with too
many semantic features results in model overfitting. Therefore,
the improved Mask-RCNN +ResNet50 model had better
inference results on the test set, thereby indicating that the
model had more accurate fitting and better generalization ability
for single citrus green fruit characteristics.

Based on the improved model proposed in this study, we
carried out the assisted recognizing detection of citrus green fruit
thinning. The results show that when the improved model
proposed in this paper is applied in the field, the accuracy meets
the training effect, and the average inference time of the system is
0.969s, which meets the requirements of real-time detection. The
improved model proposed in this paper has good generalization
ability and can be practically applied to the identification of citrus
green fruits in citrus orchards. The inference results can further
help the development of fruit thinning in orchards.

Based on the observations of this study, the designed model
has various limitations. In a more complex citrus orchard scene,
the overlap effect cannot be ignored when the number of
recognized citrus green fruits is large and the pixel sizes do not
differ much. In the next step of research, we need to further
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differentiate the analysis and training for different scenes, and the
model will be lightly modified to further improve its
generalization ability to enhance its detection accuracy and speed.

6 Conclusions

Using computer vision technologies to establish a citrus
detection model and realize the real-time processing of orchard
images through sensor systems and high-performance computers
is an important development trend of smart agriculture in citrus
detection at present. This study designed a citrus green fruit
detection method based on improved feature network extraction.
Citrus green fruits were selected as the research objects. To ensure
the accurate detection of different individuals of the same target
category in the collected images in the actual detection and
recognition process, based on the Mask-RCNN algorithm, CB-
Net with deep and shallow fusion was innovatively combined
with the traditional feature extraction network ResNet to fuse the
multilayer features of citrus green fruits. Then, the proposed
model was compared with the traditional model in detail.
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The improved model that was proposed in this study showed
an average accuracy of 95.36 on the citrus green fruit dataset that
was established in this study, and the accuracy of the model
increased by 1.18% after the same feature extraction network
was integrated into CB-Net. The improved model has higher
ability to express the characteristics of citrus green fruits and
reduces the interference of complex image backgrounds in citrus
green fruit instance segmentation, and the detection accuracy
has exceeded the basic accuracy requirements. Compared with
the current common algorithms, the improved model has
accuracy advantages and edge erection feasibility. In a data
enhancement contrast test, it was verified that the data
enhancement method that was proposed in this study can
solve the overfitting problem that is caused by the limited
amount of data. The results showed that the proposed
algorithm based on the improved Mask-RCNN has improved
citrus green fruit detection accuracy and speed. A performance
comparison of the Mask-RCNN algorithm before and after the
improvement showed that the optimal model for citrus green
fruit detection and segmentation is the improved Mask-RCNN
+ResNet50 model. The results showed that the ResNet50
network with low-level semantic information performed better
on the dataset in this study. CB-Net promotes the extraction and
fusion of features and further improves the generalization ability
of the model to unknown data.

In the future, the citrus green fruit detection and
segmentation model can be further applied to an edge
intelligent platform with high computing power. The
deployment of the model at the edge is another important
strategy for citrus orchard data transmission. It can provide
technical support for the management and control system of the
citrus key growth period and provide a reference for the
realization of scientific and unmanned farm construction.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

References

Apolo-Apolo, O., Martinez-Guanter, J., Egea, G., Raja, P., and Pérez-Ruiz, M.
(2020). Deep learning techniques for estimation of the yield and size of citrus fruits
using a UAV. Eur. J. Agron. 115, 126030. doi: 10.1016/j.¢ja.2020.126030

Deng, Y., Wu, H,, and Zhu, H. (2020). Recognition and counting of citrus
flowers based on instance segmentation. Trans. Chin. Soc Agric. Eng. 36, 200-207.
doi: 10.11975/j.issn.1002-6819.2020.07.023

Dorj, U.-O., Lee, M., and Yun, S.-S. (2017). An yield estimation in citrus
orchards via fruit detection and counting using image processing. Comput.
Electron. Agric. 140, 103-112. doi: 10.1016/j.compag.2017.05.019

Fan, P., Lang, G., Guo, P,, Liu, Z,, Yang, F., Yan, B,, et al. (2021). Multi-feature
patch-based segmentation technique in the Gray-centered RGB color space for

Frontiers in Plant Science

16

10.3389/fpls.2022.946154

Author contributions

JLu conceptualized the experiments, selected the algorithms,
collected and analyzed the data. RY, CY and JLi wrote the
manuscript. HW and WC trained the algorithms and collected
and analyzed the data. XC, WW and YL supervised the project
and revised the manuscript. All authors discussed and revised
the manuscript. All authors contributed to the article and
approved the submitted version.

Funding

This work was supported by the Laboratory of Lingnan
Modern Agriculture Project (NT2021009), Basic and Applied
Basic Research Project of Guangzhou Basic Research Plan in
2022 (202201010077), The 111 Project (D18019), Guangzhou
Key R&D project (SL2022B03]J01345), The Open Research Fund
of Guangdong Key Laboratory for New Technology Research of
Vegetables (201704) and Guangdong Province Enterprise
Science and Technology Special Ombudsman
Project (GDKTP2020070200).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

improved apple target recognition. Agriculture 11, 273. doi: 10.3390/
agriculture11030273

Fu, L., Feng, Y., Majeed, Y., Zhang, X., Zhang, J., Karkee, M., et al. (2018).
Kiwifruit detection in field images using faster r-CNN with ZFNet. IFAC-
PapersOnLine 51, 45-50. doi: 10.1016/j.ifacol.2018.08.059

Greener, J. G., Kandathil, S. M., Moffat, L., and Jones, D. T. (2022). A guide to
machine learning for biologists. Nat. Rev. Mol. Cell. Bio 23, 40-55. doi: 10.1038/
541580-021-00407-0

Haseeb, K., Ud Din, I, Almogren, A., and Islam, N. (2020). An energy efficient
and secure IoT-based WSN framework: An application to smart agriculture.
Sensors 2081, 2081. doi: 10.3390/s20072081

frontiersin.org


https://doi.org/10.1016/j.eja.2020.126030
https://doi.org/10.11975/j.issn.1002-6819.2020.07.023
https://doi.org/10.1016/j.compag.2017.05.019
https://doi.org/10.3390/agriculture11030273
https://doi.org/10.3390/agriculture11030273
https://doi.org/10.1016/j.ifacol.2018.08.059
https://doi.org/10.1038/s41580-021-00407-0
https://doi.org/10.1038/s41580-021-00407-0
https://doi.org/10.3390/s20072081
https://doi.org/10.3389/fpls.2022.946154
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Lu et al.

He, K., Gkioxari, G., Dollar, P., and Girshick, R. (2017). “Mask r-cnn,” in
Proceedings of the IEEE International Conference on Computer Vision (ICCV).
2961-2969 (New York: NY: IEEE). doi: 10.1109/ICCV.2017.322

He, Z., Xiong, J., Chen, S., Li, Z., Chen, S., Zhong, Z., et al. (2020). A method of
green citrus detection based on a deep bounding box regression forest. Biosyst. Eng.
193, 206-215. doi: 10.1016/j.biosystemseng.2020.03.001

He, K., Zhang, X, Ren, S., and Sun, J. (2016). ““Deep residual learning for image
recognition”,” in Proceedings of the IEEE Conference on Computer Vision and

Pattern Recognition (CVPR). 770-778 (Las Vegas: NV). doi: 10.1109/CVPR.2016.90

Hong, S.-J., Kim, S.-Y,, Kim, E., Lee, C.-H,, Lee, ].-S., Lee, D.-S,, et al. (2020).
Moth detection from pheromone trap images using deep learning object detectors.
Agriculture 10, 170. doi: 10.3390/agriculture10050170

Hu, X. (2018). Detecting green citrus fruits on the trees based on vision
(Huazhong Agricultural University).

Toffe, S., and Szegedy, C. (2015). Batch normalization: Accelerating deep network
training by reducing internal covariate shift. arXiv e-prints arXiv 1502, 03167. doi:
10.48550/arXiv.1502.03167

Jia, W., Zhang, Z., Shao, W., Hou, S., Ji, Z,, Liu, G., et al. (2021). ). FoveaMask: A
fast and accurate deep learning model for green fruit instance segmentation.
Comput. Electron. Agric. 191, 106488. doi: 10.1016/j.compag.2021.106488

Kurtulmus, F., Lee, W. S., and Vardar, A. (2011). Green citrus detection using
‘eigenfruit’, color and circular gabor texture features under natural outdoor
conditions. Comput. Electron. Agric. 78, 140-149. doi: 10.1016/j.compag.2011.07.001

Lachat, E., Macher, H., Landes, T., and Grussenmeyer, P. (2015). Assessment
and calibration of a RGB-d camera (Kinect v2 sensor) towards a potential use for
close-range 3D modeling. Remote Sens. 7, 13070-13097. doi: 10.3390/rs71013070

Li, H., Chen, G., and Pei, A. (2020). Research on individual recognition of dairy
cows based on improved mask r-CNN. J. South. Chin. Agric. Univ. 41, 161-168.
doi: 10.7671/j.issn.1001-411X.202003030

Li, S., Hu, D., and Gao, S. (2019). Real-time classification and detection of citrus
based on improved single short multibox detecter. Trans. Chin. Soc Agric. Eng. 35,
307-313. doi: 10.11975/.issn.1002-6819.2019.24.036

Lin, T.-Y., Dollar, P., Girshick, R., He, K., Hariharan, B., and Belongie, S. (2017).
“Feature pyramid networks for object detection,” in Proceedings of the IEEE
conference on computer vision and pattern recognition. 2117-2125 (Honolulu,
HI: IEEE). doi: 10.1109/CVPR.2017.106

Linker, R., Cohen, O., and Naor, A. (2012). Determination of the number of
green apples in RGB images recorded in orchards. Comput. Electron. Agric. 81, 45—
57. doi: 10.1016/j.compag.2011.11.007

Lin, G,, Tang, Y., Zou, X, Li, ]., and Xiong, J. (2019). In-field citrus detection and
localisation based on RGB-d image analysis. Biosyst. Eng. 186, 34-44. doi: 10.1016/
j.biosystemseng.2019.06.019

Liu, Y., Wang, Y., Wang, S., Liang, T., Zhao, Q., Tang, Z., et al. (2020). “Cbnet: A
novel composite backbone network architecture for object detection,” in
Proceedings of the AAAI conference on artificial intelligence (New York), (Palo
Alto, California USA: AAAI) Vol. 34. 11653-11660. doi: 10.1609/aaai.v34i07.6834

Liu, S, Yang, C, Hu, Y., Huang, L., and Xiong, L. (2018). ““A method for
segmentation and recognition of mature citrus and branches-leaves based on
regional features”,” in Chinese Conference on image and graphics technologies
(Singapore: Springer), 292-301.

Liu, B., Zhao, W., and Sun, Q. (2017). “Study of object detection based on faster
r-CNN,” in 2017 Chinese automation congress (CAC) (Jinan, China: IEEE).
doi: 10.1109/CAC.2017.8243900

Li, H., Zhang, M., Gao, Y., Li, M., and Ji, Y. (2017). Green ripe tomato detection
method based on machine vision in greenhouse. Trans. Chin. Soc Agric. Eng. 33,
328-334. doi: 10.11975/j.issn.1002-6819.2017.21.049

Lu, J., and Hu, X. (2017). Detecting green citrus fruit on trees in low light and
complex background based on MSER and HCA. Trans. Chin. Soc Agric. Eng. 33,
196-201. doi: 10.11975/j.issn.1002-6819.2017.19.025

Peng, Y., Zhao, S., and Liu, J. (2021). Fused deep features-based grape varieties
identification using support vector machine. Agriculture 11, 869. doi: 10.3390/
agriculture11090869

Qassim, H., Verma, A., and Feinzimer, D. (2018). “Compressed residual-VGG16
CNN model for big data places image recognition,” in 2018 IEEE 8th annual

Frontiers in Plant Science

17

10.3389/fpls.2022.946154

computing and communication workshop and conference (CCWC) (Las Vegas: NV:
IEEE), 169-175. doi: 10.1109/CCWC.2018.8301729

Rahnemoonfar, M., and Sheppard, C. (2017). Deep count: fruit counting based
on deep simulated learning. Sensors 17, 905. doi: 10.3390/s17040905

Rakun, J., Stajnko, D., and Zazula, D. (2011). Detecting fruits in natural scenes
by using spatial-frequency based texture analysis and multiview geometry. Comput.
Electron. Agric. 76, 80-88. doi: 10.1016/j.compag.2011.01.007

Ren, S., He, K., Girshick, R., and Sun, J. (2015). Faster r-cnn: Towards real-time
object detection with region proposal networks. Adv. Neural Inf. Process. Syst. 2015,
28. doi: 10.1109/TPAMI.2016.2577031

Russell, B. C., Torralba, A., Murphy, K. P., and Freeman, W. T. (2008). Labelme:
a database and web-based tool for image annotation. Int. J. Comput. Vision. 77,
157-173. doi: 10.1007/s11263-007-0090-8

Sa, L, Ge, Z., Dayoub, F., Upcroft, B., Perez, T., and McCool, C. (2016).
Deepfruits: A fruit detection system using deep neural networks. Sensors 1222,
1222. doi: 10.3390/5s16081222

Santos, T. T., de Souza, L. L., dos Santos, A. A., and Avila, S. (2020). Grape
detection, segmentation, and tracking using deep neural networks and three-
dimensional association. Comput. Electron. Agric. 170, 105247. doi: 10.1016/
j.compag.2020.105247

Shilei, L., Sihua, L., Zhen, L., Tiansheng, H., Yueju, X., and Benlei, W. (2019).
Orange recognition method using improved YOLOv3-LITE lightweight neural
network. Trans. Chin. Soc Agric. Eng. 35, 10. doi: 10.11975/j.issn.1002-
6819.2019.17.025

Wahabzada, M., Paulus, S., Kersting, K., and Mahlein, A.-K. (2015). Automated
interpretation of 3D laserscanned point clouds for plant organ segmentation. BMC
Bioinf. 16, 1-11. doi: 10.1186/s12859-015-0665-2

Wang, L., Zhao, Y., Liu, S., Li, Y., Chen, S, and Lan, Y. (2022). Precision
detection of dense plums in orchards using the improved YOLOv4 model. Frontiers
in Plant Science 13, 839269.

Wang, D., and He, D. (2019). Recognition of apple targets before fruits thinning
by robot based on r-FCN deep convolution neural network. Trans. Chin. Soc Agric.
Eng. 35, 156-163. doi: 10.11975/j.issn.1002-6819.2019.03.020

Wang, Y., Lv, ], Xu, L, Gu, Y., Zou, L., and Ma, Z. (2020). A segmentation
method for waxberry image under orchard environment. Sci. Hortic. 266, 109309.
doi: 10.1016/j.scienta.2020.109309

Wang, C., and Xiao, Z. (2021). Potato surface defect detection based on deep
transfer learning. Agriculture 11, 863. doi: 10.3390/agriculture11090863

Wang, C., Zou, X, Tang, Y., Luo, L., and Feng, W. (2016). Localisation of litchi
in an unstructured environment using binocular stereo vision. Biosyst. Eng. 145,
39-51. doi: 10.1016/j.biosystemseng.2016.02.004

Yamamoto, K., Guo, W., Yoshioka, Y., and Ninomiya, S. (2014). On plant
detection of intact tomato fruits using image analysis and machine learning
methods. Sensors 14, 12191-12206. doi: 10.3390/s140712191

Yang, X,, Shu, L., Chen, J., Ferrag, M. A., Wu, J., Nurellari, E., et al. (2021). A
survey on smart agriculture: Development modes, technologies, and security and
privacy challenges. IEEE/CAA ]. Autom. Sinica. 8, 273-302. doi: 10.1109/
JAS.2020.1003536

Yan, H,, Liu, C., Zhao, J., Ye, X., Wu, Q., Yao, T., et al. (2021). Genome-wide
analysis of the NF-y gene family and their roles in relation to fruit development in
tartary buckwheat (Fagopyrum tataricum). Int. J. Biol. MACROMOL. 190, 487-
498. doi: 10.1016/j.ijbiomac.2021.09.001

Yin, H., Gu, Y. H,, Park, C.-J,, Park, J.-H., and Yoo, S. J. (2020). Transfer
learning-based search model for hot pepper diseases and pests. Agriculture 10, 439.
doi: 10.3390/agriculture10100439

Yoosefzadeh Najafabadi, M. (2021). Using advanced proximal sensing and
genotyping tools combined with bigdata analysis methods to improve soybean
yield (University of Guelph). Ph.D. thesis.

Zhang, Y. (2020). Research on apple picking of robot arm based on deep learning
(Beijing Forestry University). Master’s thesis.

Zhao, C,, Lee, W. S, and He, D. (2016). Immature green citrus detection based
on colour feature and sum of absolute transformed difference (SATD) using colour
images in the citrus grove. Comput. Electron. Agric. 124, 243-253. doi: 10.1016/
j.compag.2016.04.009

frontiersin.org


https://doi.org/10.1109/ICCV.2017.322
https://doi.org/10.1016/j.biosystemseng.2020.03.001
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.3390/agriculture10050170
https://doi.org/10.48550/arXiv.1502.03167
https://doi.org/10.1016/j.compag.2021.106488
https://doi.org/10.1016/j.compag.2011.07.001
https://doi.org/10.3390/rs71013070
https://doi.org/10.7671/j.issn.1001-411X.202003030
https://doi.org/10.11975/j.issn.1002-6819.2019.24.036
https://doi.org/10.1109/CVPR.2017.106
https://doi.org/10.1016/j.compag.2011.11.007
https://doi.org/10.1016/j.biosystemseng.2019.06.019
https://doi.org/10.1016/j.biosystemseng.2019.06.019
https://doi.org/10.1609/aaai.v34i07.6834
https://doi.org/10.1109/CAC.2017.8243900
https://doi.org/10.11975/j.issn.1002-6819.2017.z1.049
https://doi.org/10.11975/j.issn.1002-6819.2017.19.025
https://doi.org/10.3390/agriculture11090869
https://doi.org/10.3390/agriculture11090869
https://doi.org/10.1109/CCWC.2018.8301729
https://doi.org/10.3390/s17040905
https://doi.org/10.1016/j.compag.2011.01.007
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1007/s11263-007-0090-8
https://doi.org/10.3390/s16081222
https://doi.org/10.1016/j.compag.2020.105247
https://doi.org/10.1016/j.compag.2020.105247
https://doi.org/10.11975/j.issn.1002-6819.2019.17.025
https://doi.org/10.11975/j.issn.1002-6819.2019.17.025
https://doi.org/10.1186/s12859-015-0665-2
https://doi.org/10.11975/j.issn.1002-6819.2019.03.020
https://doi.org/10.1016/j.scienta.2020.109309
https://doi.org/10.3390/agriculture11090863
https://doi.org/10.1016/j.biosystemseng.2016.02.004
https://doi.org/10.3390/s140712191
https://doi.org/10.1109/JAS.2020.1003536
https://doi.org/10.1109/JAS.2020.1003536
https://doi.org/10.1016/j.ijbiomac.2021.09.001
https://doi.org/10.3390/agriculture10100439
https://doi.org/10.1016/j.compag.2016.04.009
https://doi.org/10.1016/j.compag.2016.04.009
https://doi.org/10.3389/fpls.2022.946154
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Citrus green fruit detection via improved feature network extraction
	1 Introduction
	2 Materials and methods
	2.1 Study area
	2.2 Test data
	2.2.1 Test data collection
	2.2.2 Data processing

	2.3 Mask-RCNN
	2.4 The proposed algorithm
	2.5 Performance evaluation metrics
	2.6 Model training and testing

	3 Results
	3.1 Performance comparison of different algorithms
	3.2 Comparison of improved model with other models

	4 Application case study
	5 Discussion
	6 Conclusions
	Data availability statement
	Author contributions
	Funding
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


