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Abstract: The fall armyworm (FAW) (Spodoptera frugiperda) (J. E. Smith) is a migratory pest that lacks
diapause and has raised widespread concern in recent years due to its global dispersal and infestation.
Seasonal environmental changes lead to its large-scale seasonal activities, and quantitative simulations
of its dispersal patterns and spatiotemporal distribution facilitate integrated pest management. Based
on remote sensing data and meteorological assimilation products, we constructed a mechanistic
model of the dynamic distribution of FAW (FAW-DDM) by integrating weather-driven flight of FAW
with host plant phenology and environmental suitability. The potential distribution of FAW in China
from February to August 2020 was simulated. The results showed a significant linear relationship
between the dates of the first simulated invasion and the first observed invasion of FAW in 125
cities (R2 = 0.623; p < 0.001). From February to April, FAW was distributed in the Southwestern
and Southern Mountain maize regions mainly due to environmental influences. From May to June,
FAW spread rapidly, and reached the Huanghuaihai and North China maize regions between June
to August. Our results can help in developing pest prevention and control strategies with data on
specific times and locations, reducing the impact of FAW on food security.

Keywords: fall armyworm; dynamic distribution; migration simulation; maize phenology; environ-
mental suitability

1. Introduction

Seasonal changes in the global environment can lead to large-scale seasonal move-
ments of migratory insects and dynamic changes in their spatial distribution and abun-
dance [1,2]. Shifting seasonal activities is an important survival strategy for migratory
pests [3]. When regional environments are unsuitable or food resources are unavailable,
pests will invade and develop new breeding areas, causing substantial ecological and
economic damage [4,5]. The fall armyworm (FAW), Spodoptera frugiperda (J. E. Smith) is a
migratory pest that has affected more than 70 countries worldwide in recent years [6]. FAW
lacks diapause [7] and its winter breeding area is limited to tropical and subtropical regions,
but it has a strong migratory ability, and its seasonal invasion is widespread [8]. Based on
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insect radar and sex hormone trap records, FAW has been found to survive in winter breed-
ing areas below 28◦N in the United States. As temperatures gradually rise and crops are
planted, FAW has the potential to spread northwards to Canada [9,10]. Prediction of pest
population dynamics is critical for assessing the risk of pest outbreaks, and understanding
their spatio-temporal distribution facilitates integrated pest management (IPM) [11,12].

The FAW invaded China at the end of 2018, and spread widely in 2019 [13]. Due to
the lack of experience in controlling FAW in China, FAW damaged 1.125 and 1.278 million
hectares of crops in 2019 and 2020, respectively [14]. The latitudinal range of the main
maize production area in eastern China is similar to that of the United States, which is one
of the native habitats of the FAW [15]. Some seasonal FAW activities have been observed
in China [16–18], but a quantitative dynamic distribution model is still needed to further
reveal the migration pattern and spatial distribution of the FAW.

Correlative species distribution models (SDMs) and numerical trajectory models are
commonly used to predict the spatial distribution of FAW. Correlative SDMs (including
statistical models and machine learning models) calculate the distribution probability
and severity of FAW outbreaks based on climate suitability deduced from FAW pres-
ence/absence data [19–21]. Whereas, numerical trajectory models such as the Hybrid Single-
Particle Lagrangian Integrated Trajectory model (HYSPLIT) from the National Oceanic
and Atmospheric Administration (NOAA) and the Numerical Atmospheric-Dispersion
Modelling Environment model (NAME) from the UK Met Office, rely on atmospheric
conditions, including pressure, wind speed, and wind direction to analyze the potential
migration routes and landing areas of FAW [22,23]. Overall, the correlative SDMs and
the numerical trajectory models have advantages in spatial and temporal continuity, re-
spectively, and can effectively simulate insect distribution. However, correlative SDMs
are commonly employed to exploit “static“ ecological niches of pests due to dispersal
limitations and climate-location bias [24]. The accuracy of numerical trajectory models is
also restricted by their reliance on atmospheric conditions and lack of consideration of the
effects of environmental conditions on pest life cycles [25]. Current models have trouble
clarifying the mechanistic relationships between insect dispersal, host plants, and the envi-
ronment. The causes of pest outbreaks are complex, and outbreak risks are determined by
the synergy of pest physiology and the external environment [26]. Thus, this study aims
to couple the numerical trajectory models with the mechanistic SDMs that consider the
physiological reflection of FAW to the environment, i.e., the eco-physiological model [27],
so that the prediction results can reflect the dispersal process of the FAW, as well as changes
in population dynamics.

In dynamic species ecological niche studies, remote sensing and meteorological assimi-
lation products are increasingly employed for their high spatial and temporal resolution [28].
On the one hand, insects are sensitive to meteorological fluctuations due to their ectother-
mic physiology [12], therefore spatiotemporal continuous meteorological assimilation data,
such as temperature, precipitation, and humidity, are needed as the basis for mechanistic
models of insect growth, survival, and fecundity [29,30]. On the other hand, the use of
remote sensing to finely characterize insect habitats helps to quantify the environmental
conditions experienced by insects and capture their spatial distribution and population
dynamics [31]. Particularly for host plants, using the remote sensing phenology model
as an alternative to the traditional degree-days model can obtain more precise data on
their spatial and temporal availability and phenological stages on a large scale and at low
cost [32–34], which can be used as indicators to study the restricted extent and time of pest
invasion risk to target regions.

Overall, pest distribution modeling is developing toward integrating multi-factors,
dynamic and explicit processes. Based on continuous observation of complex geographic
scenarios from remote sensing and meteorological assimilation products, we developed a
FAW dynamic distribution model (FAW-DDM). This is supported by a theoretical frame-
work related to the life cycle of the FAW, encompassing the effects of migration, host plants,
and the environment on the distribution of the FAW. We applied the FAW-DDM model to
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simulate the dynamic distribution of FAW in China from February to August 2020. The
results can play an important role in providing information to support the formulation of
precise control strategies.

2. Materials and Methods
2.1. Study Area and Multisource Data
2.1.1. Study Area and Distribution Data of FAW

China is influenced by the East Asian monsoon, with southwesterly winds prevailing
in spring and summer, and northerly winds in autumn and winter [15]. The local FAW in
the annual breeding area and the invasive FAW from Southeast Asia can disperse northward
under suitable conditions with the help of favorable seasonal wind currents. The main
strains of FAW that invaded China were maize strains, and the damage caused by the FAW
to maize far exceeds that of other crops in China [14,35]. Also, western China, especially
the Qinghai-Tibet Plateau, has the advantage of a natural barrier to insect invasion–its high
altitude. Thus, we focused on four major maize growing regions in eastern China (Figure 1),
which account for more than 90% of the total annual production of maize in China [36].
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Figure 1. The geographical location of the study area and FAW occurrence records. The gray area
represents the annual breeding area, i.e. the area where the average temperature of the coldest month
(January) is greater than 10 ◦C and FAW and host plants can grow here year-round [22]; the Digital
Elevation Model (DEM) available from USGS [37]; and the shapefile of four major maize growing
regions in China available from http://region.agridata.cn/ (accessed on 16 February 2022).

We collected the dates and geographic locations of the FAW captures recorded in the
literature, news reports, and county and municipal level plant protection station surveys in
125 cities. We conducted overlay analysis to filter out FAW occurrence records in annual
breeding areas, and performed Zonal Statistics to keep the earliest invasion records within
one city, as shown in Table S1, to verify the accuracy and performance of the FAW-DDM.

2.1.2. Atmospheric Conditions

Final Analysis (FNL) data, a six-hourly, 1◦ × 1◦ grid, global meteorological dataset
from the National Centers for Environmental Prediction (NCEP) [38], were used as the
initial and boundary conditions for the Weather Research and Forecasting (WRF) model
(version 3.8, www.wrf-model.org, accessed on 16 February 2022) [39], to produce the
atmospheric conditions for the trajectory calculations. WRF model forecast time is 72 h

http://region.agridata.cn/
www.wrf-model.org
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and outputs data for horizontal and vertical windspeed, pressure, and precipitation at 1-h
intervals [40]. The parameters of the WRF model were set as shown in Table 1.

Table 1. Parameters for the Weather Research and Forecasting (WRF) model.

Parameters Value

Distance (km) between grid points 60
Layers 30

Map projection Lambert
Microphysics scheme WSM6

Longwave radiation scheme RRTMG
Shortwave radiation scheme RRTMG

Surface layer scheme Monin-Obukhov
Land/water surface scheme Noah

Planetary boundary layer scheme YSU
Cumulus parameterization Tiedtke

Forecast time 72 h

2.1.3. Vegetation Data

The Global Land Surface Satellite (GLASS) Leaf Area Index (LAI) product [41] was
used to extract the phenology of the main host plant maize. The GLASS LAI product was
developed by inputting the fused LAI MODIS product, CYCLOPES LAI products, and the
reprocessed MODIS reflectance of the BELMANIP sites during the period 2001–2003, into
the general regression neural networks (GRNNs) for training [42]. GLASS LAI product has
a spatial resolution of 1 km and a temporal resolution of 8 days. The 2010 and 2015 cropland
layers from the 1 km National Land Cover Dataset (NLCD) of China [43] were used as a
mask to determine the planting range of the crops (http://www.resdc.cn/Default.aspx,
accessed on 16 February 2022).

2.1.4. Environmental Data

The environmental data is from the European Centre for Medium Range Weather
Forecasts (ECMWF) and is hourly product from the enhanced fifth generation of European
ReAnalysis (ERA5-Land) [44]. The ERA5-Land data product has a spatial resolution of
0.1 radians × 0.1 radians (~10 km). We used Google Earth Engine (https://earthengine.go
ogle.com/, accessed on 16 February 2022) to batch acquire and process the daily average
data of the 2-m air temperature “temperature_2m” and the water content in the soil layer
(0–7 cm) “volumetric_soil_water_layer_1” [45] in 2020, to assess the environmental effects
on growth and development of the FAW.

2.2. Modeling the Dynamic Spatial Distribution of FAW

The dynamic distribution model for the FAW (FAW-DDM) was developed by con-
sidering the eco-physiological characteristics of the FAW and the external environmental
conditions. The FAW-DDM includes three modules, namely insect migration simulation,
host plant phenology extraction, and environmental suitability analysis. The three modules
are linked and iteratively invoked through the life cycles of the FAW. The methodological
framework of this study is shown in Figure 2 and is described as follows: (1) The insect
migration simulation module is used to predict the weather-driven flight of FAW, and finds
its possible invasion area. (2) The host plant phenology extraction module allows us to
examine whether the maize in the potential invasion area has been planted or harvested,
i.e., whether it can provide food resources for the growth and development of the FAW.
(3) The environmental suitability analysis module can be used to evaluate whether the
environment is suitable for the FAW, and to calculate the growth rate of the FAW under
current environmental conditions. Thus, the timespan for the next generation of FAW to
develop from eggs to adults and the time of the next migration can be estimated. (4) By
iterating the above steps, the spatial distribution and population dynamics of FAW can be
determined for each period.

http://www.resdc.cn/Default.aspx
https://earthengine.google.com/
https://earthengine.google.com/
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Figure 2. Methodological framework. Steps 1–4 in the upper part show a schematic representation of
the FAW life cycle (described in the text). These steps are linked to the three modules presented in
boxes in the lower part, which show the corresponding technical flow: (Box 1) Insect migration simu-
lation module; (Box 2) Host plant phenology extraction module; (Box 3) Environmental suitability
analysis module. A portion of the image materials is sourced from [46,47].

2.2.1. Simulation of Numerical Migratory Trajectories of FAW

The atmospheric conditions simulated by WRF were used as input data for the 3D
insect numerical trajectory analysis program developed by [48], based on the FORTRAN
language, to calculate the possible atmospheric dispersion paths of the FAW [17]. The
forward trajectories in February of the FAW began in the annual breeding area of China
as well as Southeast Asia [22,35]. The nightly starting points of migration were evenly
distributed within a 1◦ × 1◦ grid, including parts of Yunnan, Hainan, Guangxi, Guangdong,
and Fujian provinces, and the Indochina Peninsula including Laos, Vietnam, and Myanmar,
where FAW had been detected [49], as shown in Figure S1. The starting points of the
forward trajectories from March to August were determined using the spatial distribution
of FAW calculated during the previous month.

Based on the biological characteristics of the FAW, the migration parameters used
in the trajectory simulations in this study were set as follows: (1) Flight duration: FAW
can fly continuously for 10 h per night. Depending on the geographical location of the
current simulation area and sunlight condition, FAW was set to take off at dusk (19:00)
and stop flying at dawn (05:00) the next day [17,49]. FAW can fly continuously for three
nights under suitable environmental conditions [22,50]. If the FAW enter a large area of
water, the single flight time was extended to a maximum of 36 h [40]. (2) Flight speed:
The self-powered flight speed of noctuid moths with a similar body size to the FAW was
2.5–4 m/s. The self-powered flight speeds of FAW were set as 3 m/s [15]. (3) Flight
altitude: Noctuid moths usually migrate at altitudes with low level jet streams (wind
speeds greater than 10 m/s) [51]. To ensure that the most probable flight altitude could be
found, the altitudes of 500, 750, 1000, 1250, 1500, 1750, 2000, and 2250 m above sea level [15]
were used in combination with the Digital Elevation Model (DEM) [37] to calculate the
trajectory. (4) Forced landing factors: The migration insects will stop flying when the air
temperature is below their low temperature threshold for flight. When the temperature
at the flight altitude of the FAW is below its low temperature threshold for the flight of
13.8 ◦C [15,40,52,53], the trajectory calculation will be terminated for that night. When the
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hourly rainfall is greater than 1 mm (moderate rain and above), the FAW will be affected
by the rainfall and be forced to land [17]. If there is rain or other factors affecting take-off at
dusk, we assume that FAW will not take off again that night, and the FAW will develop
in this area [54]. The trajectories that meet these requirements and their starting and
landing points that were not in a large area of water were selected as effective trajectories
to determine the location of potential invasion areas for the FAW.

2.2.2. Extraction of the Phenology of the Main Host Plant Maize

The optimal filter-based phenology detection method (OFP) [55] was used to extract
the phenology of maize, which is the main host plant of FAW. (1) LAI time series curve
construction: The GLASS LAI product was used to create annual time series curves of the
LAI for the cropland grid of the NLCD mask. The dual logic (DL) method, Savitzky-Golay
(SG) filter method, and the wavelet-based filter (WF) method were used to smooth the
LAI time series curves, respectively. (2) Extraction of key phenological stages: The key
maize phenological stages were identified using the inflection points and the thresholds
of the smoothed LAI time series curves, where the first derivative was increasing, and
the second derivative was equal to zero was defined as the maize 3rd leaf stage (V3).
The date when the LAI reached its maximum value was defined as the heading stage
(HE), and the inflection point where the first derivative was negative and had the largest
absolute value was defined as the maturity stage (MA) [56,57]. (3) Optimal LAI smoothing
method selection: The RMSE values for the estimated and observed phenology dates were
compared, and the smoothing method with the minimum average RMSE was selected in
the provincial range. (4) Application of OFP method: Using the OFP method to detect the
dates of key phenological stages in the crop grids in each province, the limited timespans
for the three phenological stages of spring and summer maize were determined based on
observations from agricultural meteorological stations (AMS). All three phenological stages
were required to satisfy the restricted timespan, otherwise, they were not considered to be
maize pixels.

According to [55], the related R2 between the estimated maize phenology using the
OFP method and the phenology observed by ASM was 0.97 (average RMSE = 6.7; p < 0.01),
which had a high level of accuracy. The ChinaCropPhen1km dataset is available at https:
//doi.org/10.6084/m9.figshare.8313530 (accessed on 25 October 2021). We calculated the
mean DOY (day of the year) for maize V3 and MA from 2010 to 2019 using raster statistics
on a pixel-by-pixel basis (Figure 3). They were then rescaled to match the simulation
of migration trajectories, and the neighborhood mean interpolation method was used to
compensate for missing data. Given that the annual breeding areas of Yunnan, Hainan, and
Guangxi in China have a favorable climate, host plant maize can be planted throughout
the year, and the phenology of the fields varies substantially. According to the field survey,
the FAW can also reproduce throughout the year in this range [35], so the phenological
restrictions are not considered in the annual breeding area. In addition, the time of invasion
and the time of emigration must be within the time range of V3-MA to ensure that food
resources can meet the needs for the growth and development of the FAW.

2.2.3. Calculation of Environmental Suitability Using the Eco-physiological Model

The eco-physiological model (also called the mechanistic niche model) was used to
calculate the growth rate of the FAW under current environmental conditions, and it can
also be used as an indicator of environmental suitability [27]. The population growth model
for insects was introduced [58], where r represents the intrinsic growth rate of a stable
insect population N through time t. Maino et al. [59] classified r into the positive growth
rate rp and the negative growth rate rn according to the effects of environmental factors on
the development of the FAW.

https://doi.org/10.6084/m9.figshare.8313530
https://doi.org/10.6084/m9.figshare.8313530
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China from 2010 to 2019; (a) the 3rd leaf stage (V3); (b) the maturity stage (MA). The dark gray area
represents the annual breeding area.

dN
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= rN =
(
rp − rn

)
N (1)

For the calculation of the positive growth rate rp, the thermal performance curve (TPC)
for the FAW was constructed using the Sharpe and DeMichele model [60] in conjunction
with the constant and variable temperature experiments of [61]. This reflected the effect
of temperature on the development rate and time of the FAW from egg to adult. The
descriptions of specific development parameters are shown in Table S2, and the simulation
results are shown in Figure S2. The formula is as follows:

rp(T) =
εcTeφ−H 6=A /RT

1 + e(∆SL−∆HL/T)/R + e(∆SH−∆HH/T)/R
(2)

For the calculation of the negative growth rate rn, we considered the effects of cold,
heat, and dry stress [62] on the development of the FAW, which were expressed using the 2
m air temperature and the soil water content. When the environment is not suitable for
the growth and development of the FAW, it will cause stress death. We can derive rn by
quantifying the average mortality rate ms per unit of stress and per time caused by envi-
ronmental variable s above a maximum threshold of smax or below a minimum threshold
of smin. p = e−msast [59] is the survival rate under the cumulative stress as = |s− smin/max|
in time t. The mortality caused by all the stress conditions was cumulatively summed to
obtain rn = ∑s asms. The specific eco-physiological parameters are shown in Table 2. If
daily r = rp − rn is less than zero, it is not included in the cumulative growth rate rc = ∑

t
r.

Table 2. The environmental thresholds and mortality parameters of FAW.

Parameter Description Value Reference

STmin Minimum temperature threshold 12.97 ◦C [63]
STmax Maximum temperature threshold 39.8 ◦C [64,65]
SWmin Minimum soil moisture threshold 0.1 m3/m3 [62]

mTmin Mortality rate per cold stress 0.2 Assumes 36% 3-h
mortality at −5 ◦C [59]

mTmax Morality rate per heat stress 0.02 Assumes 10% daily
mortality at 45 ◦C [59]

mWmin Morality rate per drought stress 1.05 Assumes 10% daily
mortality at 0 m3/m3 [59]

Flying activity accelerates the development of FAW ovaries, and females usually reach
their peak egg laying capacity after flight [66]. When the cumulative growth rate rc is greater
than or equal to one from the adult invasion date, it is assumed that the next generation of
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FAW has developed from egg to adult within that period and has the ability to migrate long
distances and can start the next round of migration. The longest cumulative development
time for the FAW does not exceed 90 days [67], otherwise, the current environment of this
area would be considered unsuitable for the growth and development of the FAW.

3. Results
3.1. Validation of the Results of the Dynamic Spatial Distribution Model of FAW

A total of 898,020 migratory trajectories from February to August 2020 were simulated,
and a total of 154,270 trajectories with landing points in areas with available host plants
and suitable environments were screened using Python 3.9 (https://www.python.org/,
accessed on 16 February 2022). To validate the accuracy and performance of FAW-DDM,
this study used the validation method of [22], by comparing the first field observation
dates for the FAW in 125 cities with the first FAW invasion dates simulated by the model
(Table S1) and a linear regression was established (Figure 4).
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Figure 4. Linear regression of the observed initial invasion dates (week no.) and simu-
lated initial invasion dates (week no.) of the FAW in 125 municipalities in China; shading is
the 95% confidence interval.

In the linear regression model, y is the date of the observed initial invasion date of FAW,
and x is the simulated initial invasion date where the FAW spread to the corresponding
area. The two have a significant linear relationship (R2 = 0.623; F = 203.018; d f = 1,123;
p < 0.001). Using a paired t-test (t = 0.634, d f = 124, p = 0.527), it was shown that there was
no statistically significant difference between the means of the simulated results and the
field observations, indicating that the model worked effectively.

3.2. Potential Spatio-Temporal and Relative Abundance of FAW

Kernel density analysis (KDA) was performed on the monthly screened landing points,
and the bandwidth was computed using Silverman’s Rule of Thumb and ranked from the
smallest to the largest density quantile of the landing points. The results are shown in
Figure 5, which indicate the potential spatial distribution range and relative abundance
of the FAW from February to August 2020. During this period, FAW populations spread
from their overwintering breeding areas in southern and southwestern China to seasonal
feeding areas in eastern and northern China.

To quantitatively characterize the spatial distribution of the FAW, a combination of
box-line and violin plots (RainCloud plots) of the distribution of the FAW for latitude and
longitude and their probability density were plotted for each month [68], as shown in
Figure 6.

We divided the northward migration process of the FAW in China into three stages
based on its spatial distribution characteristics: (1) Overwintering breeding period (Febru-

https://www.python.org/
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ary to April): FAW overwintered and reproduced in tropical and subtropical regions of
China, and FAW from Southeast Asia also continue to migrate into these regions. From
February to March, FAW had relatively little variation in the potential distribution range,
and the regions with a higher probability density of FAW (as shown in Table S3) were mainly
concentrated in the annual breeding areas of Guangxi (59.63%, 38.34%), Yunnan (19.72%,
46.79%), Guangdong (12.39%, 8.92%), and Hainan (3.90%, 4.30%). In April, with the rising
temperature, a small number of FAW adults began to disperse northward into Guizhou
(6.16%), Hunan (5.05%), and Jiangxi (1.59%), but the majority of FAW were still distributed
in Yunnan (42.44%), Guangxi (30.90%), Guangdong (9.82%), and Hainan (3.37%).

(2) Transitional migration period (May to June): As the environment gradually became
favorable for the survival of FAW, the FAW rapidly began to spread north and east from
the annual breeding area and its potential distribution range significantly grew. In May, the
FAW invasion areas were mainly distributed in the Southwest Mountain maize region and
the Southern Mountain maize region, including Guangxi (30.34%), Guangdong (18.42%),
Hunan (13.78%), Jiangxi (11.97%), Guizhou (7.03%), Fujian (6.17%), and Yunnan (5.26%).
In June, FAW moved out mainly from the southern provinces mentioned above, and the
invasion area was predominantly concentrated in the Yangtze River basin, including Jiangxi
(21.87%), Hunan (18.52%), Zhejiang (18.43%), Hubei (13.46%), and Guizhou (5.39%). The
northern boundary of the potential invasion area has reached the Huanghuaihai Plain
maize region, but the FAW populations were relatively few (<1%).

Remote Sens. 2022, 14, x FOR PEER REVIEW 9 of 20 
 

 

Figure 4. Linear regression of the observed initial invasion dates (week no.) and simulated initial 
invasion dates (week no.) of the FAW in 125 municipalities in China; shading is the 95% confidence 
interval. 

In the linear regression model, y  is the date of the observed initial invasion date of 
FAW, and x  is the simulated initial invasion date where the FAW spread to the corre-
sponding area. The two have a significant linear relationship ( 2R  = 0.623; F  = 203.018; 
df  = 1,123; p  < 0.001). Using a paired t-test (t  = 0.634, df  = 124, p  = 0.527), it was 
shown that there was no statistically significant difference between the means of the sim-
ulated results and the field observations, indicating that the model worked effectively. 

3.2. Potential Spatio-Temporal and Relative Abundance of FAW 
Kernel density analysis (KDA) was performed on the monthly screened landing 

points, and the bandwidth was computed using Silverman’s Rule of Thumb and ranked 
from the smallest to the largest density quantile of the landing points. The results are 
shown in Figure 5, which indicate the potential spatial distribution range and relative 
abundance of the FAW from February to August 2020. During this period, FAW popula-
tions spread from their overwintering breeding areas in southern and southwestern China 
to seasonal feeding areas in eastern and northern China. 

   
(a) February (b) March 

  
(c) April (d) May 

Figure 5. Cont.



Remote Sens. 2022, 14, 4415 10 of 19Remote Sens. 2022, 14, x FOR PEER REVIEW 10 of 20 
 

 

  
(e) June (f) July 

  
(g) August (h) Legend  

Figure 5. Spatial distribution and relative abundance of the FAW from February to August 2020. (a–
g) represent different months, and (h) the legend from blue to red represents the relative abundance 
of FAW increasing. 

To quantitatively characterize the spatial distribution of the FAW, a combination of 
box-line and violin plots (RainCloud plots) of the distribution of the FAW for latitude and 
longitude and their probability density were plotted for each month [68], as shown in 
Figure 6. 

(a) (b) 

Figure 6. Spatial distribution and probability density of the FAW at (a) longitude and (b) latitude. 
The dotted line connecting point is the median of the longitude or latitude of the landing points for 
each month. 

Figure 5. Spatial distribution and relative abundance of the FAW from February to August 2020.
(a–g) represent different months, and (h) the legend from blue to red represents the relative abundance
of FAW increasing.

Remote Sens. 2022, 14, x FOR PEER REVIEW 10 of 20 
 

 

  
(e) June (f) July 

  
(g) August (h) Legend  

Figure 5. Spatial distribution and relative abundance of the FAW from February to August 2020. (a–
g) represent different months, and (h) the legend from blue to red represents the relative abundance 
of FAW increasing. 

To quantitatively characterize the spatial distribution of the FAW, a combination of 
box-line and violin plots (RainCloud plots) of the distribution of the FAW for latitude and 
longitude and their probability density were plotted for each month [68], as shown in 
Figure 6. 

(a) (b) 

Figure 6. Spatial distribution and probability density of the FAW at (a) longitude and (b) latitude. 
The dotted line connecting point is the median of the longitude or latitude of the landing points for 
each month. 

Figure 6. Spatial distribution and probability density of the FAW at (a) longitude and (b) latitude.
The dotted line connecting point is the median of the longitude or latitude of the landing points for
each month.

(3) Key preventive period (July to August): The FAW continuously invaded the
Huanghuaihai Plain maize region and the North China maize region, which are the main
maize planting regions in China and account for more than 60% of the total annual maize
production. In July, the FAW were mainly distributed in the middle and lower reaches of
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the Yangtze River, including Zhejiang (21.22%), Anhui (14.72%), Hunan (13.45%), Hubei
(10.64%), Jiangsu (7.84%), and Jiangxi (6.24%). At this time, the FAW was still in the
early stages of invading the Huanghuaihai Plain maize region (4.42%), and the northern
boundary of the FAW invasion area reached the North China maize region (<1%). In
August, the FAW was mainly distributed in the North China Plain, including Anhui
(29.77%), Jiangsu (26.56%), Henan (8.60%), and Shandong (7.69%). During this period, FAW
populations increased in the Huanghuaihai Plain maize region (34.76%). The North China
maize region, including Shaanxi (1.66%), Liaoning (0.60%), Hebei (0.54%), and Shanxi
(0.21%) had relatively little FAW.

3.3. Analysis of the Influencing Factors of the Spatial Distribution of FAW

In the model simulation results, the FAW that completed their life cycles in suitable
areas accounted for 17.18% of the total simulated amount. To quantitatively evaluate
the influencing factors of the FAW in the process of northward migration in China, we
calculated the normalized value of the ratio of the trajectories restricted by the following
conditions to the total restricted trajectories each month, as the relative impact percentage
(RIP) of the factor (Figure 7): (1) Affected by environmental factors (ENV, including air
temperature, soil water content), FAW cannot develop and survive normally; (2) FAW
migration terminated due to precipitation (PRE); (3) Maize phenology (MAI) did not match
the period of the invasion of the FAW, resulting in a lack of food resources.
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Before May, environmental factors were the main influencing factor, with an average
RIP of 85.8%, from May to July. As the temperature rose (as shown in Figure S3), the
environmental suitability increased, and the limitation weakened with an average RIP of
24.92%. In August, environmental limitations began to increase again, with a RIP of 33.25%.
The effect of precipitation on FAW trended to increase and then decrease. From May to July
with the onset of the rainy season (as shown in Figure S4), the effect of precipitation on FAW
increased with an average RIP of 60.32%. Precipitation was the main influencing factor
for FAW in this period, and the influence of rainfall weakened after July. The limitation of
maize phenology on FAW showed a decreasing and then increasing trend. From February
to May, the spread of FAW was limited predominantly due to unsown maize (Invasion
DOY < V3 DOY), and this effect was gradually weakened with maize planting. From June
to August, the increase in maize maturity and harvesting (Invasion DOY > MA DOY) led
to a decrease in available food resources for the FAW. In mid to late August, the growing
season was coming to an end in the main maize planting regions, and maize as the host
plant became the main influencing factor, with 62.72% of RIP. Overall, the average RIP
from February to August showed that environmental factors including air temperature and
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soil water content had the most pronounced effect on distribution (51.01%), followed by
precipitation (31.49%), and maize phenology (17.50%).

4. Discussion
4.1. Strengths and Weaknesses of the Process-Based FAW-DDM Framework

Seasonal activity patterns of insect populations can be used as a basis for predicting
large-scale insect outbreaks. Unlike most previous studies that used the correlative SDMs to
study the relatively “static” ecological niches of species, in this study, three modules named
insect migration simulation, host plant phenology extraction, and environmental suitability
analysis were used to link the life cycles of FAW including growth, reproduction, and
dispersal, and established a process-explicit modeling framework to iteratively update the
“dynamic” spatial distribution of FAW. Meanwhile, we combined the advantages of remote
sensing data to observe the environment and host plant phenology, providing spatial and
temporal continuous data to simulate the distribution and population dynamics of FAW
in China. Our results can reflect the activity of FAW under environmental impact and
provide information support for formulating accurate pest control strategies by time and
region. In addition, our results can provide a baseline for comparison with the situation
after the implementation of control efforts, to evaluate the effectiveness of current pest
control measures. With the construction of the digital platform for pesticides and further
research into FAW pesticide resistance [69], we can overlay pesticide use condition in the
model to obtain more accurate results.

Insects often migrate long distances with the help of favorable seasonal wind cur-
rents [51]. The directions, distances, and paths of wind-driven insect migration can be well
modeled using atmospheric conditions [22]. In this study, the insect migration simulation
module estimated the hourly 3D forward trajectory of FAW using atmospheric conditions
generated by WRF for different vertical layers. The numerical trajectory simulation method
used in this study has been applied in the migration studies of the FAW by [15,17,40], and
the performance of this method has been verified.

As poikilotherms, the life cycle of FAW can be simulated based on the temperature- de-
pendent insect phenology model [64,70,71]. This study employed the Sharpe and DeMichele
model in the environmental suitability analysis module, to more accurately describe the
nonlinear relationship between insect developmental rate and temperature, thus avoiding
the bias of linear phenology models such as the degree-day model at extreme tempera-
tures [72,73]. In addition, the pupation, pupal survival, and emergence of FAW are sensitive
to soil moisture, and most mature FAW larvae cannot pupate and survive in dry soil [74],
therefore we introduced drought stress to describe the negative effect of moisture on FAW.
The FAW is likely to develop local adaptations to the environment after migration to a new
region, resulting in greater tolerance to the environment, and allowing it to develop in
areas once considered unsuitable for survival. This biological mechanism may also lead to
lagging model predictions.

Host plant availability and phenology are also critical in influencing the growth and
reproductive processes of pests [11,75]. Host plants are only available as food resources for a
limited time during the growing season, and many insect life cycles are closely synchronized
with plant phenology [76]. The time-series satellite imageries with wide spatial coverage
and short revisit times are widely used for crop phenology extraction studies on the large
scale [32,34]. However, the accuracy of crop phenology extraction in the south of China
is inevitably lower than that in the north due to the complex planting structure, irregular
planting time, as well as cloudy and rainy weather [77], and further model improvement is
needed by combining multi-source and multi-scale data and vegetation growth models [78].

Species distribution change is a complex ecological process driven by population dy-
namics and dispersal, including multiple environment–species interactions [79]. This study
employed quantitative and simplified eco-physiological parameters and mathematical
models to describe the life history strategies of FAW, and the performance of the models
depended largely on the availability of data and prior knowledge. The modular framework
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also helps to understand the factors influencing the distribution of FAW during each period.
However, there is still a lack of reliable FAW spatio-temporal abundance data and demo-
graphic information, which limits the calibration and optimization of dynamic distribution
models. At the same time, the parameters considered by the mechanistic model cannot be
exhaustive and will inevitably bring errors, but it helps to understand the dynamic process
of FAW migration and dispersal, and the FAW-DDM model does not require large amounts
of field occurrence data to drive the simulations, especially as these data are often lacking.
In the future, with further understanding of FAW biology and ecological mechanisms,
parameters and modules in the model can be updated while demographic processes can be
integrated into the model, to obtain more accurate simulation results.

4.2. The Influence of Multiple Factors on FAW

This study considered the influence of multiple factors on the FAW, and quantitatively
analyzed the reasons that affect its monthly distribution. During the northward migration of
FAW, the average RIP of environmental factors (air temperature and soil water content) was
the highest, followed by precipitation and maize phenology. For the environmental factor
with the largest average RIP, we calculated the average daily growth rate (environmental
suitability) using the eco-physiological model in the environmental suitability analysis
module, to reflect its limitations and variations in space and time, as shown in Figure 8.
The eco-physiological model does not rely on pest presence/absence data, and is based on
the physiological limitations of the pests to define their distribution [27].

The distribution of FAW (Figure 5) usually shows a lag compared with the suitable
environment (Figure 8). FAW spread to central China in May, while the suitable environ-
ment area had extended to northern China. Not all areas with suitable environments and
available hosts will be threatened by FAW. In the Northwest China Inland maize region,
even from June to August when both environment and hosts were suitable, the possibility
of crops damaged by FAW was low due to poor geographical connectivity with existing
FAW areas and the lack of favorable seasonal wind flow. This was also the reason for
further refining the spatial extent of pest dispersal using the insect migration simulation
module in this research. The environmental suitability continued to increase from February
to July, and began to decrease in August at mid-latitudes (Figure S5). This is consistent with
the results of [17], which showed that the migration of FAW in China has a pronounced
northward migration trend before August, and part of the FAW’s return journey to the
south began in September.

When encountering downdrafts, cold air, or rain, insects may be forced to terminate
migrations, and their density decreases significantly after moderate to heavy rainfall [80].
The locations of summer rainfall belts in eastern China are controlled by the Western Pacific
Subtropical High Pressure (WPSH). From April, the WPSH moves northward, so that the
impact range gradually moves northward from southern China to the middle and lower
reaches of the Yangtze River plain, and a Meiyu belt forms from June to July, bringing
continuous rainfall [81]. In this study, we considered the forced landing behavior of FAW
in response to rainfall during migration. The results are consistent with the seasonal
movement of WPSH, with a single peak trend of increasing and then decreasing effect
of rainfall on FAW migration from February to August. The effect of rainfall on FAW
migration was greatest during the rainy season of May–July.

The average RIP of maize phenology was the lowest, which is because the host plant
is also influenced by the environment, and its phenology is a reflection of environmental
conditions and human factors. According to the analysis of data collected by FAO FAMEWS
Global Platform (https://www.fao.org/fall-armyworm/monitoring-tools/famews-global
-platform/en/, accessed on 20 April 2022) in Africa, many FAW infestations were recorded
in the vegetative and reproductive stages of maize. In Kenya, FAW populations increased
as the maize planting season began, with two peaks in FAW abundance that coincided with
the local crop seasons [82]. The initial infestation of FAW occurred as early as the three- to
four-leaf stage of maize [22]. When the crop was almost mature, the number of larvae and

https://www.fao.org/fall-armyworm/monitoring-tools/famews-global-platform/en/
https://www.fao.org/fall-armyworm/monitoring-tools/famews-global-platform/en/
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adults in the field decreased sharply, which was consistent with the parameters set in this
study. The FAW dynamic distribution model used in this study only considered maize as
the main host crop, based on the survey report that maize is the most severely infested crop
in China (98.1% of the total infested area) [14,83]. However, FAW is a polyphagous pest
that can infest at least 353 plants [84,85]. The incomplete consideration of host plants may
lead to the underestimation of the prediction results of the suitable spatial range of FAW. In
the future, more refined modeling should be developed for thorough consideration of the
effects of host plants on the FAW.
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5. Conclusions

Based on remote sensing data and meteorological assimilation products, this study
examined the impact of migration, host plants, and the environment on the life history of
FAW, developed a process-explicit dynamic spatial distribution model of the FAW (FAW-
DDM), and the potential spatial distribution of FAW in China from February to August 2020
was simulated. The results showed a significant linear relationship between the first simu-
lated invasion dates and the first observed invasion dates of FAW in 125 cities (R2 = 0.623;
p < 0.001). The influencing factors affecting the distribution of FAW were analyzed by
month. Environmental factors including air temperature and soil water content were the
main influencing factors from February to April, with an average RIP of 85.8%. From May
to July with the onset of the rainy season, the influence of precipitation dominated, with an
average RIP of 60.32%. In mid to late August, the main growing season in the main maize
planting areas came to an end, and maize phenology became the main influencing factor
with 62.72% of RIP. According to the spatial distribution characteristics of FAW in China,
its northward migration is divided into three periods, namely the overwintering breeding
period, the transitional migration period, and the key preventive period. The regions of
focus and the prevention and control strategies implemented can be adjusted according to
the spatial and temporal distribution of FAW. The results of this study can provide data
support for precise control of FAW, which can help integrated management of FAW, and
reduce its impact on food security.
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