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Abstract Pine wilt disease caused by the pinewood nema-
tode Bursaphelenchus xylophilus has led to the death of a
large number of pine trees in China. This destructive disease
has the characteristics of bring wide-spread, fast onset, and
long incubation time. Most importantly, in China, the fatal-
ity rate in pines is as high as 100%. The key to reducing this
mortality is how to quickly find the infected trees. We pro-
posed a method of automatically identifying infected trees
by a convolution neural network and bounding box tool. This
method rapidly locates the infected area by classifying and
recognizing remote sensing images obtained by high resolu-
tion earth observation Satellite. The recognition accuracy of
the test data set was 99.4%, and the remote sensing image
combined with convolution neural network algorithm can
identify and determine the distribution of the infected trees.
It can provide strong technical support for the prevention and
control of pine wilt disease.
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Introduction

Pine wilt disease (PWD) caused by pine wood nematode
(Bursaphelenchus xylophilus) (Yang 2010) is a global,
destructive threat to forest ecosystems. PWD spreads
quickly. After being infected by the B. xylophilus nematode,
a healthy pine tree dies within 30 d (Fig. 1). After an out-
break of infection, dead trees are fumigated, and felled and
burnt to limit the spread of the disease, otherwise the entire
pine forest could be infected within 3-5 years (Ye 2019),
(Fig. 2). PWD first appeared in North America and was acci-
dentally introduced into China in 1982, and is now is widely
distributed in the country. Currently, 18 provinces in China
(cities and autonomous regions) have PWD over an area of
1.12 million ha. Considering its destructive potential to for-
est resources (Zhao et al. 2020) and the environment (Zhan
2014), PWD has been included in the internal and external
forest plant quarantine objectives in China.

For PWD, the faster infected trees are found, the less for-
estry resources will be lost (Qin et al. 2021). Therefore, it
is obligatory to develop a feasible and effective approach to
detect pine trees in the early stages of infection. Compared
with the ground survey conducted by forest rangers, the
detection method using satellite images has the advantages
of short time, high efficiency and wide detection range. This
low-cost and low-risk technology is beneficial for forestry
departments to monitor forest diseases in real time and for-
mulate strategies to control the speed and area of disease
transmission.

Before introducing the new method, we refer to the
research of other scholars on PWD, B. xylophilus and related
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Fig. 1 Status of a tree infected
with pine wilt disease on a July
9 and b August 7

Fig. 2 Development of pine wilt disease

pest diseases. Yin et al. (2015) used support vector machine
(SVM) to detect fomato early blight by hyperspectral remote
sensing data. The training accuracy was 84.6%, and the pre-
diction accuracy got 80.7%. Kong et al. (2020) UAV hyper-
spectral platform to obtain rice panicle neck blast canopy
data of different disease grades. The random forest method
was used to identify japonica rice panicle neck blast in alpine
areas at an accuracy of 90.0%. Li et al. (2020) analyzed the
degree of infected trees through an image segmentation
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algorithm with a combination of an ultra-green feature
factor, maximum inter-class variance, and a disaster grade
analysis method of remote sensing panorama. The data were
collected from the infected area by UAV. The recognition
accuracy was 90.4%. Tao et al. (2020) proposed a threshold
division method based on hue-saturation-brightness (HSV).
This method improved the efficiency of manual investiga-
tion of infected pine trees. It provided a method support
for using UAV images to monitor infected trees. With the
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development of artificial neural networks such as VGG (Xu
et al. 2021), ResNet (Wu et al. 2019), Faster-R-CNN (Wan
and Sotirios 2020), and U-Net (Falk et al. 2019), other net-
works were proposed. These algorithms have also been used
in agricultural and forestry image recognition. Zhang et al.
(2020) obtained a visible light image of an infected pine
forest in a large area using aerial photography by drones.
His team segmented the infected pine on the basis of these
images and the U-Net deep learning segmentation network.
The training and verification accuracy obtained by the exper-
iment were 98.7 and 97.8%, respectively. Fang et al. (2021)
used Faster R-CNN framework to identify pine with different
disease degrees, and the correct rate was 83.2%. It realizes
the efficient and accurate discrimination of diseased pine
in remote sensing images of a forest area, providing a reli-
able auxiliary means for the prevention and control of the
disease. Li et al. (2020) used Faster R-CNN target detection
algorithm to automatically identify infected pine trees. After
improving the original algorithm, the overall accuracy of
infected tree recognition was improved from 75.6 to 82.4%.

A deep learning method was used to automatically detect
dead pine trees infected with pine wilt disease in high-res-
olution satellite remote sensing images. The research used
unrelated data sets that contained a large number of dead
and healthy trees to train the model. The method can sig-
nificantly reduce manual work and improve recognition
accuracy.

Materials and methods

Requirements and solutions of satellite remote sensing
data

Whether human or convolution neural networks, in order
to accurately distinguish the objectives in the images, the
images need to have specific resolution. The approach pro-
posed requires images with sub-meter resolution and a short
monitoring window period. First, the study assumes that the
crown is round. Considering that the actual diameter may be
2-5 m, it is difficult to distinguish infected trees from satel-
lite images with a resolution more than one meter. In addi-
tion, PWD occurs briefly and spreads quickly. Therefore,
it is necessary to ensure the timeliness of satellite images.
Fortunately, the successful launch of the Beijing 2 (BJ-2)
satellite developed by China solved both these problems.
BJ-2 is a high-resolution commercial remote sensing sat-
ellite, which consists of three optical remote sensing satel-
lites. It operates in a solar synchronous orbit with an altitude
of 647 km and an inclination of 97.8°. The three satellites
are located in the same orbital plane, and the revisit period
to any position of the earth is 1 day. The BJ-2 satellite uses
the SSTL-300 S1 satellite platform, and the yaw maneuver

range is up to+45°. The quality of the satellite is 447 kg,
and the design life is 7 years. The satellite carries a high-
resolution imager, VHRI-100, with a panchromatic resolu-
tion of 1 m, a multispectral resolution of 4 m and a width
of 23 km. The satellite has the ability of stereoscopic imag-
ing along or crossing the orbit. The daily image acquisition
area of a single satellite is 1,00,000 km?. In the long stripe
imaging mode, the stripe imaging distance is up to 4000 km.
This lays a foundation for satellite remote sensing image
monitoring of pine wood nematode disease. At present, BJ-2
satellite has been widely used in many research fields (Fan
etal. 2021; Zhang et al. 2018).

General situation of the research area

Datian County as the study area of this experiment is located
in central of Fujian Province, on the west side of the Dai-
yunshan vein, between 25°29” N-26°10" N and 117°29’
E-118°03" E (Chen 2014). Datian County is one of the 12
priority ecological areas in Fujian Province, China, with a
forest cover of 70.1%, approximately 2294 km?. The natural
entity of Datian County is “Nine mountains, half water and
half field”. As the source of the Minjiang, Jiulong and Jinji-
ang rivers, the land is fertile with abundant rain and rich in
forest resources. However, in recent years, the proliferation
of PWD has led to the death of pine trees over large areas.

Data acquisition and marking

The onset of PWD is an important starting point for selecting
satellite images. In Datian County, the high incidence period
of pine wilt disease occurs from mid-July to late October. In
addition, degree of cloud content of satellite images deter-
mines the amount of useful information. This study assumes
that the cloud content was inversely proportional to useful
information. According to the above criteria, BJ-2 satellite
images collected on September 7 and October 10, 2020 were
selected as the experimental data (Fig. 3).

Data preprocessing

The original data from BJ-2 was stored in a raster file (.pix)
format with 4 channels. The original image data cannot be
directly used as the input of the classification model. There-
fore, it is necessary to carry out a preprocessing operation.
The specific pretreatment steps are divided into the follow-
ing steps, and the flow chart is shown in Fig. 4.

e Original image clipping
Cut the 4-channel 16-bit raster file (image size:
38,947 % 37,263 x4) into 3-channel 16-bit tagged image
file (.tiff), named Img16 (image size: 1024 x 1024 X 3).
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Fig. 3 Satellite remote sensing image annotation a before marking
and b after marking

¢ Sample making
Clip Img16 to picture Imglnput of size 31 x31X3.
The marking process of positive and negative samples
is described above. 4540 images of uninfected trees
and 6000 images of infected trees were taken from all
ImglInput as training data.
e Image mapping
In view of Imglnput can only be processed by GIS
(Geographic Information system) software such as Arc-
Map (Gorshkov and Novikova 2018), therefore, it was
transformed to 8 bits image named Img8 by linear map-

ping to make the calculation results easier to view. The
mapping function is as follows:

Img Input
—— X255
Im )

max

Imgg =

where Img,,,. s the maximum value of RGB in 3 chan-
nels. Figures 5 and 6 are processed samples of positive
and negative classes, respectively.

Improved LeNet neural network structure

In 1994, Lecun et al. (1998) proposed the LeNet neural net-
work, which was the earliest convolution neural network
and named “LeNet-5" “Gradient-Based Learning Applied
to Document Recognition” (5 meaning having 5 layers)
(Fig. 7). It was first used to solve the visual task of handwrit-
ten digit recognition. Since then, the most basic architecture
of convolution neural network (CNN) has been established:
convolution layer, down sampling layer, and full connection
layer. The purpose of this experiment is to detect infected
individual trees, so the output results of the model should
include healthy and infected individual trees. This is differ-
ent from the task of handwritten digit recognition. Therefore,
it is necessary to modify the original model. Specifically, a
full connection layer with two outputs is added to the origi-
nal model. In addition, the RELU activation function (Yar-
otsky 2017) is used to replace the activation function of the
original model to obtain better training effect (Fig. 8).
The parameters of each layer are as follows:

e Input layer
The function of the input layer is to receive the infor-
mation of the picture. The number of neurons is equal to
the size of the picture 31 x 31 x 3.

For training

E Sample data E
Raster data (.pix) il RGB 16 bit (tiff) RGB 16 bit (tiff) | |
38947x37263x4 10244102453 31x31x3 :
Linear mapping l
RGB 8 bit (.tif) RGB 8 bit (.tif)

:
!
| 1024x1024-3
:

:
3313 ;
:

For checking

Fig. 4 Data preprocessing flow chart
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tion function as input to the subsequent model. The acti-
vation function can improve the nonlinear fitting ability
of the model so that the model can approach any nonlin-
ear function.
e Convolution layer
Using the convolution operation to further attend to the
feature image, the feature map can be obtained with the
size of 27 x27 % 32. The operation uses 32 convolution
cores of size 3 X3 x 32. Therefore, there are a total of
9248 parameters. Similarly, the ReL.U activation function
is used to activate the output.
e Maximum pooling layer
The function of the pooling layer is to under sample the
feature image. The window size of the maximum pooling
layer is 2 x 2. Therefore, an output of size 13x 13 x32
can be obtained.
e Flattening layer
The flattening layer (Shin et al. 2016) is used to “flat-
ten” the input, i.e., to convert the multi-dimensional input
into one-dimensional output. It is used in the transition
from convolution layer to fully connected layer. In this
model, the flattening layer flattens the 13 X 13 x 32 fea-
ture image into 5408 one-dimensional vectors.
e Fully connected layer
The fully connected layer consists of 100 neurons. The
output result is used as the input of the classification layer
by the RELU function.
e Output layer-full connection layer
There are two nodes in this layer and the softmax func-
tion is used to map the output of the neuron to the inter-
val (0, 1). The closer the output result is to O, the greater

Fig. 5 Imgg 3131 %3 infected tree

Fig. 6 Imgg 3131 %3 healthy tree

e Convolution layer

The function of the convolution layer is to convolute
the input image. With the size of 3 X3 X3, 32 channels’
convolution kernels, characteristic images of 29 xX29 x 32
can be obtained. The number of neurons in the convolu-
tion layer is 29X 29 x 32, i.e., 896 parameters. The output
of the convolution layer goes through the RELU activa-

the probability that this region is uninfected. In contrast,
the closer the output result is to 1, the greater the prob-
ability that this region is infected. This makes the process
of target recognition model training.

Pooling layer

Conv layer

Fig. 7 Model structure of LeNet

Conv layer

Pooling layer Fully Softmax
connected

layer
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Input layer (31x31)

Conv layer (3%3x32)

ReLU

Conv layer (3x3x32)

ReLU

Pooling layer

Flatten layer

Fully connected layer (100x1)

RelLU

Fully connected layer (2x1)

SoftMax

Fig. 8 Improved model structure

The function of the output layer is to classify according
to the feature vector. It includes two neurons and Softmax
function (Chen et al. 2018). Softmax function is used to
map the output of the neuron to the interval (0, 1). The
closer the output result is to 0, the greater the probability
that the individual tree is uninfected. In contrast, it indi-
cates that the individual tree may be infected.

Selection of meta parameters.

The Adam optimizer (Kingma and Ba 2014) was selected
in this study, with a 128 batch size and a 0.0001 learning
rate for 30 training iterations. The positive and negative
samples of the data set are 4540 and 6000, respectively.
The data set was divided into training and verification at
a proportion of 8:2, with an additional 1521 samples as
test negative samples and 1501 samples as test positive
samples. The problem in this experiment is two-classifi-
cation problem, so the accuracy evaluation index chooses
“Binary_accuracy”. It evaluates the model by checking
whether the index corresponding to the maximum value
of the picture label value encoded by one-hot is equal to
the index corresponding to the maximum value of each
output of the model.

It is an accuracy that evaluates the model by checking
whether the index corresponding to the maximum value
of the picture label value encoded by one-hot is equal to
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Fig. 9 Training set and validation set accuracy

the index corresponding to the maximum value of each
output of the model.

Results
Experimental environment

The software for this experiment was Python3.6.7. The
model was built by calling the Kera library (Hung et al.
2020). The training method of the model was GPU. The
computer was configured with Intl Xeon E5-2660 v2
2.2 GHz 4-core CPU with 32 GB memory. The graphics
card was two NVIDIA P102-100 s, and the memory 20 GB.

Identification of pine wilt disease

Figure 9 shows that the training accuracy and verification
accuracy of the model obtained by each iteration in the train-
ing process were ~ 98%. Figure 10 shows the model training
loss and verification loss values obtained during each itera-
tion of the training process are controlled within 0.05. With
the increase of iterations, the training accuracy of the model
gradually improved. At the same time, with the increase in
the number of iterations, the loss value decreased gradually,
and there was no over-fitting phenomenon.

Figure 11 shows the detection results of an Img16 image.
The detection process includes the following steps: first, the
picture is clipped into a plurality of Imglnput pictures. It
is then used as the input of the model, and the classifica-
tion results are obtained. If the individual tree in Imglnput
was infected, the coordinates of Imglnput in Imgl6 were
recorded. After judging all the Imglnput, the coordinates
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Fig. 11 Location map of damaged wood using bounding box

of the infected trees in Img16 were obtained. According to
these coordinates, using bounding box (Rajchl et al. 2017)
to mark it in Img16, the individual infected tree can be
detected.

Discussion
Satellite remote sensing is important technology. This

approach is widely used to collect various data of the earth
(Maet al. 2014). The satellite image data obtained have four

characteristics: high spatial resolution, high temporal resolu-
tion, high spectral resolution and high radiation resolution.
After the basic processing of remote sensing image pro-
cessing platforms, such as information extraction, radiation
correction and geometric correction, remote sensing images
can provide more comprehensive and accurate information
for national defense, national economy and even forest pest
monitoring. The emergence of new technologies such as big
data and artificial intelligence provides more innovative pro-
cessing methods for processing remote sensing images. In
the field of forestry, satellite data images have the advantages
of wide area, speed, simultaneity, and economic feasibility.

At present, the common monitoring methods of pine wilt
disease in China are manual examination and UAV remote
sensing. Manual examination is time-consuming and labori-
ous, with a small review area. It is difficult to monitor the
disease on a large scale. This method is often used in the
verification of areas initially diagnosed as infected. The
UAV remote sensing method can achieve high precision
PWD detection in the designated area it is expensive. Com-
pared with satellite images, the monitoring range is lim-
ited. In addition, the number of drone flights per unit time is
limited. PWD has a short onset time, and UAV technology
often misses the best time to prevent or control the disease.
Satellite remote sensing technology is very suitable for PWD
detection missions, and can cover most areas of the country,
resulting in large-scale surveillance of the pine wood nema-
tode disease. The use of satellite remote sensing technology
to locate the incidence area and the accurate establishment
of diseased plants by manual examination or UAV remote
sensing is an effective method for the prevention and control
of the disease.

Conclusion

In this study, the image recognition of damaged pine wood
was completed with satellite image-based data and the deep
learning method. The results show that the training and
verification accuracy reached 98.3 and 95.9%, respectively.
Therefore, the detection of PWD on this model is feasible,
and the method of locating the infected trees is achieved.
This approach can rapidly identify pine trees infected by
PWD and is suitable for large-scale identification. In addi-
tion, this method can continuously track the development of
PWD in areas, and provide timely and accurate information
for forest managers and forest protectors. At the same time,
it also provides an objective basis for the disaster loss assess-
ment of PWD and the formulation of the disease control
standards by pine forest management departments.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
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adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.
org/licenses/by/4.0/.
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