
International Journal of Applied Earth Observations and Geoinformation 114 (2022) 103043

Available online 12 October 2022
1569-8432/© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Regional prediction of Fusarium head blight occurrence in wheat with 
remote sensing based Susceptible-Exposed-Infectious-Removed model 

Yingxin Xiao a,b, Yingying Dong a,b,*, Wenjiang Huang a,b, Linyi Liu a 

a State Key Laboratory of Remote Sensing Science, Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, China 
b University of Chinese Academy of Sciences, Beijing 100049, China   

A R T I C L E  I N F O   

Keywords: 
Fusarium head blight in wheat 
Regional prediction 
Remote sensing 
Susceptible-Exposed-Infectious-Removed 
model 
FHB epidemiology 
Polycyclic diseases 
Disease progress curves 

A B S T R A C T   

Fusarium head blight (FHB) is one of the major fungal diseases affecting wheat production worldwide, influ-
encing kernel development and producing poisonous mycotoxins. Mechanistic models have been extensively 
used for plant disease simulation; however, regional disease prediction using these models is difficult because 
they simplify the heterogeneous plant growth conditions. Herein, we present a remote sensing based Susceptible- 
Exposed-Infectious-Removed (SEIR) model for regional prediction of FHB occurrence in wheat. Plant properties 
that are key to the development of FHB are extracted from remote sensing data or data products to initialize or 
drive the model. Fractional vegetation cover products, time-series curves from satellite images, and vegetation 
indices were used to indicate plant density, phenology, and vegetation vigor. We applied our model to a plain 
region in China that suffers greatly from FHB annually. The SEIR model was parameterized by incorporating 
remote sensing data products, and then calibrated and verified for regional FHB prediction. The model was 
trained and evaluated by comparing the results of its prediction of FHB incidence to field observations during the 
susceptible period for wheat; satisfactory results were observed with a correlation coefficient of 0.804, root 
mean-square error of 0.131, classification accuracy of 0.860, and missed detection rate of 0.035 when the model 
was initialized with the Optimized Soil Adjusted Vegetation Index (OSAVI). The disease progress curves fur-
nished by our model display an S-shape—a characteristic of polycyclic diseases—which matches the wheat FHB 
epidemiology. These results indicate that our remote sensing-based SEIR model is promising for the regional 
prediction of FHB occurrence in wheat.   

1. Introduction 

Fusarium head blight (FHB) of wheat—also called wheat scab—is 
one of the most serious fungal diseases that affects kernel development, 
resulting in dramatic reduction in yield worldwide and producing fatal 
mycotoxins harmful to humans and animals (Dweba et al., 2017; 
Vaughan et al., 2016). In recent years, owing to global warming, 
countries including China, Britain, Brazil, and Africa have suffered from 
an increasingly serious occurrence of FHB in wheat (hereafter called 
wheat FHB) (Madgwick et al., 2011; Pirgozliev et al., 2003; Wegulo 
et al., 2015). Wheat FHB is a polycyclic disease (Reis et al., 2016). The 
fungus overwinters on wheat residues will provide primary inoculum for 
FHB development in the following year. (Leplat et al., 2012). The pri-
mary inoculum infects plants during the growing season, resulting in the 
primary infection. Then, the fungus spores formed on the infected tissues 

can cause secondary infection. The infections occur primarily during the 
anthesis stage and shortly afterward, when warm, humid weather pre-
vails. And the infected plants cannot be treated and cured (McMullen 
et al., 2012). Weather variables, particularly temperature and humidity, 
have been found to have a powerful influence on FHB incidence pre-
diction (Fernando et al., 2021; Leplat et al., 2012; Shah et al., 2014, 
2021). FHB is best known as a disease affecting flowers, with anthers as 
the crucial infection site where fungus spores land and grow into 
spikelets (Del Ponte et al., 2007); the concentration of overwinter fungi, 
and the primary infection intensity are highly correlated with temper-
ature and vegetation vigor (Lori et al., 2009; Xu et al., 2021). 

Modelers are becoming increasingly interested in disease prediction 
and progress simulation that combine epidemiology, mathematics, and 
computer technology. Based on mathematical approximation, empirical 
models furnish a black-box relationship between these factors and 
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disease occurrence (Del Ponte et al., 2003; Spolti et al., 2015). In recent 
years, mechanistic models that comprehensively consider the in-
teractions among the host plant, pathogen, and the environment, have 
been extensively used to quantitatively simulate plant diseases, with 
compartmental models becoming the more dominant among them 
(Bregaglio et al., 2016; Figueroa et al., 2018). The SEIR-type (Suscep-
tible-Exposed-Infectious-Removed) compartmental model is predomi-
nantly used in plant polycyclic disease prediction and simulation (Bokil 
et al., 2019; Segarra et al., 2001), for example, in the case of potato late 
blight (Narouei-Khandan et al., 2020), sharka of Prunus trees (Parnell 
et al., 2017; Rimbaud et al., 2018), and rice blast disease (Kirtphaiboon 
et al., 2021). The model describes host plants in four states in one spatial 
unit: susceptible hosts that are yet to be affected, exposed hosts who 
have been infected but not infectious, infectious hosts who are capable 
of infecting susceptible ones, and removed hosts who have lost their 
infectivity or died. Savary & Willocquet (2014) explained why it was 
necessary to propose a simulation model for plant diseases, and illus-
trated the generality and practicability of the SEIR model. Donatelli 
et al. (2017) observed that the SEIR model is universally effective for the 
analysis of plant disease epidemics. 

The development of GIS systems has made it possible to realize 
regional predictions or simulations of plant disease epidemics by linking 
with mathematical or mechanistic models involving climate data (Fenu 
and Malloci, 2021; Savary et al., 2012; Savary et al., 2015). However, 
few researchers have been able to comprehensively consider the state of 
the host, and environmental conditions for disease simulation because it 
is difficult to manually collect data on regional host parameters 
including phenology, biomass, and water content. Satellite images have 
the advantage of synchronous observation over large areas. Time-series 
satellite data such as the Moderate Resolution Imaging Spectroradi-
ometer (MODIS), Sentinel-2, and Landsat data are widely used for 
phenological extraction (Kong et al., 2019; Zhang et al., 2022). Data 
products such as the leaf area index (LAI), land surface temperature 
(LST), and fractional vegetation cover (FVC) obtained from satellite 
sensors are used as indicators of potential plant diseases (Mahlein, 2016; 
Ruan et al., 2021; Zhang et al., 2019). Vegetation indices (VIs) that 
combine bands sensitive to canopy chlorophyll concentration, canopy 
architecture, and water content provide simple and effective measures 
of vegetation vigor and have been applied for crop disease identification 

(Liu et al., 2020; Mahlein et al., 2013; Ye et al., 2020) while detection or 
prediction of plant disease occurrence has been realized using remote 
sensing data (Dong et al., 2020; Ma et al., 2019). 

In summary, ongoing efforts toward plant disease incidence predic-
tion or progress simulation focus on (a) establishing mathematical 
models involving weather data, remote sensing data, or both; (b) 
improving the structure of mechanistic models to characterize the 
infection processes using reasonable simplifications or hypotheses at the 
point or laboratory scale; or (c) regional simulation using mechanistic 
models coupled to a GIS system by incorporating weather data, simple 
host population growth models, and simple host physiological senes-
cence models. Few researchers have been able to realize regional disease 
progress simulation with high spatial and temporal resolution, 
substituting the parameters input to the mechanistic model with 
remotely sensed data or data products. 

Therefore, we aimed to develop a remote sensing-based SEIR model 
to improve traditional weather-driven mechanistic models for regional 
prediction of wheat FHB occurrence. In the modeling process, the 
manner in which remote sensing indicators showing spatio-temporal 
variations of parameters were involved was determined. First, we 
identified parameters in the SEIR model that can be extracted from 
remote sensing data products so that the model structure can fit the FHB 
epidemiology featuring the disease epidemic driven by both environ-
mental conditions and host properties. Then, the spatio–temporal 
parameterization of the model was carried out. Satellite-derived time- 
series curves, VIs, and vegetation products were applied to initialize and 
drive the model. Subsequently, the model was calibrated and verified, 
and the simulation of disease progress and generation of prediction 
maps for FHB occurrence were carried out through projections of the 
calibrated model. 

2. Study area and data 

2.1. Study area 

Our study area is spread across five counties along the Huaihe River 
in Anhui province (31◦ 33′–33◦ 5′ N, 116◦ 58′–118◦ 7′ E) in southeastern 
China, a plain region with an average altitude of 350 m and agroclimatic 
conditions suitable for growing wheat (Fig. 1). The area is dominated by 

Fig. 1. Location of (a) study area; (b) meteorological stations and sampling points.  
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a subtropical humid monsoon climate with four distinctive seasons, mild 
weather, and abundant precipitation. The area under wheat cultivation 
accounts for 30 % of the total area. The major wheat cultivar in the study 
area is “Yangmai25,” which is susceptible to FHB. The areas under 
wheat cultivation are mostly characterized by moderate management 
intensity and unified measures under the guidance of local governments. 
Due to the profusion of FHB pathogens and the high coincidence of 
weather conditions suitable for pathogen invasion and the susceptible 
period in the life cycle of the host, this study area has increasingly suf-
fered from the FHB epidemic since 2010 (Chen et al., 2017; Huang et al., 
2019). 

2.2. Data 

A field survey was conducted on May 10, 2020. A total of 158 ho-
mogenous areas under wheat cultivation with width, length, and dis-
tance to the adjacent area all larger than 30 m were selected. A Global 
Navigation Satellite System (GNSS) receiver was used to obtain the 
longitude and latitude of the center of the areas. Within each area, five 

plots of size 1 m × 1 m were randomly selected to investigate the total as 
well as the diseased number of wheat plants. Subsequently, the average 
of the disease incidence (DI) in the five plots was calculated to represent 
the DI in the area (Fenu and Malloci, 2021). The 158 samples shown in 
Fig. 1 (b) were used to calibrate and verify the proposed model. In 
addition, comprehensive factors including variables representing the 
environmental conditions and the state of the host were used in the 
development of our model to capture spatio-temporal variability in the 
occurrence of wheat FHB. Daily meteorological factors—known to have 
a conclusive effect on the disease cycle—were collected from meteoro-
logical stations, and spatial interpolation was performed. Satellite 
products including MODIS surface reflectance, Sentinel-2 surface 
reflectance, and fractional vegetation cover were obtained to describe 
the state of the host. These spatial maps were harmonized to the target 
grid (250 m × 250 m), except for Sentinel-2 MSI scenes (20 m × 20 m). 
Details regarding these data or datasets and their preprocessing are 
listed in Table 1. 

Table 1 
Data used in our study (T: temperature, RH: relative humidity, SR: surface reflectance, NIR: near-infrared, NDVI: Normalized Difference Vegetation Index, VI: 
vegetation index, CGLS: Copernicus Global Land Service, and FVC: fractional vegetation cover which corresponds to the fraction of ground covered by wheat).  

Data Details Source Pre-processing Spatial 
resolution 

Temporal 
resolution 

Meteorological data Daily average T and RH Meteorological stations Spatial Kriging interpolation by 47 stations 
around the study area 

250 m Daily  

Agrometeoro-logical 
data 

Growth stages record Agrometeoro-logical stations Statistics of overwinter, green-up, heading, 
and anthesis stages 

250 m Daily 

MODIS SR MODIS MOD09GQ product providing 
Red and NIR bands 

https://doi.org/10.5067/MO 
DIS/MOD09GQ.006 

Calculation of four-day maximum synthesis 
NDVI 

250 m Four days 

Sentinel-2 SR Sentinel-2 level-2A product with cloud 
cover less than 10 % 

https://sentinel.esa.int/ Calculation of VIs 20 m / 

CGLS FVC Daily FVC estimated from Sentinel-3 https://land.copernicus.eu/globa 
l/products/fcover 

Resampling to 250 m 250 m 10 days  

Fig. 2. Model structure, parameters, and input variables representing disease cycle S-E-I-R. Only one feedback loop linking I to S is indicated, describing sites from S 
to E via disease infection rate of α, after being infected by I. Input variables including T, RH, and age drive the model via rates α, β, and γ with corresponding 
subscripts. Some picture elements are from Mills et al. (https://ohioline.osu.edu/factsheet-/plpath-cer-06). 
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3. Methodology 

The remote sensing-based SEIR model was established, parameter-
ized, and calibrated based on FHB epidemiology (the detailed modeling 
process is shown in Supplementary Material S1). The role of satellite 
remote sensing products in constructing the SEIR model for high- 
resolution spatial prediction of wheat FHB occurrence was identified 
and assessed. First, a blueprint for the SEIR model that captures the 
relationship between FHB prevalence and the controlling variables 
including environmental and host conditions—extracted from weather 
or remote sensing data—was established. Sensitivity analysis and 
parameter optimization were then applied to calibrate the model. 
Finally, the results were evaluated from different perspectives, the 
importance of remote sensing products was assessed, and the FHB 
epidemic in the study area was mapped using the optimized model. 

3.1. Structure and parameterization of the model 

3.1.1. Model structure 
The SEIR model describes the flow patterns in the sites (i.e., plants in 

our model) between the susceptible (S), exposed (E), infectious (I), and 
removed (R) compartments to illustrate how the disease spreads. For 
wheat FHB, our model specifies the number of sites in each compartment 
at a particular time. Therefore, the number of sites in S, E, I, and R were 
described as functions of time (t) using a daily time step. Fig. 2 illustrates 
the dynamics between compartments in the SEIR model. Sites in the S 
compartment can shift to the E compartment (i.e., latently infected) at 
disease infection rate α, after exposure to the disease. Sites will then 
move from compartment E to compartment I—capable of spreading the 
disease—at infection maturation rate β. Finally, after the disease has run 
its course, the sites transform from class I to class R, usually due to 
weather or host conditions unfavorable for the spread of the disease. In 
the model, we assumed that the population was constant, i.e., no newly 
germinated members were added, and no members were artificially 
removed from the system; therefore, the total number of sites in the four 
compartments was a constant, N. Daily changes in the number of sites in 
each compartment can be described using a set of nonlinear differential 
equations (Eqn.1 − Eqn.4), and the output of the model, i.e., the disease 
incidence (DI), calculated using Eqn.5. 

dS
dt

= − α × I(t) ×
S(t)
N

(1)  

dE
dt

= α × I(t) ×
S(t)
N

− βE(t) (2)  

dI
dt

= βE(t) − γI(t) (3)  

dR
dt

= γI(t) (4)  

DI(t) =
E(t) + I(t) + R(t)

N
(5) 

where S(t), E(t), I(t), and R(t) are the number of susceptible, exposed, 
infectious, and removed population at time t, and N is the sum of these 
four. α is the disease infection rate, β is the infection maturation rate, 
andγis the transition rate from I to R. 

Thus, the central elements of this model are the rates that determine 
the daily transitions in the four compartments. Traditionally, as a 
simplification of reality, α, β, and γ have been assumed to be constant 
during the whole or a segment of the epidemic process (Getz et al., 2019; 
Kirtphaiboon et al., 2021). To accurately simulate the progress of FHB, 
temperature (T), relative humidity (RH), and wheat phenology (age) 
were regarded as the driving factors of the three rates. They were 
incorporated using modifiers in the form of functions indicating the 
responses of α, β, and γ to the daily T (Tt), RH (RHt), and age (t)—bound 

between 0 and 1—and respectively multiplied by a constant α0, β0, or γ0, 
which are the values of the three controlling factors optimal for FHB 
development. Thus, the three rates were modeled as a function of time t 
(Eqn.6), with β(t), and γ(t) strictly bound between 0 and 1. 

f (t) = f0 × fT(Tt) × fRH(RHt) × fage(t)

f : α, β, orγ (6) 

where fT(Tt), fRH(RHt), fage(t) is the response function of α, β, and γ to 
the daily T (Tt), RH (RHt), and age (t), f0 is the value of f(t) when the 
three controlling factors are optimal for FHB development. 

3.1.2. Remote sensing based model parameterization 
To run the model driven by these input variables, model parame-

terization was carried out. We simulated response functions to describe 
the input-output relationship between the influential factors and tran-
sition rates. In addition, the remote sensing products involved in the 
model were identified. Considering the model structure, it is important 
to determine the response function expressions of T, RH, and age to 
calculate the three transition rates between the compartments. The 
initial number of sites in compartment I should be set to start the model. 
The total number of sites should be calculated to measure DI. 

For wheat FHB, the influence of T, RH, and wheat phenology on the 
epidemiological processes has been extensively investigated (Beyer 
et al., 2005; Rossi et al., 2001). Accordingly, the effect of RH was 
simulated using a normalized logistic function. To ensure the positive 
effect of RH on disease prevalence, αRH(RHt) and βRH(RHt) were posi-
tively related to RH, sharing the same logistic parameters, whereas 
γRH(RHt) was negatively correlated with RH. Gaussian functions were 
applied to simulate the effects of T and phenology. Different values of 
Gaussian variance were adopted for independent variables smaller and 
greater than the Gaussian mean. Similarly, αT(Tt) and βT(Tt) shared the 
same Gaussian parameters, and γT (Tt) had a negative relationship with 
T. αage(t) and βage (t) were fitted using a Gaussian function, and γage (t) 
using an inverted Gaussian function. The Gaussian means of αage(t), βage 
(t), or γage (t) were set with reference to the anthesis date (day of year, 
DOYanthesis) plus a time bias k. All equations and diagrams of functions 
related to RH, T, and phenology can be found in Supplementary Material 
S2. MODIS four-day maximum synthesis NDVI and daily temperature 
data were used to extract DOYanthesis. The Whittaker smoother proposed 
by Whittaker (1922) and improved by Eilers et al. (2017) was applied to 
extract heading dates. Based on the accumulated temperature required 
by the main wheat varieties in the study area to reach the anthesis stage 
from the heading stage, 105 ◦C was taken as the threshold accumulated 
temperature to extract the anthesis date. 

The initial number of I sites was set to be a constant as a simplifi-
cation of reality in the current research, ignoring its spatial variance. 
However, the prevalence of FHB is highly related to the primary infec-
tion. Overwinter temperatures and wheat growth status in the vegeta-
tive growth stages have been proven to be influential to the 
concentration of fungi (Landschoot et al., 2012; Xu et al., 2021). 
Therefore, infection from the initial I sites would have started at the 
green-up stage (i.e., the onset of the model corresponds to the green-up 
date). Phenological retrieval algorithms proposed by Zhang et al. (2003) 
were utilized to extract green-up dates from the smoothed NDVI curve. A 
schematic diagram of the extraction method and maps of the key phe-
nologies are provided in Supplementary Material S3. The average tem-
perature from overwinter to the green-up stage was calculated, and log 
normalization was applied to eliminate units (Toverwinter). The host 
conditions were explored using vegetation indices (VIgreen) from remote 
sensing images in the green-up stages. 11 candidate values for VIgreen 
were extracted to indicate greenness, leaf pigment, and water content 
(Supplementary Material S4). VIgreen was divided by the fraction of 
vegetation cover in the green-up stage (FVCgreen), which is sensitive to 
the amount of vegetation present; to quantify the impact of VIgreen and 
FVCgreen on the initial number of infections, they were raised to their nth 
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and mth powers. As the number of infectious sites is very small at the 
beginning of the epidemic, the range of k ensures that InitI accounts for a 
small fraction of the total sites (Segarra et al., 2001). InitI can be esti-
mated as follows. 

InitI =
VIgreen

n

FVCgreen
m × Toverwinter × k (7) 

In addition, N can be expressed by FVC in the jointing stage 
(FVCjointing) of wheat when the growing point is above the soil surface, 
the smaller, less-formed tillers die off, and the ground is not completely 
covered. As the statistical results of FVCjointing showed that it matched a 
normal distribution, we assumed that the 95 % confidence interval 
corresponded to the range of the number of wheat plants per unit area 
that the government provided to farmers, and calculated the regression 
coefficients accordingly; N can be calculated as shown below. 

N = (Npar1 × FVCjointing + Npar2) × 202 (8) 

where Npar1 and Npar2 are the regression coefficients. 

3.2. Model implementation and assessment 

To obtain an SEIR model populated with optimized parameters 
pertaining to wheat FHB, the model was calibrated and verified. The 
default values of the parameters in our model were derived from the 
literature. However, the exact values on the field can vary based on 
differences in the wheat variety, the type of Fusarium species (mostly F. 
asiaticum species in our study area), or the definition of one site that 
sometimes corresponds to a leaf or a field. Therefore, we assessed the 
variation ranges of these parameters from available knowledge and 
calibrated the parameters within these ranges. To apply the optimiza-
tion method successfully and efficiently to the constrained problem, we 
first analyzed the sensitivity of each parameter and accordingly divided 
them into groups, after which cross-validation (CV) was carried out for 
parameter tuning in each group, and finally, the model was evaluated 
and applied. 

3.2.1. Sensitivity analysis of parameters 
There were 25 parameters in our model (Supplementary Material 

S5), and the optimization of parameters was the answer to solving the 
constrained problem. Inputting all parameters results in the failure of 
the optimization algorithm to converge. Therefore, we performed a 
sensitivity analysis of the 25 parameters and divided them into three 
groups. Sobol sensitivity analysis is one of the most powerful techniques 
currently in use to determine the parameters with the most contributions 
in the overall system, and has been widely used to identify key factors 

behind the spread of pathogens (Rimbaud et al., 2018; Zhang et al., 
2015). It can calculate the first-order index, higher-order index, and 
total-effect index that respectively indicate the effects of varying one 
parameter alone, varying two or more parameters, and varying one 
parameter and all its combinations to determine the output variance. An 
illustration of how Sobol’s method works when analyzing the SEIR 
model can be found in Supplementary Material S6. 

For parameter optimization, the 25 parameters were first divided 
into three groups (i.e., representing high, medium, and low sensitivity) 
based on Sobol’s total effect and first-order indices. The three groups 
were then adjusted by combining Sobol’s second-order indices and the 
epidemiology of the parameters to ensure that parameters in the same 
group were those with high interactions to the output or those that 
affected the same factor in the model. 

3.2.2. Calibration and verification 
To calibrate the parameters in the three groups within their variation 

ranges, we applied CV to employ the sequential least-squares pro-
gramming (SLSQP) optimizer, one of the most robust methods for the 
numerical solution of constrained nonlinear optimization problems 
(Perez et al., 2012). The root mean square error (RMSE) was chosen as 
the objective function for tuning the parameters using a set of samples. 
Initially, the default values of the parameters were input as the starting 
point for the SLSQP optimizer, and the three groups of parameters were 
tuned in turn. When tuning one group, the values of parameters in the 
other groups were set to their final SLSQP tuning results. This process 
was repeated several times, and CV was used to avoid overfitting. That 
is, samples were randomly divided into K folds, and every subset was 
held out as a test set while the other (K − 1) subsets were used as a 
training set to employ the SLSQP optimizer. The RMSE of each test set 
was calculated using the model optimized by the corresponding training 
dataset, and the average RMSE across K trials (denoted RMSECV) was 
computed. CV was repeated N times, and thus, N RMSECV values were 
used for comparison. The parameters in the model that achieved the 
lowest RMSECV and RMSE were identified as the final optimized results. 

The RMSE and the coefficient of determination (R2) were calculated 
to assess the model performance. The samples were divided into levels 
according to disease incidence, and classification accuracy was deter-
mined. Besides, knowing that FHB develops very quickly, we particu-
larly focused on the model’s performance at higher levels of DI. The 
missed detection rate (MDR) namely the proportion of samples that were 
actually at higher levels but were incorrectly classified in the lowest 
level was used as well. To evaluate the generalization ability of the 
calibrated model further, the samples were randomly divided into 
training and test sets several times. Considering the optimized 

Fig. 3. Total and first-order Sobol’s sensitivity indices of 25 parameters related to DI (DOY = 130, May 10, 2020) taking OSAVI as an example when initializing InitI. 
Horizontal bars indicate CI95. Sobol’s index can be slightly negative when corresponding order effect of parameter on output is ignored and thus does not significantly 
differ from 0 (Rimbaud et al. 2018). 
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parameters as the starting point for SLSQP, the parameters for each 
training set were slightly re-optimized, and the RMSE of the samples at 
each level were calculated for the test sets. 

4. Results 

4.1. Sensitivity analysis of model parameters 

Considering the predicted DI for May 10, 2020 (i.e., the date of 
sampling) as the dependent variable, Sobol’s sensitivity analysis was 
performed with 100000 uniform samples within the parameter space 
generated with Sobol’s sequences (Sobol′, 2001). The results showed 
that the optimal infection rate α0 had the strongest influence on DI 
(Fig. 3), with a total Sobol index (SItotal) of 0.497 followed by the 
translation parameter (kβ) and the left adjustable parameter for βage, 

optimal E-I transfer rate β0, and adjustable parameters for αT and βT. Six 
parameters had less impact (SItotal ≤ 0.2) while others showed negligible 
effect on the output with an SItotal less than 0.05. This primary analysis 
divided the 25 parameters into three groups representing high, medium, 
and low sensitivity. 

However, as shown by the results, the first order indices (SI1) were 
significantly different from SItotal, indicating that the parameters in SEIR 
model for DI simulation involved considerable interactions, which can 
be indicated by the second-order indices (SI2, Fig. 5 in Supplementary 
Material S7). Therefore, it is necessary to reorganize the group of pa-
rameters according to what the parameters represent and their SI2 
values. Accordingly, the parameters were divided into three groups (see 
Supplementary Material S7 for the specific parameters of each group): 
high-sensitivity: parameters mainly correlated to the optimal infection 
or transfer rate and phenology modifiers, medium sensitivity: 

Fig. 4. Training results for models constructed 
by 11 VIs. VI was used for initializing InitI using 
Eqn. 7. Each hollow marker displays the R2 and 
RMSE of a test set and is connected to one filled 
marker representing its training set. Blue, orange, 
and green markers denote VIs indicating green-
ness, pigment, and water respectively. The mini-
mum RMSEcv among the 10 CVs is specified in 
legend. (For interpretation of the references to 
color in this figure legend, the reader is referred 
to the web version of this article.)   

Fig. 5. Results of calibrated model for (a) training set and (b) test set.  
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parameters correlated to the optimal rate, humidity, and temperature 
modifiers of α and β, and low-sensitivity: parameters correlated to the 
optimal rate, humidity, and temperature modifiers of γ, and the number 
of initial I sites. 

4.2. Calibration with SLSQP and cross validation of SEIR model 

The VIgreen for initializing InitI and the optimal parameters of the 
SEIR model were obtained by solving the optimization problem using 
SLSQP performed by CV. The VIs listed in Supplementary Material S3 
were utilized to calculate InitI, optimizing 11 models. Three-fold CV was 
applied 10 times for each model. For every training set (i.e., 2/3 of the 
data), the SLSQP optimizer was used to tune the parameters of the three 
groups four times in turn. All optimizers were started from the same 
initial point specified in Supplementary Material S6. The 
RMSE—calculated by the predicted and true DI for May 10, 2020—was 
used as the loss function, and the convergence tolerance was 10-4. 
Taking OSAVI as an example, the training process (Supplementary 
Material S8) showed that the initial parameters resulted in high RMSE 
(0.923) and low R2 (0.188). In the first round of parameter training after 
the SLSQP optimizer was launched, there was a rapid decrease in RMSE 
from 0.923 to 0.364 and a corresponding increase in R2 from 0.188 to 
0.612 followed by a slow decrease in RMSE to a final value of 0.152 
corresponding to an R2 of 0.781. 

After optimization across 10 three-fold CVs, we obtained 10 RMSECV 
values for each VI, and each RMSECV was the average of three RMSEs 
calculated by three test sets (i.e., 1/3 of the data) in one CV. The opti-
mized model realized the lowest RMSECV, and the lowest RMSE of the 
test set was obtained. Fig. 4 shows the training results of the candidate 
models constructed using the 11 VIs. The best performance was pro-
duced by OSAVI, with a minimum RMSEcv of 0.150, the RMSE and R2 of 
the test set (RMSEtest, R2

test) being 0.131 and 0.804, and those of the 
corresponding training set (RMSEtrain, R2

train) being 0.152 and 0.781, 
respectively, followed by NDVI, MCARI, and GNDVI. Among the top five 
VIs, four were greenness VIs while the fifth was a pigment VI. In com-
parison, InitI was set as 10 and the same training process was applied, 
resulting in RMSEtest and R2

test of 0.260 and 0.571, and RMSEtrain and 
R2

train of 0.342 and 0.598, respectively. Except for NDII and MSI related 
to vegetation water content, initializing InitI by VIs contributed to a 
higher R2 and lower RMSE as compared to when InitI was set to be a 
constant. 

4.3. Model performance 

The calibrated SEIR model was evaluated further. Samples from May 
10, 2020 were classified into three levels based on their DI: level 1 (DI ≤
0.3), level 2 (0.3 < DI ≤ 0.6), and level 3 (DI > 0.6). Fig. 5 shows the 
prediction, classification, and regression results. There was high linear 
correlation between the predicted and actual values for both the training 
and test results. The DI was slightly overestimated by 0.13–0.15. The 
RMSE of each level, the classification accuracy (Acc), and the MDR were 
also calculated (Table 2); the R2 and Acc from the test results were 
higher than those from the training results, with the RMSE being lower, 
indicating a high generalization of the model on the test set. The MDR of 
the test set was marginally higher. The RMSE of the three levels 

indicated that the model was precise in numerically predicting low DI. 
To assess the generality and stability of the calibrated model, sam-

ples were randomly divided into a training set and a test set 50 times at a 
proportion of 7:3, and the parameters of the calibrated model were input 
as the starting point of the SLSQP. The parameters were tuned only once 
for each training set, and the re-optimized model was applied to the test 
set. The RMSE for each level as well as for the entire dataset were then 
obtained, as shown in Fig. 6. Considering the 50 evaluations, the RMSE 
of level 1 was the lowest in most cases, and the median RMSE of level 3 
was the highest (smaller than 0.14) for both the training and test sets. In 
summary, the model can accurately predict DI with an RMSE smaller 
than 0.2, and was more precise at low DI. 

The calibrated model was applied to simulate daily FHB dynamics, 
and the DI on DOY 130 (May 10, 2020) was mapped. Fig. 7 (a) displays 
the dynamics of the sites in the S-E-I-R compartments of one sample 
whose anthesis was DOY 110. Before DOY 110, FHB development was 
minimal because of unsuitable weather conditions and phenology. After 
a short delay, the number of S sites (NsiteS) declined rapidly, following a 
reversed logistic shape. Before DOY 120, the increases in the number of 
E and I sites (NsiteE and NsiteI) followed similar shapes. NsiteI showed an 
exponential increase and I became the dominant compartment in the 
system after DOY 130. After DOY 136, there were only I and R com-
partments, and NsiteI declined progressively. The simulated DI curves 
for the 158 samples are shown in Fig. 7 (b). Approximately 60 % of the 
observed epidemics began during DOY 115–125, and increased 
following a logistic shape within 10–20 days. DI reached 1.0 in 90 % of 
the epidemic cases on DOY 135, indicating that development at a very 
high rate is an important characteristic of FHB (Del Ponte et al., 2005; 
Shah et al., 2019). In addition, we used the calibrated model to map DI 
levels on May 10, 2020 at 20 m resolution through extrapolation as 
presented in Fig. 7 (c). The potential DI for FHB on May 10, 2020 ranged 
from 0.04 to 0.985 in the study area. Low DI (less than 0.3) accounted 
for the majority (67.89 %) of areas, occurring mainly in the northern and 
western regions. Areas with a high DI (0.6–1) constituted 5.55 %, mainly 
distributed in the central and southern areas, with some in the south-
west. 26.56 % of the areas had a DI of 0.3–0.6, mainly in the central 
regions. 

It has been widely acknowledged that wheat FHB epidemics are 
highly dependent on environmental and host conditions, especially 
relative humidity, temperature, and phenology (Del Ponte et al., 2007; 
Dweba et al., 2017; Madgwick et al., 2011). To demonstrate the rela-
tionship between the predicted results and these three factors, we 
introduced a variable that simultaneously considered RH, T, and 
anthesis date—the number of days when 23 ◦C ≤ T ≤ 28 ◦C and RH ≥ 70 
% for five days before anthesis date and 10 days after, and denoted as 
TRH5A10— that indicates a supportive condition for FHB development. 
Fig. 8 is a bivariate map that shows the predicted DI on May 10, 2020 
and TRH5A10 simultaneously. Low TRH5A10 indicates conditions un-
suitable for FHB epidemics and was observed mostly in the west, while 
high TRH5A10 was observed mostly in the east and in some areas in the 
south. Statistics showed that low-level DI mainly corresponding to low 
TRH5A10 (less than three days) formed a distinctly higher proportion of 
76.2 %. In comparison, 66.3 % of the high-level DI resulted from high 
TRH5A10. For medium-level DI, 65.6 % had medium TRH5A10. In 
summary, the level of DI generally showed a correspondence with the 
value of TRH5A10. 

5. Discussion 

The occurrence and severity of the plant disease result from the 
comprehensive impact of three factors: the host plant, the pathogen, and 
the environmental conditions (Francl, 2001). All three factors were 
involved in model constructions to illustrate the spatial variance of the 
primary and secondary FHB infections. Wheat properties important to 
FHB development, including the spatial spread, amount, vegetation 
vigor, and phenology were extracted from multi-source remote sensing 

Table 2 
Summary of evaluation indices of training and test sets.   

Training Test 

R2 0.781 0.801 
RMSE 0.152 0.131 
Acc 0.851 0.860 
RMSE-three levels 1–0.085, 

2–0.109, 
3–0.145 

1–0.097, 
2–0.142, 
3–0.130 

MDR 0.030 0.035  
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products. For the pathogen, the primary infection intensity was 
described by temperature and vegetation vigor. While during the sec-
ondary infection, the effect of fungus was reflected through I infecting S. 
And two essential environmental factors, daily T and RH, were utilized 
to model the transformation among S, E, I, and R instead of setting a 
constant period. The epidemiological characteristics of wheat FHB have 
been documented by massive studies, so the construction of SEIR was 
made possible. 

5.1. Model hypotheses 

The structure of the SEIR model was designed to be as simple as 
possible, coincidental with the major turning points of epidemic prog-
ress, and easy to parameterize, test, and generalize. For this, it is 
necessary to generate a series of modeling hypotheses; some of these 
hypotheses have been discussed by Savary et al. (2015). Similar to 
Savary’s hypotheses, we adopted a 1-day time-step to model disease 
progression, and spatial properties were not considered in the model. As 
Savary et al. (2015) pointed out, addressing the varying spatial aggre-
gation in the SEIR model for plant disease simulation is still a bottleneck 
and an important issue for future research. Other hypotheses and sim-
plifications adopted in our model are discussed below.  

1. The influence of management measures on disease epidemics has not 
been considered. Our model was driven by three major factors 
related to FHB epidemiology, and was not constrained by plant va-
riety, chemical treatment, planting period, cultivation strategy, etc. 
The planting and management of crops by farmers is carried out 
uniformly over our study area under the guidance of the government. 
Owing to the homogeneous management measures for winter wheat, 
it could be hypothesized that the influence of these factors is 
embodied in α0, β0, and γ0.  

2. The responses of the FHB epidemic to RH, T, and anthesis dates were 
modeled as functions. The response curve of FHB vs RH and T can be 
found in results delivered by Rossi et al. (2001) and Beyer et al. 
(2005). As for phenology, Del Ponte et al. (2007) demonstrated that 
susceptible wheat was vulnerable to FHB infection at all stages, with 
highest susceptibility at post-anthesis stages. Generally, the response 
curve of phenology is modeled by a piecewise linear function, which 
we too considered in our primary numerical experiment. However, 
we realized that such a method not only adds more parameters to be 
optimized but also fails to contribute to a better performance. Be-
sides, the training results of the piecewise function we used showed 
that it can be replaced by a Gaussian function.  

3. The transformations E to I and I to R were driven by RH, T, and 
phenology. In most cases, latent and infectious periods were used in 
the modeling of the E-I and I-R processes, adopting discrete-time 
approximations. Suffert et al. observed that the latent period 
should not be assumed to be constant over the course of disease 
epidemics, and illustrated that this value was highly correlated with 
environmental conditions and host age (Suffert and Thompson, 
2018) while Browne et al. confirmed that the latent period of FHB is 
related to temperature (Browne and Cooke, 2004). According to 
Savary et al. (2015), using constant values to represent the two pe-
riods in disease epidemic simulation may lead to errors. Therefore, 
we used three other factors instead of discrete time to drive the two 
processes. Further improvements will have to balance the number of 
parameters and the description of reality in the SEIR model. 

5.2. Role of remote sensing data in model construction 

Satellite observations have shown promising potential for the 
simultaneous measurement of large-scale crop properties. Remote 
sensing data were involved in three ways in our model, which are dis-
cussed below.  

1. The FVC during the jointing stage was used to calculate N. In our 
model, N was assumed to be constant in a 250 m × 250 m area after 
green-up. FVC is defined as the projected percentage of the vegetated 
target area, which is highly correlated with vegetation growth den-
sity. In our study area, the planting density for wheat adopted by 
farmers is based on the most suitable plant density (300–375 plants 
per m2) suggested by the local government. FVC in the jointing stage 
also exhibited a normal distribution, suggesting that most FVC values 
correspond to the plant density range. Therefore, N was estimated 
using a simple linear function. Further work is required to establish 
an actual function or model representing the relationship between 
plant density and FVC or other remotely sensed factors.  

2. The green-up and anthesis dates were extracted to represent the 
onset of the model and the translation parameter for phenology 
modifiers, respectively. Pathogens quickly spread when conducive 
environmental conditions occur in stages of the plant growth when 
the most vulnerable plant tissues develop (Savary et al., 2012; Savary 
et al., 2015). FHB pathogens mainly invade wheat heads, sometimes 
infecting leaves and stems, all of which are influenced by warm and 
moist weather. Pathogens formate and accumulate mainly over-
winter, spreading to and infecting stems or leaves after the green-up 
stage. Florets enable pathogens to easily come into contact with 
wheat heads; anthesis is thus the key period for FHB infection. 
Therefore, it is essential to extract the green-up and anthesis dates for 
each spatial unit to offer an accurate time reference, instead of 
obtaining a unified value from manual field investigations.  

3. Spectral indices and FVC in the green-up stages as well as the average 
overwinter temperature were comprehensively combined to deter-
mine the number of initial I sites. When modeling a polycyclic dis-
ease, the primary infection was generally considered to be 
homogenous as a simplification of reality. For FHB, overwinter 
weather conditions have been found to be crucial for primary path-
ogen accumulation, and are as important as those in the anthesis 
period in affecting FHB prevalence (Landschoot et al., 2012; Xu et al., 
2021). In addition, it was found that leaf area, chlorophyll, and FHB 
pathogen concentration during different vegetation growth stages 
were higher with the increase in addition of nitrogen fertilizers 
within the normal range, as observed in the case of FHB disease 
incidence after the anthesis period (Czaban et al., 2011; Heier et al., 
2005; Lemmens et al., 2004). Therefore, we adopted the parameter, 
the number of initial I sites (InitI), to indicate the spatial variance of 
primary infection. Among the 11 vegetation indices, those indicating 
the comprehensive effect of green vegetation properties had a sig-
nificant correlation with InitI. In the early stages of plant growth, 
when the value of VIs can be sensitive to the soil composition, OSAVI 
has been proven to be an appropriate VI to estimate green biomass, 
leaf area index (LAI), coverage, etc. (Fern et al., 2018; Haboudane 
et al., 2002); NDVI, GNDVI, and MCARI are sensitive to chlorophyll 
concentration and LAI (Ahamed et al., 2011; Haboudane, 2004). 
However, the VIs related to water showed unexpected results that 
were no better than those in a constant setting. Moisture had less 
influence on the fungus overwinter compared to temperature but 
showed considerable effects on FHB development during the anthesis 
period. 

5.3. Model performance 

In addition to the structural design and parametrization of the 
model, a complete and effective process for parameter optimization has 
been proposed in this study. According to the epidemiology meaning of 
25 parameters, they can be divided into five groups (Supplementary 
Material S5). However, not all parameters have the same impact on the 
simulation results. Therefore, the parameters with more significant ef-
fects should be emphasized during optimization. The three Sobol’s 
indices indicated the influential parameters as well as the effects of 
interaction between them and the SEIR results, providing a reliable 
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Fig. 6. Boxplots of RMSE computed for 50 training and test datasets by calibrated model.  

Fig. 7. Simulated disease dynamics and predicted DI for May 10, 2020 using SEIR. (a) simulated dynamics of sites in four compartments of one sample whose 
anthesis was on DOY 110 (b) simulated disease progress curves of 158 samples, shown in 10 percentiles (c) predicted DI for FHB in a 20 m × 20 m area under wheat 
across the study area. 
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reference for the parameter groups. According to the grouping results, 
parameters with higher effects were trained more. And the parameters 
with higher interactions were trained at the same time. Besides, opti-
mizing parameters in groups can not only prevent overfitting caused by 
the complexity of the target model, but also improve the efficiency of the 
optimizer, i.e., achieve convergence tolerance more easily and quickly. 
CV has been increasingly integrated with parameter optimization with 
the introduction of machine learning models, and has also displayed 
persuasive performance in our model, with R2, RMSE, accuracy, and 
MDR values of 0.804, 0.131, 0.860, and 0.035, respectively for the 
calibrated model. Fig. 6 shows the results of the model re-optimized by 
SLSQP with fewer iterations, highlighting the high stability and gener-
alization ability of the calibrated model. Furthermore, the mappings 
(Figs. 7 and 8) and simulation curves (Fig. 7 (a) and (b)) also show 
promising results. The distribution of severely diseased areas coincided 
with our regional survey results, mainly in the central regions. The 
bivariate map revealed that high TRH5A10 mostly contributed to high 
DI which, according to epidemiology, can result in uncontrollable dis-
ease epidemics. The progress curves furnished by our model start to 
develop after experiencing a short latency period post the anthesis date 

and exhibit an S-shape—a characteristic of polycyclic diseases (with 
both primary and secondary infections)— similar to the curves observed 
by Reis et al. (2016). 

6. Conclusions 

In this study, high-resolution prediction for plant disease incidence 
was achieved by utilizing satellite remote sensing data to initialize or 
drive the SEIR model, addressing the drawbacks of traditional mecha-
nistic models that fail to consider host conditions. Specifically, (1) stages 
in wheat growth when plants are mostly susceptible to FHB were 
extracted from time-series MODIS NDVI data as a reference to identify 
the phenology-driven parameters in SEIR, (2) fractional vegetation 
cover was used to calculate plant numbers, and (3) vegetation indices 
were derived to serve as powerful indicators of plant properties, quan-
tifying the average growth conditions of wheat in one spatial unit. The 
results showed that initializing or driving the model using remotely 
sensed features can improve the performance of the SEIR model for 
prediction of FHB incidence. Besides, FHB incidence prediction on a 
small spatial scale was made possible through the complete modeling 

Fig. 8. Bivariate map visualizing both predicted DI on May 10, 2020 and TRH5A10. Gray color represents areas with low TRH5A10 and low DI; dark red represents 
areas with high TRH5A10 and high DI. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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process including model structure identification, parameterization, and 
optimization with reliable data. 

Three aspects are foremost for further improvement of the model. 
First, the spatial variation of SEIR parameters caused by heterogeneous 
anthropogenic management measures should be considered over a 
larger area. Further studies are required, with greater focus on the 
generality of the model. Second, there is abundant room for further 
progress in determining how the remote sensing data are utilized, 
especially in considering the intensity of the primary infection. Quan-
titative remote sensing products such as the LAI, chlorophyll, or nitrogen 
concentration can replace vegetation indices, based on robust disease 
epidemiology mechanisms. Finally, the calibrated model and the maps 
were based on the results of observations for just one day namely May 
10, 2020 corresponding to the milk stage, a key period during which 
wheat FHB is widely observed. Combining time-series field observations 
to adjust the model structure and optimize parameters will be an 
important component of our future research in this domain. 
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