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Abstract

BACKGROUND: The timely, rapid, and accurate near real-time observations are urgent to monitor the damage of corn army-
worm, because the rapid expansion of armyworm would lead to severe yield losses. Therefore, the potential of machine learn-
ing algorithms for identifying the armyworm infected areas automatically and accurately by multispectral unmanned aerial
vehicle (UAV) dataset is explored in this study. The study area is in Beicuizhuang Village, Langfang City, Hebei Province, which
is the main corn-producing area in the North China Plain.

RESULTS: Firstly, we identified the optimal combination of image features by Gini-importance and the comparation of four
kinds of machine learning methods including Random Forest (RF), Multilayer Perceptron (MLP), Naive Bayesian (NB) and Sup-
port Vector Machine (SVM) was done. And RFwas proved to be themost potential with the highest Kappa and OA of 0.9709 and
0.9850, respectively. Secondly, the armyworm infected areas and healthy corn areas were predicted by an optimized RF model
in the UAV dataset, and the armyworm incidence levels were classified subsequently. Thirdly, the relationship between the
spectral characteristics of different bands and pest incidence levels within the Sentinel-2 and UAV images were analyzed,
and the B3 in UAV images and the B6 in Sentinel-2 image were less sensitive for armyworm incidence levels. Therefore, the
Sentinel-2 image was used to monitor armyworm in two towns.

CONCLUSIONS: The optimized dataset and RFmodel are effective and reliable, which can be used for identifying the corn dam-
age by armyworm using UAV images accurately and automatically in field-scale.
© 2022 Society of Chemical Industry.
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1 INTRODUCTION
The incidence of crop insect pests is increasing in China due to the
frequent occurrence of extreme weather and the increase of
insect pests' resistance to insecticides in recent years.1 Deutsch
et al. have proved that crop pests will increase with global temper-
ature. When average global surface temperature increases by 2 °C,
corn production will be reduced by 23% in China and 32% in the
United States.2 Armyworm (Mythimna separata Walker) is one of
themost serious insect pests on cereal crops, resulting in great crop
production loss every year.3 Summer corn grows in hot rainy
season, as the high temperature and humidity create a perfect
environment for armyworm to develop. The harm of armyworm
to corn is huge, especially the second- and third-generation larvae
with the characteristics of rapid outbreak.4 In 2012, the armyworm
broke out in most corn planted areas of China, resulting in serious
damage on corn production.5

The chemical pesticide is the primary method to control the
armyworm presently. However, over usage of pesticides will pol-
lute the environment, and pesticide residues do harm to soil
and human health. Thus, it is of great significance to determine
the occurrence area, severity and spread pattern of armyworm

pest rapidly and timely, for controlling the pest infestation by
employing precise spraying of pesticides in the field.6 The tradi-
tional methods of monitoring armyworm are mainly dependent
on the field campaign. It is time-consuming and laborious, and
the field campaign can be done only in finite sampling areas.
Therefore, the laborious investigation method in the field cam-
paign cannot meet the requirements of timely and rational pesti-
cide usage.7 Therefore, many studies have explored for an easy
way to monitor the damage of armyworm pests. The armyworm
mainly feeds on the corn leaves and ears, especially in the
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tasseling-filling stage, which results in plant dwarfing and corn
canopy spectral signature changing. Considering these facts,
remote sensing has emerged as a promising way to identify crop
diseases and insect pests non-destructively, quickly, and automat-
ically on a regional scale.
Many studies8–10 have revealed the effectiveness of satellite

images in monitoring crop diseases and insect pests. Unfortu-
nately, the long revisit period, low spatial resolution, and the
requirements for clear weather of satellite images hampered
monitoring the armyworm damage because the armyworm
would break out in a very short time.11 Recently, unmanned aerial
vehicles (UAVs) with different carrying sensors act as a rapid
and ongoing tool in precision agriculture. Many researches12–14

have made lots of effort on crop monitoring by UAV images. With
the advances in flexible operation and high spatial, spectral,
and temporal resolution, the UAV images can identify the
damaged plants and monitor damaged severity accurately.15

Dobbels and Lorenz16 used a UAV system to monitor soybean
chlorosis caused by iron deficiency. They achieved better results
than traditional ground-based visual assessments. Yue et al.17

extracted pest information from UAV images with an improved
scale-invariant feature transform algorithm. Huang et al.18

explored the potential using a photochemical reflectance index
for quantifying the yellow rust in wheat from airborne hyperspec-
tral images. Due to the fact that UAVs can observe Stereo Image
pairs, and the images can be used to produce digital surface
models (DSMs) through photogrammetry using image-based
modeling (IBM) algorithm, the technique offers a cost-effective
way to collect crop canopy structure information.19 As a co-
product of UAV optical imaging, the DSM can be used to classify
crop planted area,20 monitor crop growth condition,21 identify
crop disasters, and estimate crop yield. However, the potential
of jointing the UAV spectral images, DSM features and spectral
features to monitor the armyworm infestation has few studies
yet. Therefore, we search the optimal combination of the UAV
spectral images, DSM features and image features by Gini-
importance for monitoring the damage of armyworm for summer
corn in this study.
Remote sensing data are massive and high-dimensional big

data. Therefore, efficient and automated approaches are critical
to image analysis and interpretation.22 The Random Forest
(RF) is one of the popular supervised classification methods with
an ensemble learning algorithm, which uses multiple decision
trees to predict samplings.23 Moreover, RF can produce the impor-
tance of all features in the classification, which helps reduce data
dimension and improve efficiency.24 Consequently, RF has been
used in pest damage monitoring by UAV images. Adelabu
et al.25 used RF and Support Vector Machine (SVM) classification
algorithms to identify different levels of insect defoliation in an
African savanna based on RapidEye imagery. Aparecido et al.26

developed a disease and pest warning system for coffee to pre-
dict the incidence of various diseases and insect pests using the
RF Regressor and Artificial Neural Networks. In summary, the
pixel-based RF method has attracted wide attention because it
has good classification performance and processing speed for
crop disaster classification. Therefore, we use the RF to monitor
the armyworm damage of summer corn in this study based on
the UAV dataset.
In this study, the RF algorithm is used to identify armyworm

damage levels of summer corn by pest incidence based
on the UAV dataset. Moreover, the spectral characteristics
of different pest incidences in Sentinel-2 images are analyzed

for exploring the potential of the satellite images. The contribu-
tions of this article lie in:

(1) Identifying the important image features in the UAV dataset
for identifying the armyworm pests that occurred in corn
planted areas.

(2) Exploring the potential of the RF model for monitoring
the damage of armyworm pests of summer corn, com-
pared with three kinds of machine learning algorithms
including Multilayer Perceptron (MLP), Naive Bayesian
(NB) and SVM.

(3) Classifying the armyworm infected areas and healthy corn
area by optimized RF model in the UAV dataset. And the pest
levels are divided into five levels using Natural Breaks (Jenks)
and weighted average.

(4) Analyzing the relationship between the spectral characteris-
tics of different bands and different pest incidence levels in
Sentinel-2 and UAV images. Combining UAV classification
results with Sentinel-2A images to monitor pest incidence
levels in a large range.

2 MATERIALS AND METHODS
2.1 Study area
The study area was located in Beicuizhuang Village, Langfang
City, Hebei Province, China, ranging from 116° 440 E 39° 210 N
to 116° 460 E 39° 220 N, and covering an area of about 70 ha
(Fig. 1(a)). This area was in the central-eastern part of the North
China Plain. There were various crops planted, including summer
corn, soybean, peanut, apple trees, and other crops. This was a
typical small-holding farming area with irrigation by pumping
water, and the crop management (e.g. sowing, irrigation, fertili-
zation and weeding) was varied. Conventionally, summer corn
was sowed at the end of June and harvested at the beginning
of October in the study area. There were some summer corn
areas that were attacked seriously by armyworm in the middle
of August 2019.
For monitoring the damage of armyworm pests, the UAV imag-

ing and field campaign were done simultaneously on August
18, 2019. The collected UAV images (B2, B3, B1) and field data
are shown in Fig. 1(b). According to the health condition of corn
leaves, there were 24 representative field plots that were col-
lected for monitoring the damage of armyworm pests. And there
were five samplings in each plot which were distributed in the
four corners and center of each plot. The size of each sampling
was 1m × 1m. All measured samplings were located using Huace
i80 real-time kinematic (RTK) global positioning system (GPS)
receiver (Huace Ltd, Shanghai, China). The corn planted area in
the study area could be divided into two main groups through
field campaign: (i) the summer corn planted area attacked by
armyworm, (ii) the healthy summer corn planted area. In Fig. 1
(c), the left of each group was UAV sub-images, and the right of
each group was the field sample photographs. Figure 1(c) showed
that the summer corn leaves attacked by armyworm are smaller
and thinner, and the healthy corn planted areas weremore evenly
distributed. Considering the significant influence of the sample
quantity and quality on model training, there were 1740 samples
of healthy corn planted area, 1763 samples of corn damaged area
by armyworm were selected manually from UAV images accord-
ing to the measured data in field campaign and visual interpreta-
tion, and each sample is a pixel of UAV image.
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2.2 Image collection and feature dataset construction
2.2.1 UAV image collection
The UAV images were collected between 10:50 and 11:25 a.m., on
August 18, 2019, when it was sunny and windless. The Parrot
Disco-Pro AG, a fixed-wing UAV system, was used to collect UAV
images. This system carried an automated multispectral sensor
(Parrot Sequoia camera), which was developed for agricultural
applications. The multispectral bands include green, red, Red-
edge and near-infrared (NIR), and the spectral characteristics of
the UAV image collected using the Parrot Sequoia camera are
shown in Table 1. The camera was connected to an irradiance sen-
sor, which had the same spectral bands as the multispectral sen-
sor that could record the light conditions. In this way, the image
data was completed using radiometric calibration in real-time
for illumination changing automatically.
Before the flight, the image of the calibration board was cap-

tured by the Parrot Sequoia camera for radiation correction
(Fig. 2). It was noted that the calibration board must face the

sun to make sure no shadows covered the radiation calibration
board. Figure 2(a–d) show the green, red, Red-edge, and NIR
bands captured for radiometric calibration. The height of flight
aboveground was 120 m. The longitudinal overlap and side over-
lap were all 80%, with the ground sample distance (GSD) being
0.135 m/pixel. The georeferencing was achieved by GPS built into
the Parrot Sequoia camera and five ground control points (GCPs)
were provided by using a Huace i80 RTK GPS receiver (Huace Ltd)
with 2.0 cm of positioning accuracy. The UAV photographs, the
calibration photographs, and GCPs were input into the Pix4Dmap-
per Pro 4.1 software. The image splicing and point cloud model-
ing were done using ‘Ag Multispectral’ template automaticly.27

And the spliced multispectral image with 3315 × 5176 (Fig. 1(b))
was generated with a spatial resolution of 0.135 m/pixel.

2.2.2 Feature dataset construction
The Normalized Difference Vegetation Index (NDVI) is the most
commonly used remote sensing vegetation index, which is calcu-
lated from the reflectance measurements in the NIR (790 nm) and
red (660 nm) portion of the spectrum in UAV images.28 The NDVI
can be expressed by the following equation:

NDVI=
ρNIR−ρred
ρNIR +ρred

ð1Þ

where, ρNIR and ρred are the NIR band and red band respectively.
For the green crops, the reflectance of red band is small and the
reflectance of NIR band is large. Therefore, the NDVI approaches
1 when the crops are dense, and the NDVI approaches 0 when

Figure 1. The location of study area (a). (b) UAV multispectral image [R (B2, red band), G (B3, Red-edge band), B (B1, green band)] and the spatial distri-
bution of the field collection points and the GCPs. (c) The image pairs with UAV sub-image [R (B2, red band), G (B3, Red-edge band), B (B1, green band)]
and corresponding photographs taken in the field campaign.

Table 1. The spectral characteristics of the Parrot Sequoia sensor

Band Central wavelength (nm) Bandwidth(nm)

B1 – green 550 40
B2 – red 660 40
B3 – Red-edge 735 10
B4 – near infrared 790 40
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the crops are small. Therefore, NDVI is used to depict if the corn
leaves are attacked by armyworm.
From the photographs taken in the field campaign, it is

observed that the leaves of the summer corn affected by army-
worm are generally blade yellowing. The corn leaves waned by
armyworm attack resulting in the low vegetation cover and spec-
tral change. So, the Red-edge Normalized Vegetation Index
(RENDVI) is calculated based on two bands including the red band
and the Red-edge band.

RENDVI=
ρRE−ρred
ρRE +ρred

ð2Þ

where, ρRE is the Red-edge band. Similar to the spectral NDVI,
RENDVI approaches 1 when the crops are dense and the RENDVI
approaches 0 when the crops are thin, which can be used to
depict if the corn leaves are attacked by armyworm.
Considering the height of the corn affected by armyworm is

generally lower, the corn canopy DSM is built up to depicting
the canopy height difference between corn plants attacked by
armyworm and the healthy corn plants. The corn canopy DSM is
generated with the spatial resolution of 0.131 m by Pix4Dmapper
Pro 4.1 software. Therefore, the features of the UAV image are
composed of four spectral bands (green, red, Red-edge, and
NIR), DSM, and the spectral index features including NDVI and
RENDVI.

2.3 Machine learning classification methods for
identifying corn pest areas
2.3.1 Multilayer Perceptron (MLP)
The most important feature of MLP is that it has multiple neuron
layers, so it is also called deep neural network. The first layer is
the input layer, the last layer is the output layer, and the middle
layer is the hidden layers. The optimal number of hidden layers
and output neurons can be determined according to the specific
application.29 Because this method has good generalization abil-
ity, it is popular in classifying the pest areas of planted corns.

2.3.2 Naive Bayesian (NB)
NB based on Bayesian theory is a widely used classification algo-
rithm in machine learning and data mining, with the assumption
that the variables predicted are the Gaussian distributed and
independent of each other. The classification is based on the con-
ditional probability that each sample belongs to various classes.30

Compared with other methods, the NB method is applicable with
few or no input parameters, which is uncomplicated and cost-
effective in dealing with classification problems. In this study,
the NB method is selected and used to identify the armyworm
areas of planted corns.

2.3.3 Support Vector Machine (SVM)
SVM classification via spatial features is a learning method
based on statistical learning theory, which classifies the input
sample features by solving the optimal hyperplane among many
different classes.31 The core of SVM is to solve the problem of
dichotomy. For multi-classification problems, ‘one-to-many’ clas-
sification method is usually adopted. For n classes, there are
n hyperplanes that need to be solved. Furthermore, n results will
be produced after the prediction sample passes the discrimina-
tion of n optimal hyperplanes. And the optimal class will be pro-
duced finally. The SVM is a small sample learning method with
good robustness, which is used to classify the pest areas of
planted corns for the UAV dataset in this study.

2.3.4 Random Forest (RF) classification
RF classification algorithm is an integrated learningmethod based
on the combination of multiple CART decision trees.32 In order to
divide the variable space completely, self-extraction of input sam-
ples and node random splitting techniques are used to construct
multiple decision trees. The prediction results can be obtained
through the majority voting strategy of the decision tree, and
the error caused by a single parameter group can be avoided
effectively. The RF can generate the importance of each dimen-
sion, which helps the feature selection and improve efficiency.

Figure 2. The fixed-wing UAV (left) and the captured images of calibration board with four spectral bands (right).
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Therefore, the RF algorithm can be adapted to classify the army-
worm areas of planted corns for the UAV dataset.

2.4 Feature selection for classifying corn pest areas
The dimensions importance can be expressed with the Gini-
importance33 for high-dimensional UAV dataset. The Gini index
is used to measure the impurity (degree of uncertainty) of the
sampling set, which is the probability that a random sample is
misclassified. The Gini impurity of the initial set is as shown in
the following equation:

Gini Kð Þ= ∑
n

i=1
P kið Þ× 1−P kið Þð Þ ð3Þ

where, K= {ki; i = 1,2,3,…, n} is the collection of all classes, ki is the
classes i, n is total number of classes. The P kið Þ is the probability of
the ki class. When the initial set is divided into multiple subsets,
the Gini impurity is as shown in the following equation:

Ginis= ∑
N

j=1
P xj
� �

×Gini xj
� � ð4Þ

where, xj = {j = 1,2,3,…, N} is the j-th set in the initial set, N is the
total number of subsets. P(xj) is the probability of xj. Ginis is the
Gini internal impurity of xj, which is the Gini-importance and is
used to calculate the contribution of each feature.

2.5 Accuracy assessment
There are two measurements used to assess the classification
performance for the armyworm pest infested corn planted
area, including the overall accuracy (OA) and Kappa coefficient.
These measurements are calculated from a confusion matrix34

of classification results. The confusion matrix includes TP (True
Positive), FN (False Negative), FP (False Positive) and TN (Ture
Negative). A five-fold cross-validation35 is used to evaluate the acc-
uracy of the classification. All the selected samplings are divided
into five groups randomly, including four groups used for training
and one group used for testing. The configurations of hardware
used in this study are Intel(R) Core (TM) i7-8700 CPU 3.20 GHz,
32G RAM.
The OA indicates the proportion of correct pixels predicted,

including pixels both healthy and attacked by insect pests. The
OA can be calculated as shown in the following equation:

OA=
TP+TN

TP+FN+FP+TN
ð5Þ

where, TP and FN are the numbers of correct and wrong classifica-
tions of samples in the healthy corn category; FP and TN are the
number of wrong and correct classifications of samples in the
armyworm pest category.
The Kappa coefficient is a statistical indicator of interrater reli-

ability, which is calculated by the OA and the probability of ran-
dom agreement. The Kappa coefficient can be calculated as
shown in the following equation,

Kappa=
OA−Pe
1−Pe

ð6Þ

where, Pe is the probability of random agreement. The Kappa is an
index to measure the spatial consistency of classification results,
which reveals the spatial changes of classification results clearly.
Then Pe can be found from the equation:

Pe=
TP+FNð Þ× TP+FPð Þ+ FP+FNð Þ× FN+TNð Þ

TP+FN+FP+TN
ð7Þ

3 RESULTS AND ANALYSIS
3.1 Optimize UAV dataset by Gini-importance and
Random Forest method
The RF method is used to classify the summer corn planted area
infested by armyworm for the UAV dataset. The zoomed sub-plots
of the UAV dataset including pest infested area and healthy area
are as shown in Fig. 3. Figure 3(a1–g1) are the image features of
armyworm pest infested corn planted area, Fig. 3(a2–g2) are the
features images of healthy corn planted area with the image fea-
tures of green band, red band, Red-edge band, NIR band, DSM,
NDVI and RENDVI, respectively. From Fig. 3(a1–g1), it can be seen
that the tone difference is obvious and the image features are
more heterogenous and blurry for armyworm infested areas than
healthy area, especially in Fig. 3(a1, b1, f1 and g1). Comparatively,
the tone difference is relatively small and homogeneity exists in
healthy corn planted areas in Fig. 3(a2–g2).
In order to determine the importance of each image feature in

the UAV dataset, Gini-importance (Eqn (4)) is used to measure
and calculate the importance of image features in this study.

Figure 3. Visualization of image features for armyworm infested area (a1–g1) and healthy corn planted area (a2–g2).
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Moreover, the parameters of RF are default, and the importance
and the evaluation measures take the mean value of ten times
experiment. The importance order of the UAV dataset image fea-
tures for the identification of armyworm infested area is that NDVI
(0.2933) > RENDVI (0.2061) > B2-Red (0.1677) > B4-NIR (0.1461)
> DSM (0.0885) > B1-Green (0.0672) > B3-Red-edge (0.0308), as
shown in Fig. 4. And Fig. 4 revealed that the importance of all fea-
tures is > 0.03 and the top three important features for the classi-
ficationmodel are the NDVI, RENDVI and B2-Red. It is clear that the
vegetation index features (NDVI and RENDVI) bring the greatest
contribution to classification.
With the same training samples, different feature combinations

are used to identify armyworm infested areas. The features in the
UAV dataset are sorted by importance and the construction
of each model in line with the importance of all features, and
the performance of models is compared using the accuracy for
selecting the optimal feature combination. The Kappa and OA
are used to evaluate the performance of the different models
quantitatively. And the experimental results are shown in
Table 2. According to Table 2, the Model7 with all the features
has the best quantitative evaluation results with Kappa and OA
being 0.9709 and 0.9850, respectively. Compared to Model1 with
a single image feature (RENDVI) only, the Model2, Model3,
Model4, Model5, Model6 and Model7 improved 0.1860/0.0906,
0.1933/0.0993, 0.1925/0.0990, 0.2019/0.1037, 0.2072/0.1064 and
0.2098/0.1078 in Kappa and OA, respectively. We also found that
the model performance is constantly improved with the increase
of feature numbers. Compared with Model8 which only uses four

features (green, red, Red-edge and NIR) and Model9 which uses
five features (green, red, Red-edge, NIR and DSM), the Model7
improved 0.0301/0.0209 and 0.0195/0.0115 in Kappa/OA. This
revealed that the combining of the DSM, NDVI and RENDVI could
improve the performance of the classifier effectively. It is further
proof that the features of the designed dataset in this study are
reasonable and effective.

3.2 Comparison of performance for different machine
learning algorithms
The performance of different machine learning methods is com-
pared to verify the superiority of the RF. Three machine learning
methods including MLP, NB and SVM are compared with RF. For
all the methods in these experiments, this comparison is done
using the same cross-validation method and the evaluation mea-
sures, which are five-fold cross-validation and Kappa/OA, respec-
tively. In addition, all training and testing datasets of the RF
experiments (Model7) are used for the other three classification
(MLP, NB and SVM) experiments to confirm a fair comparison.
The good model parameters of MLP, NB and SVM are selected
according to experience, and the parameters of RF are default.
For MLP classification method,29 the initial learning activation
functions are 0.001 and ‘RELU’, there are two hidden layers with
100 neurons per hidden layer. For NB classification method,30

there is only one major parameter, the prior probability, which is
set as default without giving the prior probability. For SVM classi-
fication method,31 the main parameters are as follows: the kernel
type is radial basis function, gamma value is ‘auto’ in the kernel
function, and cost or slack parameter is 1.0. The quantitative eval-
uation results for different machine learning methods are shown
in Table 3.
According to Table 3, the classification performance of the four

machine learning methods is greater than 0.91/0.95 (Kappa/OA).
Compared with MLP, NB and SVM, the RF method improved
0.0513, 0.0308 and 0.0285 in Kappa, and improved 0.0258,
0.0213 and 0.0205 in OA, respectively. It revealed that the RF clas-
sifier had the highest accuracy in distinguishing healthy and
armyworm pests on corn. At the same time, the superiority of
the RF classifier is also proved.

3.3 Mapping of armyworm infested area
Based on the comparison of the performance of the different
methods, the RF method is more applicable to mapping army-
worm areas. The parameters of the RF method (Model7) can beFigure 4. The Gini-importance of the image features.

Table 2. Random Forest model performance over features

Model B1 B2 B3 B4 DSM NDVI RENDVI OA Kappa

Model1 − − − − − − + 0.8772 0.7611
Model2 − − − − − + + 0.9678 0.9471
Model3 − + − − − + + 0.9765 0.9544
Model4 − + − + − + + 0.9762 0.9536
Model5 − + − + + + + 0.9809 0.9630
Model6 + + − + + + + 0.9836 0.9683
Model7 + + + + + + + 0.9850 0.9709
Model8 + + + + − − − 0.9641 0.9408
Model9 + + + + + − − 0.9735 0.9514

Note: ‘+’ represents the added modeling features, ‘−’ represents the removed modeling feature, Bold values are that the model has the highest accuracy.
DSM, digital surface model; NDVI, Normalized Difference Vegetation Index; RENDVI, Red-edge Normalized Vegetation Index; OA, overall accuracy.

www.soci.org W Tao et al.

wileyonlinelibrary.com/journal/ps © 2022 Society of Chemical Industry. Pest Manag Sci 2022

6

http://wileyonlinelibrary.com/journal/ps


optimized by random search and grid search. Firstly, the random
searching method is used to estimate roughly the range of param-
eters, the number of decision trees is (80, 100), themaximumdepth
of decision trees is (90, 120). Secondly, the grid search method is
used to optimize the parameters further, the search step is 1. Finally,
the optimal combination of parameters is obtained, the number of
decision trees is 91, the maximum depth of decision trees is 107.
The Kappa and OA of retrained RF (Model7) are 0.9735 and
0.9864 based on optimized parameters. The mapping of army-
worm infested areas is done using optimized RF (Model7) subse-
quently, and the results are shown in Fig. 5.
According to Fig. 5, the pink areas are armyworm infested areas,

and the green areas are healthy corn planted areas. Marks A, B, C
and D (Fig. 5) are themeasured field plots in field campaigns where
armyworm occurs seriously. The armyworm infestation occurs in
the southwest of field plot A, the top center of field plot B, and
nearly the whole of field plots C and D mainly. In addition, the reli-
ability of the classification results is verified by field survey points.
Four representative field survey photographs are shown at four
measured points from p1 to p4. The p1 and p2 are located in plots
A and B, which are in the area with serious armyworm pests. It can
be seen from the photographs that most of the corn leaves are
affected by armyworm, and the leaves are relatively few and small,
resulting in the serious changes in corn canopy and morphology.
However, p3 and p4 are in the healthy area, which is consistent
with the obtained field survey photographs.

3.4 Mapping of pest incidence level
To determine the severity of armyworm pests, and give some
hints for pesticide spraying, the pest incidence level mapping is
done. The NDVI can describe the vegetation growing condition,
and the Gini-importance of NDVI features in Section 3.1 is the
most prominent to UAV image classification. Natural Breaks
(Jenks) method can best group similar values and maximize the
differences between classes,36 which is a good method for grade
classification. According to corn damage scales,37 the armyworm
pest areas (the pink areas) in Fig. 5 are divided into four levels
based on NDVI value using Natural Breaks (Jenks). The levels
include Level 1 (0.23 ≤ NDVI ≤ 0.522, little damage), Level
2 (0.12 ≤ NDVI < 0.23, medium damage), Level 3 (0.01 ≤ NDVI
< 0.12, heavy damage) and Level 4 (−0.22 ≤ NDVI < 0.01, very
heavy damage), and healthy corn is Level 0 (no damage). The
result of pest incidence levels is shown in Fig. 6(a), the green area
is Level 0, and the red area indicates the most serious pest inci-
dence (Level 4).
Infesting levels of insect pests can be extended to 10 m × 10 m

grid. First, assign values 0, 1, 2, 3, and 4 to Level 0, Level 1, Level
2, Level 3, and Level 4 in Fig. 6(a). Then, the mean value of pixels
in 10 m × 10 m grid is calculated as the grid value. The method
Natural Breaks (Jenks) is used to classify damaged corn of the
grids. The levels include Level 0 [0, 0.172), Level 1 [0.172, 0.58),
Level 2 [0.58, 1.21), Level 3 [1.21, 2.04) and Level 4 [2.04, 4]. The
result of pest levels based on grids is shown in Fig. 6(b).
It can be found that the red areas are the largest in field plots A,

B, C and D, indicating the highest pest levels, which is consistent
with field observations and Fig. 5. In terms of pest level, plots A
and B, C and D are adjacent to each other, and the infested areas
are connected. In the early stage of the pest incidence, the
farmers in field plots A, B, C, and D did not find out the armyworm
infection timely and did not take appropriate management for
preventing the pest from spreading. This could be the reason
for the local armyworm outbreak in the cornfield. Furthermore,
we also found that the height of weeds is higher than the corn
plants in damaged corn plots, and result in a humid and airless

Table 3. Quantitative evaluation results for different methods

Method MLP NB SVM RF

Kappa 0.9196 0.9401 0.9424 0.9709
OA 0.9592 0.9637 0.9645 0.9850

Note: Bold values are that the model has the highest accuracy. MLP, Multi-
layer Perceptron; NB, Naive Bayesian; SVM, Support Vector Machine; RF,
Random Forest.

Figure 5. Mapping result of corn planted area infested by armyworm pest by optimized RFmodel. Themarks A, B, C and D are the investigated field plots
with heavy armywormpest. The photographs of p1 and p2 are taken in the area infested by armyworm, and the photographs of p3 and p4 are taken in the
healthy corn planted area.
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environment, which might also be one of the important reasons
for the outbreak of armyworm.

3.5 Spectral reasoning for mapping of pest incidence
level
The Sentinel-2 image38 has more abundant spectral information
than the UAV image, which is likely to be beneficial for pest mon-
itoring. The spectral characteristics of different pest levels are ana-
lyzed for the Sentinel-2 image and the UAV images. For unifying
the analyzing unit of spectral difference, the obtained Sentinel-2

image on August 18, 2019 in the study area is reconstructed with
super resolution using SupReME,39 and each band is unified to
10 m spatial resolution. After that, the spectral characteristics of
Sentinel-2 image before and after super resolution reconstruction
are analyzed, mainly in the building and corn planted area, which
is as shown in Fig. 7. In Fig. 7, the orange line (predictive value) is
the reflectance spectral curve after SupReME reconstruction, the
red line (truth value) is the reflectance spectral curve of
Sentinel-2. Figure 7(a) is the spectral contrast of corn planted area,
Fig. 7(b) is spectral contrast of buildings, the RMSE (root mean

Figure 6. Armyworm pest incidence levels of corn planted area. (a) Infesting levels of insect pests based on UAV images. (b) Infesting levels resulting
from (a) using statistical results of 10m × 10mgrid. Themarks A, B, C and D are the investigated cornfield plots with serious armywormpest infested area.
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square error) are 0.00169 (a) and 0.008085 (b), respectively. The
RMSE is close to zero, and the spectrum is basically unchanged.
The Sentinel-2 image with 10 m spatial resolution and UAV

images with a resolution of 0.135 m are used to analyze the spec-
tral characteristics of different pest levels. There are 600 sampling
points and 250 sampling points are selected based on Fig. 6(a)
and Fig. 6(b) respectively to calculate the mean values of each
band of UAV and Sentinel-2 images. The statistical results as
shown in Fig. 8. The X-axis are band numbers and the Y-axis is
spectral reflectance, different colors indicate different levels of
pests. In Fig. 8(a), with the pest level declining, the spectral reflec-
tance of B1, B2, B3, B4, B5, B11 and B12 decrease, the spectral
reflectance of B7, B8 and B8A increase. The spectral reflectance
of B9 can distinguish between healthy and unhealthy corn areas,
B6 is not clear. In Fig. 8(b), B1 and B2 reveal that the spectral reflec-
tance decreases as the pest level declines. B4 can distinguish
between healthy corn and damaged corn. B3 is similar to B6 in
the Sentinel-2 image, the relationship between reflectivity and
pest level is not very clear. Sentinel-2 and UAV images have similar
characteristics in different pest levels in corresponding wave-
length bands.

4 DISCUSSIONS
The corn area damaged by armyworm resulted in the changing of
corn canopy spectral reflectance since the changed morphologi-
cal and chemical characteristics of leaves.40 In Fig. 8(b), the bands
involved in the vegetation index calculation are sensitive to the
armyworm pest infestation, the NDVI and RENDVI features bring
the greatest contribution to the classification. The height of corn
plants infested by armyworm is lower than healthy plants, which
causes the DSM to be also sensitive to the pest infestation of sum-
mer corn. It shows that the addition of vegetation index and DSM
is beneficial to accurate classification.
As is known, the Red-edge band (B5, B6 and B7 of Sentinel-2 and

B3 of UAV) was one of the most sensitive bands to vegetation dis-
eases.41 In Fig. 8(a), with the change of corn armyworm incidence
levels, the spectral characteristics of the Red-edge bands change
as well. With the decrease of corn armyworm incidence, the reflec-
tance of B5 decreases, and the reflectance of B7 increases. The B6
of Sentinel-2 and the B3 of UAV are between B5 and B7, and the
spectral intervals were only about 40 nm, which makes the sensi-
tivity of the band (B6 of Sentinel-2 or the B3 of UAV) to the pest

Figure 7. Spectral changes of corn planted area (a) and buildings (b) before and after SupReME reconstruction.

Figure 8. Spectral characteristics of different pest levels in Sentinel-2 image (a) and UAV image (b).
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change lower than other bands.42 B1, B2, B3 and B4 of Sentinel-2
and the B1 and B2 of UAV were the visible spectrum band where
the leaves could rely on various pigments (i.e. chlorophyll, carot-
enoids) to absorb this energy. With corn canopy pigment
decrease, visible light absorption decreases, which resulted in
the increase of visible reflectance. B7, B8, B8A and B9 of
Sentinel-2 and the B4 of UAVwere the NIR bands andwere related
closely to the cell structure. The canopy reflectance was lower
than healthy corn, indicating that the armyworm had seriously
damaged the cell structure of the corn. Moreover, B11 and B12
were related to the water content of vegetation. In the area dam-
aged by armyworm, the leaves of the plants gradually withered
and the water content decreased, which led to the increase in
spectral reflectance compared with normal vegetation.
The result of Fig. 7 and Fig. 8 revealed the performance of abun-

dant spectral information of Sentinel-2 image had a great advan-
tage in monitoring the damage of armyworm in the regional area.
The towns (An ci) in the UAV flight area and adjacent towns (Yong
qing) are used as experimental areas (Fig. 9(a)), the obtained
Sentinel-2 images (August 18, 2019) after SupReME reconstruc-
tion were attempted to classify pest levels. There are selected
250 sampling points based on Fig. 6(b), and the training dataset
and test dataset are divided into 7:3 for the RF model. The classi-
fication results as shown in Fig. 9(b), the OA of train and validation
are 0.76 and 0.69. Different colors correspond to different pest
levels, the ‘Level 5’ in legend was the non-corn area. The non-corn
area was obtained by Google Earth Engine platform classification
using RF based on Sentinel-2 image (August 18, 2019), which
overall validation accuracy is 0.92. Figure 9(c) is the sub-image
of Fig. 9(b), and the black box is the UAV flight area. The UAV flight
area in Fig. 9(c) was consistent with the classification results (Fig. 6
(b)) of UAV basically, which revealed the effectiveness of classify-
ing armyworm levels based on Sentinel-2 images. The areas of
Level 3 and Level 4 were very small and the proportion of insect
pest areas was low, indicating that the planted corns were gener-
ally healthy. The damaged levels by armyworm are classified from
Sentinel-2 images, which could provide data support for pesticide
spraying and pest prevention in a large area.

5 CONCLUSIONS
The armyworm is one of the most serious insect pests of corn. We
proposed a method to monitor the damaged scale by pest in
summer corn based on UAV images. The following conclusions
can be drawn:

(1) The importance of image features in the UAV dataset is
determined by Gini-importance. The importance of images
features is sorted as NDVI (0.2933) > RENDVI (0.2061)
> B2-Red (0.1677) > B4-NIR (0.1461) > DSM (0.0885)
> B1-Green (0.0672) > B3-Red-edge (0.0308). The NDVI is the
most sensitive, while the B3 of UAV has the lowest sensitivity
to armyworm pests.

(2) The RF model has the best performance for the classification
of the armyworm pest and healthy corn compared to
different machine learning methods (MLP, NB and SVM). The
parameters of the RF can be further optimized by random
search and grid search, which are used to retrain the model.
The classification results of the UAV dataset are predicted
subsequently.

(3) The spectral characteristics of sentinel-2 and UAV images with
different pest levels are analyzed. As the pest level declines,
the spectral reflectance of B1 and B2 decreases, B3 is not very
clear, B4 can distinguish healthy corn and damaged corn in
UAV images. As the pest level increases, the spectral reflec-
tance of B1 to B5 and B11 to B12 increases, B7, B8 and B8A
decrease, B6 and B9 have no clear characteristics in the
Sentinel-2 image. Furthermore, the classification of pest levels
based on Sentinel-2 image using the RF model has achieved
good results.

Due to the small geographical coverage of UAV images, the
experimental area is small and restricted relatively. In the future,
we will expand the research to explore the armyworm infestation
of other similar crops (e.g. wheat and rice) and monitor the dam-
age of pests on a larger scale. Then, coupling the crop growth
models (e.g. WOFOST, DSSAT) or radiation transfer models
(e.g. PROSAIL, DART) with machine learning techniques will be

Figure 9. Classification of armyworm pests based on Sentinel-2 image. (a) Sentinel-2 true color map. (b) Classification result of armyworm pest levels.
(c) Sub-image of (b).
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tried, which may have the potential of estimating the damage of
armyworm pests. Furthermore, the multi-temporal UAV images
and satellite images can be combined tentatively to detect insect
pests in the field dynamically, which can support more informed
farming decisions.
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