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The invasion of Spartina alterniflora (S. alterniflora) has resulted in significant
losses in the diversity of coastal ecosystems. However, the impact of seasonal
changes on the accurate identification of S. alterniflora remains to be explored,
which is of great significance due to its early monitoring and warning. In this
study, S. alterniflora in Beihai, Guangxi, was selected as the research object.
Unmanned aerial vehicles (UAVs) and deep convolutional neural networks
(CNNs) were used to explore the identification of S. alterniflora in different
seasons. Through comparative analysis, the ResNet50 model performed well in
identifying S. alterniflora, with an Fl-score of 96.40%. The phenological
characteristics of S. alterniflora differ in different seasons. It is difficult to
accurately monitor the annual S. alterniflora using only single-season data.
For the monitoring of S. alterniflora throughout the year, the autumn-winter
two-season model was selected from the perspective of time cost, the four-
season model was selected from the perspective of identification performance,
and the three-season model of summer, autumn and winter was selected from
the perspective of time cost and identification performance. In addition, a
method was developed to predict and evaluate the diffusion trend of S.
alterniflora based on time series UAV images. Using the spring data to
predict the diffusion trend of S. alterniflora in summer and autumn, the
results showed that the highest recall reached 84.28%, the Fl-score was
higher than 70%, and most of the diffusion of S. alterniflora was correctly
predicted. This study demonstrates the feasibility of distinguishing S. alterniflora
from native plants in different seasons based on UAV and CNN recognition
algorithms. The proposed diffusion early warning method reflects the actual
diffusion of S. alterniflora to a certain extent, which is of great significance for
the early management of invasive plants in coastal wetlands.

KEYWORDS

Spartina alterniflora, UAV, image analysis, invasive plant, deep learning

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fenvs.2022.1044839/full
https://www.frontiersin.org/articles/10.3389/fenvs.2022.1044839/full
https://www.frontiersin.org/articles/10.3389/fenvs.2022.1044839/full
https://crossmark.crossref.org/dialog/?doi=10.3389/fenvs.2022.1044839&domain=pdf&date_stamp=2022-10-21
mailto:qianwanqiang@caas.cn
mailto:qiaoxi@caas.cn
mailto:wanfanghao@caas.cn
https://doi.org/10.3389/fenvs.2022.1044839
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org/journals/environmental-science#editorial-board
https://www.frontiersin.org/journals/environmental-science#editorial-board
https://doi.org/10.3389/fenvs.2022.1044839

Li et al.

Introduction

As an important type of biological invasion, plant invasions
have become a significant ecological problem, threatening native
species and affecting the structure and function of ecosystems
(Liu et al, 2018). Spartina alterniflora (S. alterniflora) is a
perennial herb native to the Atlantic coast of North America.
It has strong adaptability and tolerance to the climate and
environment and is generally considered to be beneficial to
ecological restoration (Li et al., 2020; Zhang et al., 2020; Zhu
et al, 2022). To protect the beach environment, China
introduced S. alterniflora from the United States in December
1979 and achieved certain economic benefits during the early
stage (Cui et al,, 2011; Tian et al., 2020; Yang, 2020). However,
once S. alterniflora invades an ecosystem, it quickly becomes a
local dominant species, leading to a decrease in biodiversity (Li
et al,, 2009; Wang et al,, 2015; Wang et al,, 2021) and a negative
impact on the local coastal ecological environment and economic
development (An et al., 2007; Ren et al., 2019; Wu et al., 2020; Xu
etal., 2021). In 2003, S. alterniflora was categorized as one of the
most serious invasive plants by the State Environmental
Protection Administration of China (Chung, 2006). In the
past, managers have tried to eradicate and contain their
effects in the invasion process, but these management
measures have been difficult and expensive (Vaz et al., 2018).
Recently, early monitoring and warning have been recognized as
some of the most cost-effective means of responding to biological
invasions (Grosse-Stoltenberg et al., 2018; Martin et al., 2018).

Over the years, scholars have carried out much research on
monitoring the invasion of S. alterniflora in coastal areas of
China. However, most studies have focused on the monitoring of
S. alterniflora in specific seasons, and detailed analysis of its
invasion from the perspective of different seasons is rare. (Li
et al., 2020). When different researchers use or interpret images
from different seasons, the results are often highly uncertain
(Zhang et al., 2020). To facilitate the management and control of
this invasive plant, an efficient and accurate method for
monitoring S. alterniflora in different seasons is needed. Most
of the classification methods used to date are traditional machine
learning algorithms, such as maximum likelihood, support vector
machine, and random forest (Ren et al., 2014; Wang et al., 2015).
These methods have a low degree of automation and limited
processing capabilities for complex functions, making it difficult
to improve the classification accuracy of S. alterniflora in
complex backgrounds in the wild. Deep learning is a new field
in machine learning that realizes the powerful ability to learn the
basic features of data from samples by learning a multilayer
nonlinear network structure and transforming the basic
properties of the original data into more robust abstract
features (Zhu et al, 2022). Hang et al. (2019) used a deep
learning method to identify and classify plant leaf diseases
and achieved an accuracy of 91.7% on a test dataset, which
greatly improved the efficiency and accuracy of identification.
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Chen etal. (2020) used the SRCNN and FSRCNN to monitor and
analyse S. alterniflora at the patch scale, and the results showed
that the FSRCNN could more accurately identify S. alterniflora in
small patches. A deep convolutional neural network (CNN) can
automatically extract features from image data, which greatly
improves the classification accuracy in complex environments.
However, the current research using CNNs to identify S.
alterniflora is limited to a specific season, and whether CNNs
can reliably distinguish S. alterniflora and native plants in
different seasons remains to be further explored.

S. alterniflora appeared in different states and scales during
the invasion process, such as small discrete patches at the early
stage of invasion; connected strips, broken patches and mixed
patches at the middle stage of invasion; and large single-
population patches at the end of invasion. These different
states exist simultaneously in any intrusion zone (Zhu et al,
2022). Remote sensing has been shown to be a viable tool for
monitoring the dynamics of invasive plants (Lawrence et al.,
2006; Bradley, 2014). In the past 10 years, medium-resolution
satellites have been widely used in the monitoring of S.
alterniflora, which can effectively monitor S. alterniflora in
the middle and late stages of invasion (Zuo et al, 2012;
O’Donnell and Schalles, 2016).
submeter-level high-resolution satellites, it is difficult to
effectively identify the early invasion of S. alterniflora,

However, even with

which is not conducive to early monitoring and warning (Ai
etal, 2017; Liu et al., 2017; Zhu et al., 2019). In recent years,
UAVs, as a new type of remote sensing platform, have provided
unparalleled spatial and temporal resolution at reasonable cost,
which provides a new way to accurately monitor S. alterniflora
in the early stage of invasion (Martin et al, 2018). S.
alterniflora is in the early stage of invasion, and its invasion
has not been fully established, which is the best period for its
control. UAVs can detect and provide a more detailed
distribution map of S. alterniflora over time. The analysis of
time-series UAV image data will help us to further understand
the diffusion mechanism of S. alterniflora, making it possible
to predict the diffusion of S. alterniflora. However, relevant
studies on the diffusion prediction of S. alterniflora have not
been reported. Achieving accurate identification of S.
alterniflora and prediction of its spreading trend will help
managers formulate more effective management and
containment measures.

In this study, the following questions were discussed: 1) Can a
time-series UAV image recognition algorithm based on CNN
reliably distinguish S. alterniflora from native plants? 2) Can
time-series UAV images based on phenology predict the
diffusion of S. alterniflora? As a pilot and methodological
study, Beihai, China was selected as the case study area, where
S. alterniflora has been expanding and migrating significantly.
The specific objectives of this study are 1) to develop and evaluate
CNN-based recognition algorithms to effectively distinguish .

alterniflora from native plants using time-series UAV images. 2)
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FIGURE 1

Location of the study area and field work scenarios. Among them, (A) shows the study area located in Beihai, Guangxi, China; (B,C) shows the

working scene of UAV in the field.

Develop a method to predict and evaluate the diffusion trend of S.
alterniflora based on time-series UAV images.

Materials and methods
Study area

The study area was located in Zhulin Village, Yinhai District,
Beihai City, Guangxi Zhuang Autonomous Region, China
(21°27'43.58"N, 109°18'54.02"E), as shown in Figure 1A. It
has a typical subtropical monsoon climate with an annual
mean temperature of approximately 23.3°C and annual mean
precipitation of approximately 1800 mm. The most common
native plants in the study area are mangroves, which play an
important role in maintaining the ecological balance of coastal
areas, preventing wind damage, and protecting the environment
(Heetal., 2019). However, S. alterniflora invasion is evident here,
and it is squeezing the mangrove habitats.

Materials

Data acquisition

Experimental image data were collected in December
2020 March 2021, June 2021, and September 2021. They are
denoted as winter, spring, summer and autumn data. The UAV
platform is a DJI Royal MAVIC MINI UAV. The specific
parameters are shown in Table 1, and the acquisition
equipment and field work scenarios are shown in Figures
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1B,C. In the research area, the UAV is 10m above the
ground, the average flight speed is 4.0 m/s, and the pitch
angle of the gimbal is -90°. Take equally spaced photos and
ensure an image overlap of 60% in both the forward and sideward
directions. In each season, 1,200 original images were collected
with a spatial resolution of 4,000 x 2,250.

Data preprocessing
Orthophoto

After acquiring the original images of the UAV, Agisoft
PhotoScan (The Agisoft Inc., Russia) was used to create
orthophotos based on the UAV position and direction
parameters provided by the UAV inertial system. The
orthophotos were cropped to remove parts irrelevant to the
experiment, resulting in four seasons of orthophotos with a
pixel size of 9,408 x 18,928 (Figures 2A-D).

TABLE 1 The major parameters of MAVIC MINI.

Name Technical parameters

Maximum flight time 30 min (constant speed

14 km/h in windless

environment)
Maximum horizontal flight speed 13 m/s (sports gear)
8 m/s (Level 4 wind)

4,000 x 2,250 pixels

Maximum wind resistance rating
Maximum photo size

Effective pixels 12 megapixels
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FIGURE 2
Orthophotos and dataset categories. Where (A—D) are orthophotos in winter, spring, summer, and autumn (2020/12, 2021/03, 2021/06, 2021/
09); (E-H) are schematic diagrams of S. alterniflora, mangroves, tidal flats, and seawalls.

Dataset
MATLAB 2018 (The Math Works Inc., United States) was
used to segment the orthophoto images, and 14,196 blocks with

H:I Autumn[___] Summer[_] Spring[__] Winter‘

112 x 112 pixels were obtained in each season. Then, 0

14,196 blocks were divided into four categories, including S. 90

alterniflora, mangroves, tidal flats and seawalls (Figures 2E-H). 80

In each season, 4,500 samples were randomly selected from S. 70 4 ||

alterniflora and mangroves, and 1,500 samples were randomly < ] [

selected from tidal flats and seawalls to obtain four single-season Qé% o

datasets (AD1-AD4). Two-season (BD1-BD4), three-season ‘q":; 504 = [

(CD1-CD4) and four-season (DD) datasets were obtained S 40-

through the equal proportion combination of each single- = 30 —

season dataset, and the number of samples of each category in

all datasets was consistent (Figure 3). Finally, according to the 20

ratio of 6:2:2, each dataset is divided into a training set, validation 10 4

set and test set. 04 AL i B
AD1 AD2 AD3 AD4 BD1 BD2 BD3 BD4 CD1 CD2 CD3 CD4 D

Datasets
Methods FIGURE 3

The composition of different datasets, in which AD1-AD4
) represents winter, spring, summer and autumn datasets, BD1-BD4
Research technical route represents winter/spring, spring/summer, summer/autumn and

We use the spring dataset to select one of five deep learning autumn/winter combined datasets, CD1-CD4 represents

.. . winter/spring/summer, spring/summer/autumn, summer/
models and train it on all the datasets. The model with the best autumn/winter and autumn/winter/spring combined datasets, and
classification performance for S. alterniflora throughout the year DD represents all season combined dataset.

and spring was selected. Then generate an early warning heat
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Research technical route.

map according to the spring classification map of S. alterniflora
and the diffusion distance. The specific technical process of this
study is shown in Figure 4.

Deep learning model

There are many CNN models used for classification tasks
in the early stage, such as LeNet, AlexNet, VGG, GoogleNet,
ResNet, and DenseNet. Newly released algorithm models in
recent years, such as MobileNet, ShuffleNet, EfficientNet, etc.
The model is becoming increasingly sophisticated, and the
recognition speed and recognition accuracy of the model are
increasing. Abade A et al. compiled statistics on 121 papers
selected in the past 10 years on the identification of plant pests
and diseases, and the results showed that AlexNet, VGG,
ResNet, LeNet, Inception V3, and GoogleNet were more
commonly used in previous studies (Abade et al., 2021).
Therefore, this paper preliminarily selects AlexNet
(Krizhevsky et al., 2012), VGGI6 (Simonyan and
Zisserman, 2014), GoogleNet (Szegedy et al, 2014),
ResNet50 (He et al., 2016) and EfficientNetBO (Tan and Le,
2019), which are frequently used in previous studies and
recently published, as the CNN model for identifying S.
alterniflora. The parameters of the CNN model used in this
paper are based on the parameters of the original paper.
According to the classification task, the last part of the
network is modified to make the model meet the
classification requirements.

In the CNN model, in addition to the structure of the model
itself, the learning rate, training epochs, and training batch size
will also affect the convergence speed and generalization ability
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of the model. When the learning rate is too large, the model will
easily fall into the local minimum, while when the learning rate
is too small, the model will slow down the convergence speed. If
the training epochs are set too large, the model training will be
slow, and if the training epochs are too small, the model will
stop training before convergence, and the optimal result will not
be obtained. Within a certain range, the larger the set of train
batch sizes, the higher the resource utilization rate of the
computer, and the faster the model training speed will be. In
this paper, all models are trained with consistent
hyperparameter settings. The initial learning rate is 0.01, the
learning decay rate is 0.85, the training epochs are 500, and the
sample batch size is 128.

AlexNet

The AlexNet (Krizhevsky et al., 2012) network consists of five
convolutional layers, three pooling layers, and three fully
connected layers. The convolutional layer and the pooling
layer are mainly used to extract image feature information,
the fully connected layer converts the feature map into a
feature vector, and the last fully connected layer submits the
output to the Softmax layer. And AlexNet proposed new
technologies such as LRN (Local Response Normalization),
ReLU activation function, Dropout, and GPU acceleration in
model training, which successfully promoted the development of
neural networks.

VGG16
VGGNet (Simonyan and Zisserman, 2014) explores the
relationship between the depth of convolutional neural

frontiersin.org
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Spring boundary

Spring to summer

FIGURE 5
The actual distribution profile of S. alterniflora.

networks and their performance, building deep convolutional
neural networks by repeatedly stacking 3 x 3 convolution kernels
and 2 x 2 max-pooling layers. VGG16 has 13 convolutional
layers and three fully connected layers. The 13 convolutional
layers are divided by the Max-pooling layer at the second, fourth,
seventh, 10th and 13th layers respectively, which can reduce the
length and width of the feature map by 1/2.

GoogleNet

GoogleNet (Szegedy et al., 2014) first reduces the number of
channels and aggregates information through 1 x
1 convolution, and then performs the calculation, which
effectively utilizes the computing power. The fusion of
different scales of convolution and pooling operations, as
well as the fusion of multi-dimensional features, makes the
recognition and classification performance better. Widening
the network model structure also avoids the problem of training
gradient dispersion caused by the network being too deep. The
GoogleNet network adopts global mean pooling, which solves
the characteristics of the traditional CNN network that the
parameters of the last fully connected layer are too complex and

the generalization ability is poor.

ResNet50

ResNet (He et al.,, 2016) adds a residual unit to the network
structure. The residual unit establishes a direct shortcut channel
between input and output, implementing an identity mapping
layer with the same output as the input. In this way, ResNet solves
the problems of gradient dispersion and accuracy degradation in
deep networks, which not only ensures the training accuracy, but
also controls the training speed.
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Autumn boundary

Spring to autumn

EfficientNetBO

EfficientNet (Tan and Le, 2019) uses network search
techniques to search the network’s input image resolution,
depth and width parameters to obtain the most balanced
match. Such an efficient network not only has less parameters,
but also can learn the deep semantic information of images well,
and is more robust for classification tasks.

Early warning of S. alterniflora
Diffusion distance

An important indicator of the diffusion prediction of S.
alterniflora is the diffusion distance in a certain period. A part
of the distribution map of S. alterniflora in spring was randomly
selected and divided into three equal parts. Using manual
annotation, the distribution contours of S. alterniflora in
spring, summer and autumn were marked (Figure 5).

Then, set the borderline width to one pixel and count the
spring-summer and spring-autumn borderline pixels and the
spring-summer and spring-autumn diffusion area pixels. The
diffusion distance H is calculated according to Formula 1, where
L, is the diffusion boundary of S. alterniflora in the initial period,
L, is the diffusion boundary of S. alterniflora in the current
period, S is the area of S. alterniflora spread in the two periods,
and d is the image pixel resolution, d = 0.004348 m.

28

H=———xd
(Ly + Ly)

1

S. alterniflora diffusion prediction
For the prediction point O, the probability 8, of the
of S. alterniflora is the

occurrence determined by
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FIGURE 6

Prediction method of S. alterniflora diffusion, in which the red

dots indicate the existing distribution of S. alterniflora, O indicates
the point to be predicted, H indicates the diffusion distance, and
the red dots marked with S indicate the S. alterniflora within

the radius H

surrounding S. alterniflora (the maximum value of § does not
exceed 1), as shown in Figure 6. The calculation formula of the
probability value 3, of S. alterniflora spreading to point O is as
Formula 2, in which the value of [38i is 1, H is the diffusion
distance, and n is the number of S. alterniflora within
radius H.

\/(xsi - x0)*+ (5~ yo)’

H @

Bo= Zn:ﬁs x

Evaluating indicator

In this paper, the recognition effect of the network model and
early warning of S. alterniflora diffusion need to be quantitatively
evaluated. Accuracy, precision, recall, F1-score, efficiency and K
were used as evaluation indicators. The calculation formula of
each indicator is as follows:

Ao TP+ TN 3)
" TP+ TN+ FP + EN

TP
P=——— 4
TP + FP @

TP
R = — 5
TP + FN )

2xPxR
F=2"-"= (6)
P+R
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N
E= Ztl (7)
i=1
EWDA
K= 8
ADA ®

where A is the accuracy, P is the precision, R is the recall, F is the
Fl-score, TP is the true positive sample, TN is the true negative
sample, FP is the false-positive sample, FN is the false negative
sample, E is the efficiency, N is the number of samples in the test
set, and ¢; is the time required by the model to identify the ith
sample in unit (s). K is the ratio of the predicted diffusion area of
S. alterniflora to the actual diffusion area in the two periods,
EWDA is the predicted diffusion area of S. alterniflora, and ADA
is the actual diffusion area of S. alterniflora.

Results and discussion
Deep CNN model selection

Deep CNN training

To select the CNN model suitable for S. alterniflora.
Recognition, the spring dataset (AD2) was used as the basic
dataset for training and testing each model. The training results
of the model are obtained, as shown in Figure 7. After 500 epochs
of training, the loss tends flatten, and the accuracy of the training
set does not rise any more, indicating that all models have
reached the convergence state. The highest accuracies of the
AlexNet,  VGGI16,  GoogleNet,  EfficientNetBO  and
ResNet50 models are 84.23%, 93.03%, 96.32%, 94.77% and
98.03%, respectively. Among them, ResNet50 has the highest
accuracy and good recognition ability on the training set, while
AlexNet has the lowest accuracy.

Deep CNN testing

After all models converge in training, an optimal model will
be saved. The test set of the AD2 dataset is fed into each saved
model. The accuracy, precision, recall, F1-score and efficiency of
each model are calculated, and the results are shown in Table 2.

In Table 2, the bold fonts represent the optimal recognition
results of the five models on the test set. The total accuracy of
ResNet50 was 96.96%, which is much greater than that of the
other models. The total accuracy of AlexNet is the lowest,
reaching only 83.75%. In the identification of S. alterniflora,
ResNet50 achieved a precision of 97.61%, a recall of 95.22%, and
an Fl-score of 96.40%. Compared with the other four models,
ResNet50 had the best classification performance. In the
identification of mangroves, EfficientNetBO has the highest
precision of 99.66%. ResNet50 has the best recall (99.22%)
and Fl1-score (99.11%). In addition, in the recognition of tidal
flats ResNet50 has the
performance among the five models. In terms of efficiency,
AlexNet takes the least time, while EfficientNetB0 takes the

and seawalls, best classification
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FIGURE 7

The training results of the spring network model, where (A) is the accuracy of the training process and (B) is the loss of the training process.

TABLE 2 Test results of five CNN models.

Model Indicator S. alterniflora (%) Mangroves (%)

AlexNet P 90.99 99.44 57.00
R 86.44 98.00 74.67
F 88.66 98.71 64.65

VGG16 p 95.89 99.11 75.95
R 93.22 99.00 80.00
F 94.54 99.05 77.92

GoogleNet P 92.60 99.20 74.80
R 91.60 98.40 83.00
F 92.10 98.80 78.70

ResNet50 p 97.61 99.00 88.47
R 95.22 99.22 94.67
F 96.40 99.11 91.47

EfficientNetB0 p 92.61 99.66 81.85
R 91.89 97.67 85.67
F 92.25 98.65 83.72

Note: Bold words represent the best results of the five models on the test set.
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Tidal flats (%)
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FIGURE 8

(A-D), respectively show the F1-score of each model of S. alterniflora, mangroves, tidal flats and seawalls, where A1-A4 represents the single-
season model of winter, spring, summer and autumn, B1-B4 represents the two-season model of winter/spring, spring/summer, summer/autumn
and autumn/winter, C1-C4 represents the three-season model of winter/spring/summer, spring/summer/autumn, summer/autumn/winter and

autumn/winter/spring, and D represents the four-season model.

most time. Considering the total accuracy and efficiency,
ResNet50 has a good recognition result for S. alterniflora, so
ResNet50 was selected as the recognition model.

Identifying in different datasets

First, the training sets of the AD1-DD dataset were fed into
ResNet50, and all the trained ResNet50 structures and training
hyperparameters were consistent. The trained models were
obtained and denoted as A1-D models. Second, the test sets
of AD1-AD4 were fed into each trained model to generate a
confusion matrix. Then, the accuracy, precision, recall and F1-
score of each model for the AD1-AD4 test set were calculated.
Finally, the Fl-score of S. alterniflora, mangroves, tidal flats and
seawalls identified by each model in the four seasons was drawn
into a bar chart, and its average value was calculated, as shown in
Figure 8.

Identification of S. alterniflora

The single-season model (A1-A4) was good at identifying S.
alterniflora in their respective seasons but poor at identifying S.
alterniflora in the other three seasons, indicating that there were
differences in the characteristics of S. alterniflora in different
seasons (Figure 8A). In the A2, A3 and A4 models, the F1-score
of S. alterniflora in winter was lower than 70%, among which the
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Fl-score of the A3 model was only 43.90%, indicating that S.
alterniflora in winter was not easy to identify. The mean F1-score
of the A1 model was the highest at 89%, and that of the A3 model
was the lowest at 72.84%. In different seasons, the characteristics
of S. alterniflora that can be learned by CNN are significantly
different, so it is difficult to accurately monitor S. alterniflora
using only single-season data. The recognition ability of the
single-season model for the four seasons of S. alterniflora was
A1>A2>A4>A3.

In the two-season model (B1-B4), B2 and B3 recognized S.
alterniflora poorly in winter, with Fl-scores of 73.48% and
64.39%, respectively. Neither model was trained on winter
data, suggesting that winter data play a key role in monitoring
S. alterniflora throughout the year. The mean Fl-score of the
B4 model was the highest at 91.37%, and that of the B3 model was
the lowest at 85.57%. The recognition ability of the two-season
model for the four seasons of S. alterniflora was B4>B1>B2>B3.

In the three-season models (C1-C4), the C2 model had the
best recognition of S. alterniflora in spring, with an F1-score of
95.84%, and the worst recognition of S. alterniflora in winter,
with an Fl-score of only 82.43%. The F1-score of the C3 model
for S. alterniflora identification in the four seasons was above
90.00%, and the mean Fl-score was 93.31%. The recognition
ability of the three-season model for the four seasons of §.
alterniflora was C3>C1>C4>C2. The Fl-scores of the four-
season D model for S. alterniflora identification in the four
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FIGURE 9

(A-D) shows the identification distribution of S. alterniflora in different seasons, and (E) shows the coverage of S. alterniflora in each season.

seasons were 93.95%, 93.03%, 92.97% and 94.65%, respectively,
and the mean Fl-score was the highest among all the models,
which was 93.65%.

Overall, the ability of different combination models to
recognize S. alterniflora throughout the year was D >
C3>B4>Al. From the perspective of time cost, the B4 model
can be selected as the model to identify S. alterniflora throughout
the year. Although the B4 model has a slightly lower recognition
accuracy for S. alterniflora in summer, it only uses the data of two
seasons, which can save a lot of time. From the perspective of
recognition accuracy, the D model can be selected, which has the
highest accuracy among all models. From the perspective of time
cost and recognition accuracy, the C3 model can be selected as
the model to identify S. alterniflora throughout the year.

Identification of other categories

For the identification of mangroves, the average F1-Score of
the C3 three-season model was the largest at 97.83%, while the
average F1-Score of the three single-season models of A1-A3
were all above 90%. Overall, no matter which model is used, it can
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better the The
characteristics of mangroves in different seasons are similar,

identify mangroves throughout year.
and the CNN can use the data from a certain season to
the year
(Figure 8B). For tidal flat identification, regardless of the

model used, as long as the dataset used for training does not

accurately  identify mangroves throughout

contain a dataset of a certain season, the model will not perform
well in tidal flat identification in that season. Even if the D model
includes data from the four seasons, its average F1-score is still
lower than 90%, which may be because in different seasons, the
characteristics of tidal flats change greatly under the interference
of environmental factors such as sunlight and tides. This will
cause great interference in the accurate identification of tidal flats
(Figure 8C). For the identification of seawalls, in the single-
season model (A1-A4) and the two-season model (B1-B4), except
for the A3 model, the average F1-score was 68.26%, and the rest
were all higher than 80%. The average F1-score was above 90% in
both the C1-C4 and D models, with the D model being the
highest at 96.85%. The identification of seawalls was greatly
improved by combining multiseason data (Figure 8D).
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TABLE 3 Statistical value of S. alterniflora diffusion index.

Number | Il 1l

Spring boundary length (pix) 9,246 9,258 21,275
Summer boundary length (pix) 8,460 4,835 14,415
Autumn boundary length (pix) 6,621 4,340 13,689
Diffusion area from spring to summer (pix) 1,182,360 933,356 2,026,505
Diffusion area from spring to autumn (pix) 1,281,291 916,050 2,225,767
H; (m) 0.5807 0.5759 0.4938
H, (m) 0.7022 0.5858 0.5536

Note: H; is the diffusion distance from spring to summer; H, is the diffusion distance
from spring to autumn.

Result demonstrability

The F1-score of the D model is the highest, so the D model is
selected as the network model for the monitoring of S
alterniflora throughout the year. The colour of the identified
S. alterniflora was marked in red to obtain the distribution map
of S. alterniflora in different seasons. Intuitively, the general
distribution of S. alterniflora in the four seasons is basically
consistent with the actual distribution of S. alterniflora (Figures
9A-D). The coverage rate of S. alterniflora in each season was
calculated, and it can be seen that the coverage rate of S.
alterniflora increased gradually from winter to spring and
then to summer, while the coverage rate of S. alterniflora
decreased from summer to autumn (Figure 9E).

Early warning of S. alterniflora

S. alterniflora mainly diffuses through rhizomes and seeds,
and through rhizome diffusion, it expands more stably based on
the original distribution, while it is more difficult to accurately

10.3389/fenvs.2022.1044839

capture through seed diffusion. From spring to autumn, S.
alterniflora diffusion mainly through rhizomes, and its seeds
were immature, which provided the possibility to accurately
predict the diffusion of S. alterniflora. In addition, since S.
alterniflora is easier to identify in spring, its diffusion from
spring to summer and spring to autumn was predicted based
on spring S. alterniflora.

Diffusion distance

Table 3 shows that from summer to autumn, at the boundary
of the S. alterniflora distribution, the diffusion area of S.
alterniflora in plots I and III further increased, while that in
plot II decreased slightly. This result is inconsistent with the
decreasing trend of the overall coverage of S. alterniflora. During
this period, part of S. alterniflora withered gradually, resulting in
a decrease in the overall coverage of S. alterniflora. However, S.
alterniflora would continue to diffuse outward, so the diffusion
area at the boundary of S. alterniflora would further increase.

Early warning visualization of S. alterniflora

The A2 model had the highest recognition accuracy for S.
alterniflora in spring, and the early warning process was based on
the distribution map of S. alterniflora in spring. To minimize the
impact of misidentification, the A2 model was used to obtain the
distribution map of S. alterniflora in spring as the base image.

Ideally, S. alterniflora’s ability to diffuse is the same in all
directions and gradually diminishes from the inside out. Take S.
alterniflora as the centre point and take the radius H to create a
buffer area, where H is the diffusion distance of S. alterniflora
calculated above, and gradually fill grey from the centre (the grey
value of the centre point) to the boundary (zero). For areas with
buffer crossings, greyscale values can be superimposed to
generate an early warning heatmap (Figure 10). The blue
border represents the border of the early warning result, and

Summer boundary

Spring to summer

FIGURE 10
Early warning heatmap.
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FIGURE 11
The A2 model misidentifies hay as S. alterniflora in spring.

TABLE 4 Early warning assessment of S. alterniflora diffusion.

S. alterniflora

Plots K Precision (%) Recall (%) F1-score (%)
Before correction Spring to summer | 1.4333 60.20 75.02 66.80
Il 1.4451 63.48 79.50 70.59
1] 1.5242 62.36 84.28 71.69
Spring to autumn | 1.1604 64.12 74.40 68.88
1l 1.2780 61.39 78.45 68.88
1] 1.2638 64.04 80.93 71.50
After correction Spring to summer | 1.0589 70.85 75.02 72.87
Il 1.0595 75.03 79.50 77.20
1 1.1787 71.51 84.28 77.37
Spring to autumn | 0.9961 74.64 74.40 74.55
Il 1.0910 71.91 78.45 75.04
1] 1.1373 71.16 80.93 75.73

the darker the red colour of the area is, the denser S. alterniflora is
here. It can be seen intuitively that most of the early warning
areas of S. alterniflora are consistent with the actual distribution
of S. alterniflora, but there are large deviations in some places.

Early warning evaluation

In the early warning map, check the original spring map
where there is a large deviation (Figure 11). During the
identification of S. alterniflora, the model identified hay as
normal S. alterniflora. The hay will not spread further and
will be transported to other places with the seawater, thus
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affecting the early warning of the spread of S. alterniflora. To
accurately assess the spread of S. alterniflora early warning, the
impact of these hay needs to be removed.

From Table 4, it can be seen that before removing the
influence of hay, the K of the three plots was much larger
than 1, and the maximum was 1.5242. Their precisions are all
lower than 65%, indicating that the area of the diffusion warning
is too large. The minimum recall is 74.40%, and the maximum is
84.28%, indicating that the diffusion warning area contains most
of the actual diffusion area. After removing the influence of hay,
K was closer to 1, and its maximum value was only 1.1787,
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indicating that the predicted diffusion area of S. alterniflora was
closer to the actual diffusion area. The precisions are all greater
than 70%, and the maximum value reaches 75.03%. This shows
that after removing the influence of hay, the precision has been
improved, which is closer to the actual precision of the diffusion
warning. The minimum F1-score was 72.87%, and the maximum
was 77.37%, indicating that the predicted diffusion area of S.
alterniflora reflected the actual spread of S. alterniflora to a
certain extent.

In addition to the influence of factors such as hay, there are
also the following reasons, which will affect the spread prediction
of S. alterniflora. Due to the subjective influence of people, there
will be errors when drawing the contour boundary of S.
alterniflora, resulting in errors when calculating the diffusion
distance. Moreover, the spread of S. alterniflora is also affected by
the surrounding environment. The speed of S. alterniflora
spreading to tidal flats and mangroves is different. It is
relatively easy to spread to tidal flats but relatively difficult to
spread to mangroves. Therefore, there are limitations to diffusion
prediction based on the average diffusion distance.

4 Conclusion

In this study, time-series UAV images were used to achieve
accurate identification of S. alterniflora based on a CNN model,
and a feasible method for early warning of S. alterniflora spread
was proposed. To investigate the impact of different CNN models
on S. alterniflora recognition, the spring dataset was used for
Through
ResNet50 is more suitable for the recognition of S. alterniflora;
its precision on the test set is 97.61%, the recall is 95.22%, and the
Fl-score is 96.40%. To study the effect of different seasons on the

training and evaluation. comparative analysis,

accurate identification of S. alterniflora, ResNet50 was trained and
evaluated using a combination of datasets in different seasons. The
results show that the single-season model can better identify S.
alterniflora in its own season, but it is difficult to accurately identify
S. alterniflora in the whole year using only single-season data. The
characteristics of S. alterniflora in winter are significantly different
from those in other seasons, and it is difficult to accurately identify
S. alterniflora in winter through datasets from other seasons. For
the monitoring of S. alterniflora throughout the year, the autumn-
winter two-season model was selected from the perspective of time
cost, the four-season model was selected from the perspective of
identification performance, and the three-season model of
summer, autumn and winter was selected from the perspective
of time cost and identification performance. In addition, the
diffusion of S. alterniflora from spring to summer and spring to
autumn was predicted. By comparing the actual and predicted
distributions of S. alterniflora, its predictive performance was
evaluated, and possible causes of errors were analysed. The
results showed that the early warning of S. alterniflora reflected
the actual spreading trend of S. alterniflora to a certain extent.
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Using this method to predict the future spread of S. alterniflora has
certain feasibility.
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