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7 Abstract

8  Background:

9 Weeds are the biggest threat to crop growth, and leaf age and central area of
10  weeds are important phenotypic traits of weeds. They have an important role in
11 understanding the morphological structure of weeds, guiding precision for target
12 weeding and reducing the use of herbicides. However, it is still a substantial challenge
13 to obtain weed types, leaf age and central area in the complex field conditions of light
14 changes, variation in appearance of plants, leaf occlusion. The latest developments in
15  deep learning provide new tools for solving challenging computer vision tasks.

16  Results:

17 In this study, we present a weed phenotype segmentation method based on Mask
18 R-CNN that obtains weed types, leaf age and central area in the complex field
19  conditions. By shooting three different angles of the main weeds (Solanum nigrum,
20 Barnyard grass, and Abutilon theophrasti Medicus) in the field through mobile
21  devices, two datasets (data enhancement and without data enhancement) were
22 produced and used as input to the network, two backbone networks was tested,
23 namely ResNet50 and ResNet101, and the detection results and instance segmentation
24 results of the model were evaluated. The results showed that data enhancement can

25  improve the performance of the model. In the case of data enhancement, the F; value
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with ResNet101 as the backbone network was 0.9214, the mAP scores were 0.6932
and 0.5244 (for 10U thresholds of 0.5 and 0.7, respectively), the mIOU reached 0.585,
and the best segmentation performance example was obtained. Furthermore, the weed
image taken from the top view angle compared to the other two angles achieved the
highest detection accuracy.

Conclusion:

Mask R-CNN can achieve accurate segmentation of weeds to obtain the types,
leaf age and central area of weeds. Data enhancement and the weed image taken from
the top view angle can help to improve the performance of the model. This dataset
and research results may provide important resources for the development of
precision agriculture in the future.

Keywords: Leaf age; Mask R-CNN; weed segmentation; Deep learning;

Machine vision.
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1. Background

Weeds are the largest threat to crop growth, hindering the growth of crops and
promoting the use of herbicides [1], which can lead to a large reduction in crop yield
[2], and because weeds compete with major cash crops for space, water, light,
nutrients and other resources, the loss of plants is greater in the early stages of plant
growth [3]. Therefore, removing weeds as early as possible is critical to ensure good
crop yield. The use of herbicides has increased crop yields, and reduced the amount of
labour [4]; however, more than 90% of the crops in the United States have had
herbicides applied to them [5], and the global use of pesticide is estimated to be 3.5
billion kg/year [4]. Excessive use of herbicides has brought about a series of problems
such as environmental pollution. Therefore, there is an urgent need to reduce the use
of herbicides without affecting the yield of crops, which will also reduce the cost of
weed management and is also a valuable goal of precision agriculture [6].

The size, shape and growth stage of field weeds are usually uncertain. According
to the principle of herbicide and plant physiology [7], the phenotype information of
weeds is closely related to the dosage of herbicide. For example, the herbicide dosage
required for weeds of different leaf ages is different [8] [9]. The upper limit of
herbicide application can kill weeds of different ages, but it can also cause excessive
use of herbicides. Leaf age refers to different stages in the development of a plant.
Generally speaking, the number of complete leaves grown by the plant is the leaf age
[10]. The leaves of the weed are connected to the stem through the petiole. When we
look down, it will show the central area formed by the overlapping of the petiole and
stem of the top leaves of the weed. This area is also the intersection centre area of
weed top leaves [7]. In this study we simply referred to as the central area. Most of

the central area is new tissue. Because the epicuticular waxes of plant leaves are



91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

closely related to the absorption of herbicides, but the composition of epicuticular
waxes in different parts of the same plant is different and will vary with the season,
location and age of plants [11] [12], resulting in different organs of the same plant
having different sensitivities to herbicides. The new tissue has a large number of
stomata and a thin waxy layer, which is beneficial to the absorption of herbicides.
Therefore, the central area is more sensitive to herbicides, which is beneficial to
herbicide absorption, and the central area has better retention capacity, which is a
particularly obvious characteristic especially for weeds over four in leaf age.
Therefore, the central area is more sensitive to herbicides and is beneficial to
herbicide absorption. Therefore, an effective method is to reduce the dosage of
herbicide by guiding the use of herbicide according to the close relationship between
the leaf age of the weeds and the central area and the absorption and conduction of the
herbicide.

The premise of reducing herbicide use is to accurately identify weeds. In recent
years, machine vision [13] has been widely used in the agricultural field. Brivot et al.
[14] first used machine vision to segment weeds and identify crop rows, proving the
feasibility of machine vision in the agricultural field. Researchers have developed a
new algorithm that can segment plants according to the soil background under
uncontrolled lighting conditions in the wild, separating weeds from crops [15].
However, this method is less effective when there is no change in the field image
under lighting conditions. Wavelet transform was used to distinguish weeds from
crops in the image [16], but when the number of weeds is large, this traditional visual
method may not be useful. These methods only distinguish crops from weeds and do
not obtain the type and phenotype information of weeds. Although Shirzadifar et al.

[17] classified the weeds based on the canopy spectral information of the plants and
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obtained the species of weeds, achieving good results, in the complex field
environment, wind, soil background, and shadows will change the spectral
characteristics of plants, affect the performance of the model [18] [19]. A substantial
body of related research has also examined the phenotype information of plants.
Minervini et al.[20] established finely grained datasets for image-based plant
phenotyping, which provided a great contribution to the study of plant phenotypes,
and leaf segmentation is also a very important challenge in the field of the plant
phenotype analysis. Bell et al. [21] segmented leaves by edge classification and
achieved good results for plant overlap. Dobrescu et al. [22] proposed a multi-task
deep learning framework for plant phenotypes and achieved good results in leaf
counting. But the plant images of these studies were collected under indoor conditions,
and images collected indoors tend to have a pure background and light uniformity
[23]. These studies are mainly to calculate the number of leaves for leaf segmentation,
but an image may have multiple weeds, and our research needs to obtain the leaf age,
weed type and the central area of each weed. It can be seen that segmentation of plant
phenotypes in a complex farmland environment is still an area that has not been fully
studied. Due to the complex environment of farmland, the differences between the
plants, and the mutual occlusion of the leaves, it is very difficult to segment the leaf
age and the central area, making this study a certain challenge. In this study, the weed
species, growth stage and central area were segmented by machine vision in a
complex field environment. The purpose is to prepare for guiding the use of
herbicides.

Deep learning is an emerging field of machine learning that is employed to solve
big data analysis problems. The DCNN is a deep learning method that is especially

suitable for computer vision problems. In this study, an instance segmentation
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algorithm based on deep learning is proposed to obtain the weed phenotype in a
complex field environment. An agricultural survey has shown that deep learning
technology has higher accuracy than traditional image processing technology [24].
Because in the complex field environment, the illumination is uncertain, the plants
overlap, the climate changes, and the soil background is complex and changeable [25]
[26], which makes the DCNN model perform better in this respect. Although the
DCNN model can overcome these difficulties, the farmland environment is complex,
it needs a large enough dataset to train the deep learning model, which is helpful to
overcome the complex field environment and improve the accuracy of the model [27].
One method to solve this problem is data enhancement. Data enhancement is also a
common method in the field of image recognition. The image is expanded by
randomly flipping the image, adding noise, and adjusting the brightness.
Geetharamani et al. [28] used a nine-layer deep convolutional neural network to
identify plant leaf diseases, and six methods of data enhancement were used to
improve the performance of the model, achieving 96.4% classification accuracy.
Piedad et al. [29] used the Mask R-CNN model for non-invasive classification of
clustered horticultural crops. Due to the limited dataset, the dataset was expanded to
improve the accuracy of the model. It can be seen that data enhancement is an
important method to enrich the training samples and improve the performance of the
model, and can also make the dataset more suitable for the complex farmland
environment.

When we collect the dataset, the shooting angle in the field [30], the growth
stage of the weeds may affect the accuracy of the dataset. Quan and Feng realized the
detection of seedlings in different growth cycles and different angles in the field. It

was proposed that when the angle between the camera and the vertical direction is 0°,
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the detection accuracy is 0.95% lower than other angles [27], It could be seen that
data collection from different angles would affect the performance of the model. The
position and shape of weeds in the field are complex and changeable, the shape of the
same object is different under different shooting angles, which affects the accuracy of
the dataset. Therefore, in this study, we collected data from three angles: front view,
side view and top view to explore the impact of different angles on the model under
study. In this study, an instance segmentation algorithm based on deep learning is
proposed to obtain the weed phenotype in a complex field environment. From the
previous research, we can know that the DCNN model performs better in dealing with
complex environmental problems in the field. Instance segmentation based on deep
learning is a new challenge of computer vision [31]. The model used in this study is a
new instance segmentation model; its purpose is to detect each object in a weed image
and classify each pixel of each instance. The output is the mask and bounding box of
the target object [32], which is particularly suitable for solving the problem of leaf
adhesion and occlusion [21].

Yu et al. [33] proposed an exemplar-based recursive instance segmentation
framework to segment plant phenotypes and conducted experiments on a public
benchmark to prove the effectiveness of the method. Huang et al. [34] proposed a
deep learning model for in-row crop detection in rice fields and constructed a field
rice detection dataset with a detection accuracy of 93.22%. It is worth noting that this
method identifies a stem-base-centred square region at the plant level, which
corresponds to the protected area image of mechanical weeding, and this area is also
the central area of the plant. It can be seen that the central area is also of great
significance for plant research. The instance segmentation algorithm Mask R-CNN

proposed by He et al. [35] can not only identify the bounding box but also mask the
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target contour, performing better than other models [36]. Jia et al. [37] used an
improved Mask R-CNN model to segment overlapping apples with an accuracy rate
of 97.31%. Some scholars also used the Mask R-CNN model to complete the fruit
detection of the strawberry picking robot in a non-structural environment, which
overcame the conditions of overlapping and hidden fruits in a non-structural
environment [38].

Therefore, the above research provides a feasible basis and reference for the
application of DCNN in plant segmentation. It also proves that DCNN can overcome
the shortcomings of traditional image segmentation methods. The Mask R-CNN
model shows good performance when dealing with complex field environments. The
weeds we selected are as follows: Solanum nigrum, Barnyard grass, and Abutilon
theophrasti Medicus; these three weeds are commonly found in fields in Northeast
China. It can be seen from the above research that we need a sufficient number of
well-defined weed datasets to train DCNN models. Weed images should be obtained
from real scenes in fields so that they contain the morphological characteristics of the
weeds at different growth stages in the complex field environment and cover more
variables in the input of the model. We collected three different angle images (front
view, side view, top view) of three weeds. The classic DCNN network is modified to
improve the accuracy of the model. Therefore, we created two datasets: one
containing 4000 weed images without data enhancement, and the other one containing
6000 data-enhanced weed images.

Based on the above problems, this study proposes a weed phenotype
segmentation method based on the improved Mask R-CNN to obtain the weed species,
leaf age and central area of weeds. The main objectives of the present study are

(1) Evaluate the feasibility of Mask R-CNN to obtain weed species, leaf age and
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central area in weed phenotype segmentation through seven evaluation indicators.

(2) To explore the influence of data collection from different angles (front view,
side view, top view) on the phenotypic segmentation of weeds in the complex field
environment, and select the most suitable angle.

(3) To explore whether data enhancement can improve the performance of the
model.

(4) To explore whether using Resnet101 combined with the FPN architecture for

feature extraction can improve model performance.
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2. Materials and methods

2.1. Overview

In this section, we select three typical weeds of Solanum nigrum, Barnyard grass,
and Abutilon theophrasti Medicus from Northeast China. The leaf age and central area
of weeds were segmented by the Mask R-CNN model. The dataset needed to train the
model was collected in the actual field environment. The datasets were collected at
different angles (front view, side view, top view) and were enhanced. The datasets
produced were annotated, and the generated file was used as the input of the network
to train the network model. The backbone network of the Mask R-CNN initialization
model is the residual network combined with the feature pyramid network (FPN).
This study uses different backbone networks (ResNet50 and ResNet101) combined
with the FPN architecture. The feature extraction performance based on the weed leaf

age and central area was evaluated. Figure 1 shows the workflow of the experiment.
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Fig. 1 Work process of using Mask R-CNN to segment leaf age and central area.

2.2. Image acquisition

The three kinds of weeds selected in this study are: Solanum nigrum, Barnyard
grass, and Abutilon theophrasti Medicus. Solanum nigrum is an annual dicotyledon,
and Barnyard grass is an annual herb, an annual subshrub weed of Abutilon
theophrasti Medicus. These three kinds of weeds are common in fields of Northeast
China. At present, the data image source is the field weed image. Because the
background of greenhouse weeds is single and the image of field weeds is more
complex, the ability of the model to recognize weeds in the natural state can be
verified. The field data images were collected in the Xiangfang District from May to
June 2018. The Xiangfang District is located in the northeast plain and is the main
planting area for maize, soybean and rice. The main weeds in the cornfields of the
Xiangfang District are Solanum nigrum, Barnyard grass, and Abutilon theophrasti
Medicus. The above weed images were collected. The weeds in the field are mainly

weeds of leaf ages of 2-5; thus, we collected only weed images before the 5 leaf stage.
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Since the weed information obtained from a single shooting angle is not
comprehensive, in order to better show that the weed information obtained from
different angles is different, the field weed background is removed, as shown in
Figure 2. In addition, the shooting weather [39] and acquisition angle [30] had a
greater impact on the dataset, affecting the segmentation precision [40]. Therefore,
from the two-leaf period after crop planting, an iPhone 6s Plus camera with a 4.2 mm
focal length, a maximum aperture of /2.2 and a maximum resolution of 4032 x 3024
pixels was used to capture images. From May 20, 2019, to June 29, 2019, weed
images of different leaf ages were collected every 2 to 5 days under different weather
conditions, different angles, and different growth stages, to obtain the data of weeds at
each leaf age stage in the growth cycle, as shown in Table 1, and the weed images
were stored in the JPEG file format. The purpose of generating the dataset is to study
the recognition performance of the deep learning model for the leaf age and central

area of individual weeds at different growth stages in the natural state.
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Fig. 2 Front view, top view, and side view of the three weeds.

Table 1 List of images containing environmental information for the experiment

Date Images Tmax  Tmin Weather The front view The top view  The side view
25/05/2019 441 30 17 Cloud 201 140 100
30/05/2019 449 22 11 Cloud 112 226 111

14
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04/06/2019 481 24 16 Cloud 132 200 149

08/06/2019 538 24 18 Rain 213 221 104
10/06/2019 422 25 16 Cloud 136 161 125
14/06/2019 426 24 14 Rain 119 203 104
17/06/2019 458 25 13 Cloud 102 254 102
21/06/2019 420 26 14 Cloud 125 107 188
26/06/2019 412 26 17 Cloud 119 136 157
29/06/2019 527 23 15 Cloud 152 214 161

Total 4574 28 16 \ 1411 1862 1301

2.3. Dataset construction and annotation

When training the network and conducting network testing, the input image size
needs to match the input size of the network [41], thus, the images are adjusted to a
pixel size of 1024 x 1024 to construct the image dataset of the DCNN. Due to the
need to annotate the weeds in the picture, some images that are not suitable for
annotation are discarded. Therefore, 4000 images were selected from 4574 images.
Due to the limited number of datasets, a data enhancement scheme was adopted to
further enrich the images such that they are more representative and reflect the real
situation of field data more accurately [27], while additionally improving the training
precision of the model [42], expanding the dataset and reducing overfitting [43]

(Figure 3).
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Fig. 3 Data enhancement.

The images were randomly rotated, and noise was added. Since illumination is
an important reason for segmentation, to make the DCNN more robust to the
illumination caused by environmental changes, the datasets were further enhanced by
simulating the illumination change [44]. The brightness was adjusted to be 10%
brighter and 10% darker. At the same time, some blurred, occluded and incomplete
images were retained as the dataset of negative samples, and a total of 6000
data-enhanced pictures were obtained. The structure and proportion of the original
dataset remain unchanged when data enhancement is carried out. Two datasets were
made, one with data enhancement and the other without data enhancement. We
reserve 600 of the 4000 images without data enhancement and use them to test the
model for model evaluation. Both datasets were randomly divided into a training set
and a verification set with a ratio of 8:2. After the training was completed, we used the

600 images previously reserved to test the model to evaluate the model. The VGG
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Image Annotator labelling tool was used for annotation, as shown in Figure 4, and
weed leaves were surrounded by irregular polygons, while the centre areas of the
weeds were marked with a circle. Because the number of weeds in a picture is
uncertain under actual working conditions and may contain multiple weeds, the
number of masked leaves in the picture cannot be used to calculate the leaf age of a
single weed, so we used a rectangular frame to mark the outline of the outermost layer
of a single weed and calculated the number of leaf masks in the rectangular frame,
which is the leaf age of the weed. The rectangular frame is not masked. The labels are

divided into 7 categories (Figure 4).

A

e LN G o N S, 4 2, — = a b oV
Solanum nigrum Barnyard grass

Fig. 4 Image annotation example of segmentation.
Note: Leaf of Solanum nigrum (a_leaf), leaf of Barnyard grass (b_leaf), leaf of
Abutilon theophrasti Medicus (c_leaf), central area (centre), Solanum nigrum (a),

Barnyard grass (b), and Abutilon theophrasti Medicus (c).
2.4. Structure of Mask R-CNN mode

Mask R-CNN extends the target detection framework of Faster R-CNN [45] by
adding a masking branch at the end of the model [38]. This process ensures that each
output instance segments the proposal box using a fully connected (FC) layer to
ensure that the segmentation is parallel to the target detection. To better detect small

targets, ROI pooling is changed to ROIAlign. The Mask R-CNN model flow chart is
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shown in Figure 5. The output consists of three branches: bounding boxes, target
classifications and segmentation masks. The Mask R-CNN backbone networks we
selected are ResNet50 and ResNetl01 combined with FPNs. First, the backbone
network extracts the feature map from the input image and then outputs the features
from the backbone network. The map is sent to the region proposal network (RPN)
and ROIAlign to generate the region of interest (ROI). Finally, the ROI predicts the
target category and bounding box through the convolutional layer and the fully
connected layer and segments the target region through the fully convolutional neural

network (FCN). The instance segmentation task of the target is finally completed.

Overview of Mask R-CNN

ResNet +FPN
Cl C2C3 C4 C5

FC layers
Y /4

7/

3 P4 PS5

FC layers

F( Iawrs

softmax

z
3

Category

Input Image

Rol Align

//////// I

Three branches

backbone i RPN

Fig. 5 The model structure of Mask R-CNN.

The FPN is an important module of Mask R-CNN [46] that detects objects of
different scales in object detection. There are top-down and bottom-up paths as well
as lateral connections. As shown in the FPN part of Figure 6, the thicker the contour is,
the stronger the semantics. While the RPN is a sliding window in target detection,
Figure 6 shows that the RPN method is used to generate a region proposal network.
ROIAlign is a very important part of Mask R-CNN. It is an improvement over
ROIPooling. As shown in the ROIAlign part of Figure 6, it first traverses each

candidate area while keeping the floating point number unchanged and then divides
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the candidate area into k X k units. Four fixed coordinate values are calculated in
each unit, and the values of the four positions are calculated by a bilinear interpolation

method. Then, a maximum pooling operation is performed.

Mask R-CNN with the pretrained network

k Anchor boxes

bilinear
interpolation feat map
1

Koo o

Sliding
window
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Feature Pyramid Network
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Rol output

RolAlign
Category labels wilh/—\f 0.9999

confidence scores w %
16 <{
Bounding boxes /_"/

FCN —> Masks

ll
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ResNet 50/101 + FPN Selective Search

Input
Image

Fig. 6 Mask R-CNN with a pretrained network.
2.4.1 Image Feature Extraction (ResNet50 and ResNet101 + FPN)

Mask R-CNN can establish deep neural network models of different depths by
designing different weight layers. Currently, the deep learning network models are
AlexNet, ZF, GoogLeNet, VGG, and ResNet. Although a deeper number of network
layers may lead to higher accuracy, the deeper network layers will result in lower
model training and detection speeds. However, since the residual network does not
increase the parameters of the model, it can effectively reduce the problem of training
degradation and improve the model convergence [38]. Therefore, this paper uses
ResNet50 and ResNet101 combined with the FPN as the backbone network to extract

the features of weed images.
2.4.2 ROI Generation and ROIAlign (RPN+ROIAlign)

The RPN uses the convolutional feature map output from the backbone network
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as its own input, traversing the feature map in a fixed-size sliding-window fashion and
finding images containing weed blades and central areas. This area of the RPN scans
is called an anchor [47]. The weed target in this study is small, especially in the
central area. The size of the weeds changes throughout the growth cycle [38].
Therefore, according to the total number of pixels of the target weed in the image, this
study designed 32x32, 64x64, 128x 128, 256 x 256,and 512 x 512
anchors. The length-width ratios were designed to be 1:1, 1:2, and 2:1. A total of
fifteen anchor points were selected, and the most likely target area was selected for
segmentation and detection.

Faster R-CNN [45] is a recognition algorithm proposed for the regional
convolutional network R-CNN to perform a large number of repetitive operations in
each ROI and then transfer the features extracted by the RPN to the convolution of the
last layer. The ROIPool layer is then added later. However, when performing the
quantization operation in ROIPool, misalignment between the ROI and the extracted
features can easily occur, which will have a great negative impact on the results,
making this layer unsuitable for this study. Mask R-CNN [35] uses ROIAlign instead
of the traditional pooling of interest (ROIPool), which is very suitable for addressing
smaller targets and solves the problem of spatial position misalignment caused by
ROIPool. ROIAlign uses bilinear interpolation to extract the corresponding features
of each ROI on the feature map [38], calculates the exact value of each position,
summarizes it by the maximum pooling method, adjusts the dimensions of each ROI
to meet the FC requirement, and finally sends it to the FC layer and FCN for target

classification, the bounding boxes and the mask.
2.5 Mask R-CNN training model
Before training Mask R-CNN, we introduced a pretraining model based on the

20



400 COCO dataset [48] using transfer learning. The COCO dataset has 328k images,
401  including 91 categories. The pretraining model extracted the weights after training on
402  COCO. On this basis, the datasets established by themselves will be trained again. By
403  means of this transfer learning, the manpower and cost of training can be reduced, the
404  training efficiency can be improved, and the parameters of the model can be better
405  adjusted. The Mask R-CNN model of this experiment was carried out under the deep
406  learning framework of TensorFlow-gpu 1.14.0 and Keras 2.1.5. This study is based on
407  the Windows 10 64-bit (DirectX 12) operating system, a six-core Intel Core i7-8700K
408 @ 3.70 GHz processor, 32 GB of memory, and a GPU built by NVIDIA GeForce
409  (Santa Clara, CA, USA), the NVIDIA GeForce RTX 2080 Ti graphics card. The

410  parameters of the pretraining network are shown in Table 2.

411 Table 2 Characteristic parameters of the pretraining network.
Network Depth Size Parameters  Image Input Feature Extraction ROI Pooling
(MB) (Millions) Size Layer Output Size
ResNet50 50 96 25.6 224 x 224 block_13 expand_relu [14 14]
ResNet101 101 167 44.6 224 x 224 mixed7 [17 17]
412 Insert ROIAlign after the feature extraction layer, extract the corresponding

413  features of each ROI, calculate the exact value of each position, and finally transport
414 it to the fully connected layer and FCN to predict the target class, bounding box and
415  segmentation mask. We put the marked dataset into the model for training and obtain
416  atraining model based on Mask R-CNN for weed segmentation.

417 2.6 Training and evaluation

418 The weight decay coefficient of Mask R-CNN was set to 0.0005, the momentum
419  was set to 0.9, the initial learning rate was set to 0.0001, and the training BatchSize
420  was set to 1. After the parameters were set, training was conducted for 100 rounds,

421  with training being conducted 1000 times per round. The basic framework of Mask
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R-CNN involved either ResNet50 or ResNet101.

The purpose of the evaluation was to test the ability of the algorithm to identify
the weed leaf age and the central area on the image. We used seven key indexes:
precision rate (P) (Eqg. (1)), recall rate (R) (Eq. (2)), F1 (Eq. (3)), intersection over
union (IOU) (Eq. (4)), average precision (AP), mean average precision (mAP) (Eq.
(5)), and mean intersection over the union (mIOU), for evaluation. The Mask R-CNN
model completes object detection and object segmentation. For the object detection
part, we used the precision rate (P), recall rate (R), F1, AP, and mean average precision
(mAP) for evaluation. For the object segmentation part, we use the mean intersection
over the union (mIOU) error for evaluation.

The precision rate and recall rate are defined by the following equation:

Precision = i #(1
recision = TP+ FP (D
Recall = e #(2)
T TP Y FN

where "true positive (TP)" indicates the number of positive results detected as
positive; "false positive (FP)" indicates the number of negative results detected as
positive; and "false negative (FN)" indicates the number of positive results detected as
negative. The metric function (Fy) [49] of the precision and recall rates is defined by
the following equation:

_ 2 X Precision X Recall

F1= #(3)

Precision + Recall

To better meet the problem of multiclass imbalance in this paper, we averaged
the seven classification indicators [50]. To better evaluate the model algorithm, the
IOU is used to conduct measurements [51]. The IOU measures the overlap between
two bounding boxes. As shown in Figure 7, the overlap degree between the weed

prediction box and the real box on the ground was calculated. The value of the 10U
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can be divided into three regions. When the 10U threshold is set to 0.7, anchors with
IOU values less than or equal to 0.3 are considered to be negative anchors, while
anchors with 10U values between 0.3 and 0.7 are neutral anchors, and we do not need
to consider these cases. In addition, IOU values greater than or equal to 0.7 are
positive anchors. The system will identify the positive anchors and bounding box and
match them to the ground-truth boxes to optimize the RPN output of the model. The
maximum value of the anchor overlap with the ground-truth boxes is retained by the
system. When the IOU threshold is set to 0.5, the 10U values are greater than 0.5, and
a positive ROI is observed; when the 10U values are less than 0.5, a negative ROl is
observed. The positive ROI is allocated to the mask and ground truth by the system.
The detection performance of the model is evaluated by the mean accuracy (mAP)
[51]. The mAP has excellent evaluation performance when it is related to the target
position information and the category information of the target in the image. The AP
can be calculated for each category separately, and then each category can be
averaged to calculate the mAP. The larger the mAP value is, the better it is. It can be
calculated by the AP. The thresholds were 0.5 and 0.7 in this study. The IOU and mAP
are defined by the following equation:

10U = Area Overlap (D)
~ Area Union

N
1
maAP = - Z AP, #(5)
i=1

Note: N represents the number of images.
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Fig.7 Visual example of intersection over union. The red dashed box is the prediction
of the detection result. The black solid-line box is the ground truth. The overlap
between the two is visible, and different IOU values are depicted from left to right. (c)

is the best.
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3 Results

In the following three stages, the development of a segmentation model based on
Mask R-CNN for weed leaf age and central area was completed. First, the image
acquisition work was completed in three angles of front view, left view and top view
and under different weather conditions, and 4574 weed images were collected. Second,
the data pre-processing and image annotation of the acquired image was completed.
Two datasets were created: one dataset contains 4000 weed images without data
enhancement, and the other dataset contains 6000 data-enhanced weed images. Third,
two selected pretrained networks were used to replace the backbone network of the
classic Mask R-CNN, network construction and parameter optimization, and an
improved Mask R-CNN model processed by the pretraining network was proposed.
The training and evaluation of the model were then completed. Data enhancement can
improve the performance of the model. The mAP of the Mask R-CNN model using
ResNet101 as the backbone network is 0.693, and the mIOU is 0.585, which is better
than ResNet50 and can be used for weed segmentation. Moreover, the weed image
taken from the top view angle compared to the other two angles has the highest
detection accuracy.

The result of weed segmentation is shown in Figure 8. A method based on Mask
R-CNN for segmentation of weed leaf age and central area is proposed. Two datasets
are trained in two different backbones networks (ResNet50 and ResNet101), and the
network is chosen that achieves the best balance between mIOU and mAP. The leaf
age is determined based on the number of complete leaves of the weed, and the centre
area is determined based on the intersection area of the top leaves of the weed [7]. The

evaluation of the Mask R-CNN model is carried out from two aspects: first, the
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detection results of the model are evaluated, and then the segmentation performance

of the model is evaluated.
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Fig. 8 Weed segmentation results.
3.1 Weed test results and evaluation

The precision rate (P), recall rate (R), F;, IOU, AP, and mAP are important
indicators used to evaluate the performance of Mask R-CNN detection. Table 3 lists
the F, and mAP values of different datasets (without data enhancement and data
enhancement) on the total test set. The number of the total test set is 600. The total
test set includes 200 front view images, 200 side view images, and 200 top view
images. It can be seen from Table 3 that when data enhancement is used, the F; value
of the ResNet101 network in the total test set is 0.9214. Without data enhancement,
the F; value of the ResNet101 network on the total test set was 0.8965. The F; value
of ResNet50 in the case of data enhancement is 0.0413 higher than the F; value

without data enhancement. It can be seen that for the dataset with data enhancement,
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the detection results of the two backbone networks ResNet50 and ResNet101 on the
total test set are higher than those without data enhancement. It can be seen that the
data enhancement effect is better than that without data enhancement. Table 3 also
lists the values of mAP under the two thresholds of data enhancement and without
data enhancement in the total test set. According to Table 3, for the total test set, when
the 10U threshold of ResNet101 is greater than or equal to 0.5, the mAP value is
0.6512 without data enhancement, while the mAP value is 0.6932 with data
enhancement. It can be seen that no matter which backbone network is used, the map
value of the model is greater than that without data enhancement. Although it is only
increased by 0.042, it also improves the performance of the network and can reduce
the impact of overfitting.

Table 3 List of the detection results of different datasets on the total test set

dataset Without data augmentation Data augmentation
= 0.8073 0.8486
ResNet50  mAP (I0U>0.5) 0.5421 0.5702
mAP (I0U>0.7) 0.4534 0.4791
Fi 0.8965 0.9214
ResNetl0l  nap (10U>0.5) 0.6512 0.6932
mAP (I0U>0.7) 0.5113 0.5244

Note: The total test set consisted of 600 images, including 200 front view images, 200
side view images, and 200 top view images.

Figure 9 shows the confusion matrices of the detection results of the model in the
case of data enhancement. Figure 10 lists the detection results of the Mask R-CNN
model under two backbone networks, three angles, and seven types of labels in the
case of data enhancement. The precision rate of the ResNet101 network in the total

test set is 0.9523, the recall is 0.8929, and the F; value is 0.9214.
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Fig. 9 Confusion matrix of the detection results of ResNet50 and ResNet101 in the

case of data enhancement

Note: The Mask R-CNN with ResNet50 is abbreviated as ResNet50, and Mask
R-CNN with ResNet50 is abbreviated as ResNet101. a_leaf represents the leaves of
Solanum nigrum, b_leaf represents the leaves of Barnyard grass, c_leaf represents the
leaves of Abutilon theophrasti Medicus, a represents Solanum nigrum, b represents
Barnyard grass, ¢ represents Abutilon theophrasti Medicus, and centre represents the
central area of each weed. The total test set consisted of 600 images, including 200
front view images, 200 side view images, and 200 top view images.
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Fig. 10 Detection results of the Mask R-CNN with pretrained networks in the case of

data enhancement.

Note: The Mask R-CNN with ResNet50 is abbreviated as ResNet50, and Mask
R-CNN with ResNet50 is abbreviated as ResNet101. a_leaf represents the leaves of
Solanum nigrum, b_leaf represents the leaves of Barnyard grass, c_leaf represents the
leaves of Abutilon theophrasti Medicus, a represents Solanum nigrum, b represents
Barnyard grass, ¢ represents Abutilon theophrasti Medicus, and centre represents the
central area of each weed. The total test set consisted of 600 images, including 200
front view images, 200 side view images, and 200 top view images.

It can be seen from Figure 10 that the labels a, b, c, a_leaf, b_leaf, c_leaf, and
centre were not recognized, we surmise that they were recognized as the background.
It can be seen from Figure 10 that under the condition of data enhancement, the
precision values of ResNet50 in the front, side, top, and total test sets were greater

than or equal to 0.7636, the recall values were greater than or equal to 0.7451, and the

29



567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

F, values were greater than or equal to 0.7778. In comparison, the precision values of
ResNet101 were greater than or equal to 0.8859, the recall values were greater than or
equal to 0.8497, and the F; values were greater than or equal to 0.8783 in the front,
side, top, and total test sets. As a result, the precision, recall and F; values of
ResNet101 in the front, side, top, and total test sets were considerably higher than
those of ResNet50, and ResNet101 consistently performed better than ResNet50. The
F, values of ResNet101 in the front, side, top, and total test sets were 0.9241, 0.9055,
0.9324 and 0.9214, respectively. When ResNet101 was used as the backbone network,
the recall values of the top view test set were greater than or equal to 0.8859, the
recall values of the front view and the total test sets were greater than or equal to
0.8700, and the recall values of the side view test set were greater than or equal to
0.8497. The top view test set shows the best performance in all classifications. For the
total test set, the F; values were 0.9359 and 0.9268, and the recall rates were 0.9182
and 0.8747 when Barnyard grass and the leaves of Barnyard grass were detected, and
on the front, side, and top test sets, the classification performance of Barnyard grass
was better than the other two kinds of weeds. For the central area, the precision values
of ResNet101 in the front, side, top, and total test sets were 1.0000. Since Figure 9
and Figure 10 can show only the classification performance of the model, the
recognition accuracy of the model cannot be determined, and the actual environment
in the field is complex, which has a certain impact on the identification of weeds.
Therefore, the model recognition accuracy is very important for evaluating the model
performance. Table 4 lists the mAP values for ResNet50 and ResNet101 for different
test sets when 10U values are greater than or equal to 0.5 and greater than or equal to

0.7 under data enhancement.

Table 4 List of detection results of weeds under different networks and different
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angles with data augmentation.

Networks ResNet50 ResNet101
mAP (I0U>0.5) 0.552 0.701
The front view  mAP (10U>0.7) 0.456 0.522
mAP (I0U>0.5) 0.533 0.625
The side view ~ mAP (I0U=0.7) 0.468 0.458
mAP (I0U>0.5) 0.625 0.753
The top view ~ mAP (I0U=0.7) 0.513 0.592
mAP (I0U>0.5) 0.570 0.693
The total test set 1\ Ap (10U>0.7) 0.479 0.524

The mAP is a commonly used index in target detection. Table 4 shows that the
mMAP of ResNet101 is higher than that of ResNet50, indicating that ResNet101 has
good target detection performance. For the total test set, when the 10U threshold is
equal to or greater than 0.5, the mAP value is 0.693, and when the IOU threshold is
equal to or greater than 0.7, the mAP value is 0.524. Thus, when the threshold is equal
to or greater than 0.5, ResNet101 has good detection performance. When ResNet101
is used as the backbone network and the 10U threshold is greater than or equal to 0.5,
the mAP value in the top view test set is 0.753, the mAP value in the front view test
set is 0.701, the mAP value in the side view test set is 0.625, and the mAP value in the

total test set is 0.693. The top view achieved good detection performance.
3.2 Instance segmentation results and evaluation

For the instance segmentation phase, two backbone networks ResNet50 and
ResNet101 were executed. From the above comparison, we can observe that the effect
of data enhancement is better than that without data enhancement. Therefore, we
tested the data-enhanced dataset, and the results of weed segmentation are shown in
Figure 8. The mIOU is an important index for evaluating the segmentation results [31]
and is commonly used to evaluate the segmentation performance of the Mask R-CNN
model. Table 5 shows the mIOU of Mask R-CNN under different backbone networks

and different test sets. The test image of 600 weeds shows that for the total test set, the
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mIOU of ResNet50 is 0.491 and that the mIOU of ResNet101 is 0.585. The value for
ResNet101 is significantly higher than that of ResNet50. Thus, the ResNet101 model
will result in better network performance and can be applied to the segmentation of
small target objects. Hence, it can meet the needs of weed instance segmentation.
When ResNet101 was used as the backbone network, the mlOU of the top view was
0.603, which is higher than those of other datasets. Therefore, good segmentation
results were achieved.
Table 5 Segmentation results of weeds under different networks and different

angles in the case of data enhancement.

Andl mIOU
ngles ResNet50 ResNet101
The front view 0.476 0.585
The side view 0.463 0.566
The top view 0.535 0.603
The total view 0.491 0.585
4 Discussion

In this study, we proposed a weed phenotype segmentation method based on
Mask R-CNN to obtain the growth stage and central area of weeds in a complex
environment. In this study, images of Solanum nigrum, Barnyard grass, and Abutilon
theophrasti Medicus were collected from three angles of front, side, and top view, and
two datasets (data enhancement and without data enhancement) were produced. Two
backbone networks were used, namely, ResNet50 and ResNet101. The results of
detection and instance segmentation are evaluated. Evaluation of this method can
detect weeds at the object level and segment weeds at the pixel level. It is concluded
that data enhancement can improve the performance of the model. The Mask R-CNN
model using ResNet101 as the backbone network has the highest mIOU value, which

is better than ResNet50 and can be used for weed segmentation. Furthermore, the
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weed image taken from the top view angle compared to the other two angles has the
highest detection accuracy.

We identified individual plant images of three weeds in the field, but weeds are
visual objects with complex structures and rich texture features, and even the same
species can have large differences in morphology and colour. However, the deep
learning model can automatically learn and extract the features of complex objects,
and instance segmentation is a kind of deep learning model that can detect the target
pixel by pixel, which solves the problems of blade adhesion and occlusion [52]. Good
results have been obtained in the study of plant phenotypes [53]. It can be seen that
the instance segmentation model is very suitable for dealing with complex
environmental problems in the field. However, the deep learning model relies on a
large number of datasets to train the network. Due to the limited number of datasets,
we use data enhancement methods to expand the dataset from 4000 to 6000. The
experimental results (Table 3) show that the use of data enhancement methods can
help improve the performance of the model and help reduce the impact of overfitting.
In the case of data enhancement, the leaves of Barnyard grass compared with most
broadleaf weeds showed the best performance in all classifications; therefore, because
Barnyard grass is an annual herb and its leaves are narrow and long, it is distinct in
terms of characteristics from the other two weeds. The less appealing detection result
for Abutilon theophrasti Medicus occurs because the leaves of Abutilon theophrasti
Medicus are elliptical, similar to those of Solanum nigrum. Moreover, a blurred image
may result in insufficient image information extraction. Hence, misjudgement of the
results can easily occur, which is undesirable because it can lead to errors in leaf age
identification. ResNet101 showed a higher F; score in the central area, because the

characteristics of the centre area are more obvious than other categories when the
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model is classified. In the total test set, when the 10U threshold of ResNet101 is 0.5
or 0.7, the mAP value is greater than that of ResNet50. However, the mIOU of
ResNet101 was 0.585 in the total test set, indicating that it can meet the needs of
instance segmentation. Thus, the Mask R-CNN model using ResNet101 as the
backbone can reliably segment weeds.

In the research status at home and abroad, we found that in the research of Quan
and Feng, when the angle between the camera and the vertical direction is 0°, the
detection accuracy is 0.0095 lower than other angles [27]. But our research found that
when ResNet101 is used as the backbone network, the average F; value of the top
view is 0.0269 and is 0.0083 higher than that of the side view and the front view. |
think the reason should be that his research is to obtain maize seedlings and weeds in
the image. At the shooting Angle of 0°, the maize in the image contains only one plant,
and only contains the top view, but 30° and 75° will produce maize seedlings and
weeds from different angles, and also contains the front view and top view. For the
detection of maize seedlings and weeds, different angles contain different information,
and more comprehensive information is conducive to improving the performance of
the model. But in my research, the purpose is to obtain the leaf age and central area of
the weed, as shown in Figure 2, we can obtain more comprehensive weed phenotype
information from the perspective of the top view, especially given that the central area
of weeds will be obtained more, while the side view and the front view will see less
from the central area. This may be the cause of the different results.

At present, the treatment of weeds in the field mostly involves weed
classification and detection. Weed classification can determine only the species of
weeds, while the specific position coordinates of weeds cannot be obtained; thus, it is

impossible to spray the exact target. Weed detection can facilitate drawing the
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bounding box of weeds, but weeds are irregular in shape and size, causing the
machine to be inaccurate relative to the target, which will result in some herbicide
falling to the ground and not being absorbed by the weeds, leading to environmental
pollution and wasted herbicide. As a kind of deep learning model, instance
segmentation can detect the target pixel by pixel, which solves the problems of blade
adhesion and occlusion. The leaf age of weeds and the position of the centre area can
be obtained more accurately. In the Northeast Plain of China, the main economic
crops are maize, soybeans, and wheat, which are susceptible to annual and perennial
weeds. On the one hand, controlling annual and perennial weeds can increase crop
yields and reduce the likelihood of damage caused by weeds in the second year [54].
On the other hand, studying the interaction between plant phenotype and vision
through effective phenotypic analysis can obtain information on plant growth and
morphological changes.

The limitation of this study is that the identification efficiency of this study is
low, and further improvement of efficiency is needed before it can be used in
engineering practice. The DCNN model of this study was used to segment only three
kinds of weeds. If we expand the kinds of weeds, collect and segment the images of
field crops, and increase the number of datasets, the model can achieve a higher
segmentation accuracy. According to the obtained leaf age of economic crops, it can
also provide an important basis for crop fertilization. For some plants, the central area
is the pollination area of flowers, and segmentation of this part will provide an
important basis for subsequent studies. Future research will focus on evaluating image
datasets covering a wider range of weeds and crop varieties. Most of the images used
for model testing contained only single-plant weeds, and only a few contained

multiple weeds. Mask R-CNN failed to segment weeds near the edges in a few test
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images containing multiple weeds, but continuous video input will eliminate edge
effects when applied in the field.

The results of this study show that the combination of weed phenotype and
computer vision is very suitable for dealing with complex field conditions such as
light changes, leaf occlusion, and mixed leaf age. The models and methods proposed
in this study can be applied to the study of many different types of plants. The data of
this study were taken from a complex field environment, and previous studies on plant
phenotypes were mostly taken in an indoor environment, in which the image
background is often very pure and the illumination is very uniform. Studying the field
environment can make the model more suitable for practical applications, and the
shooting angle of the dataset determines how much we obtain from the target image
information, so it is meaningful to study the segmentation results at different shooting
angles. At present, there are few studies on plant phenotypes that are specific to weed
phenotypes, but weeds of different leaf ages require different doses of herbicides, so it
is of great significance to obtain the information of weed leaf ages to reduce the
amount of herbicides. To make this research practical, we can deploy the trained
model on the mobile platform of the spray system used for weeding in the future,
which can promote the development of precision agriculture and intelligent
agriculture.

5 Conclusions

In this paper, we proposed a weed phenotype segmentation method based on the
improved Mask R-CNN to obtain the weed species, leaf age and central area of weeds.
In the field of plant phenotype research, in the context of complex field environments,
obtaining weed phenotypes is still a substantial challenge. According to the research

status at home and abroad, we can know that leaf age and central area are important
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phenotypic traits of weeds. We obtained leaf age and central area, which are of great
significance for targeted weeding. Improve the performance of the model through data
enhancement. In addition, we found that the weed image taken from the top view
angle can help to improve the performance of the model. Weed datasets were
constructed by data collection from three angles and data enhancement, the dataset
can contain weed information of different growth stages, different angles, and
different types. The dataset and research results may provide important resources for
future plant phenotype research.

Because the DCNN has the ability to extract features from complex
environments, it is very suitable for addressing complex image problems in the field.
The experimental results show that despite the interference of straw and crop leaves in
the background of weeds in the field, Mask R-CNN model using Resnet101 as the
backbone network still achieves accurate segmentation of weeds. Good segmentation
performance has been achieved. We hypothesize that the Mask R-CNN example
segmentation model used here is suitable for all weeds and cash crops in the field,
such as Setaria viridis, Cirsium setosum, maize, and wheat, and that the segmentation
of different parts of plants will provide more help in the study of plant phenotypes.
Future research will focus on evaluating image datasets that cover a wider range of
weeds and crop varieties. The identification efficiency of this study is low, so we need
improve model efficiency, and deploy the trained model on the mobile platform of the
spray system used for weeding in the future. The model combines artificial
intelligence technology with agronomic research and applies it to the development of

intelligent agriculture.
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