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a b s t r a c t
The occurrence and prevalence of wheat aphid has severe impact on wheat quality and bring about wheat
yield loss. Infestation models commonly based on in situ meteorological data can be effective, but are
usually lacking spatialized information, which could be provided using multispectral remote sensing
datasets. The purpose of this study was to develop a prediction model for aphid occurrence probability
by combining remote sensing images and meteorological data in a logistic regression based framework.
In such framework, the predictor variables are: land surface temperature (LST), normalized difference
vegetation index (NDVI) and perpendicular drought index (PDI) derived from satellite remote sensing
image and temperature, precipitation and wind speed coming from meteorological stations. Logistic
regression estimated predictor coefﬁcients showed that LST was the most important factor inducing aphid
occurrence, followed by NDVI, temperature, precipitation, wind speed and PDI. The prediction accuracy
of the model was evaluated by calculating receiver operating characteristics (ROC) against reference data,
scoring a value of area under the ROC curve of 0.993, and resulting in an overall predicted accuracy of
94.4% for the estimated subset. In addition, the results suggested that the probability of aphid occurrence
obtained by the logistic regression model had a positive correlation with aphid damage level from ﬁeld
data. Based on the validation subset, it was observed that there were lower omission error with 23.68
and commission error with 23.81% and higher overall accuracy with 75.61% when the cut-off probability
(p) value was 0.45. The model developed can be a useful tool to predict aphid occurrence and incidence
over winter wheat with some advance, and it could be effective in protecting winter wheat from aphid
infestation.
© 2014 Elsevier GmbH. All rights reserved.

1. Introduction
Wheat aphid (Sitobion avenae F.) is one of the main aphid species
infesting winter wheat, and is also one of the most destructive pests
for agricultural activities in Northwest China. Aphid infestation can
cause signiﬁcant yield loss. In high enough densities, wheat aphids
can deprive plants of nutrients, bringing about potential reduction
of the number of heads, the number of grains per head, and a reduction seed weight, especially during the ﬂowering and ﬁlling stages
in wheat phenology [1]. It was reported that a density of 10 aphids
per tiller resulted in 7% yield loss and 40 aphids per tiller led to 11%
yield loss [2]. Consequently, predicting the probability of wheat
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aphid infestation in an effective way could facilitate timely implementation of preventive strategies, which are critical to enhancing
the viability of wheat production industry in China, in particular for
the large scale area application.
The most important driving forces in occurrence and development of crop disease and pests infestation are considered to
be meteorological data, including temperature, rainfall, and wind
speed, usually acquired by weather stations [3,4]. As a consequence,
the models for predicting the incidence and probability of crop disease and pest infestation are generally established based on series
of historical meteorological data, and traditional statistical treatment [5,6]. Such prediction models are effective in forecasting the
overall occurrence condition of disease and pest in a given area and
temporal range according to meteorological data, but they are of little help in predicting spatial occurrence of disease and pest due to
limited density of weather sites.
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2.2. Field inventory and data pre-processing

Fig. 1. The location of study areas (A, HJ-CCD image covering study area; B, wheat
planting area of this study).

Remote sensing technologies have a great potential in providing spatially continuous observations of environmental variables
on large scales [7,8]. Satellite imagery, in particular, provides better spatial coverage than in situ surface meteorological station data
and is available in most parts of the world on a regular basis. For this
reason, the satellite-derived variables were more and more applied
in agrometeorological crop simulation models for monitoring the
effect of weather conditions on crop growth and for predicting
crop yields form regional to continental scales [9]. Moreover, recent
studies have reported that the occurrence and development of crop
disease and insect pest are related to some variables that can be
derived from satellite remote sensing, such as LST, NDVI, modiﬁed
normalized difference water index (MNDWI) [10]. Luo et al. (2012)
found that the incidence of wheat yellow rust had relationship with
LST, while another study showed that aphid occurrence and the
damage degree were related to LST, NDVI and MNDWI [11]. This
suggests that the occurrence and development of crop disease and
pest may be related with habitat and crop growth factors, derived
from both in situ and remote sensing data.
Logistic regression has become a widely used and accepted
method for the analysis of presence/absence dependent variables,
and it can predict the probability for the state of a dichotomous
dependent variable based on the predictor variables. It has been
applied in many ﬁelds, ranging from tree and stand survival estimation in forest competitive environment to ground subsidence
hazard mapping in geological ﬁeld [12,13]. In the ﬁeld of remote
sensing, it has been used for various purposes ranging from landcover change detection [14] to mapping insect tree defoliation due
to insect infestation [15].
By using logistic regression, the objective of this work is to
implement a multivariable model for predicting the probability of
aphid occurrence based on both meteorological data and satellite
remote sensing data.
2. Materials and methods
2.1. Study area
The study areas are located in Shunyi district (116◦ 28 –116◦ 58
E, 40◦ 00 –40◦ 18 N) and Tongzhou district (116◦ 32 –116◦ 56 E,
39◦ 36 –40◦ 02 N) in Beijing, China (Fig. 1a). The study areas are
characterized by ﬂat topography, with elevation ranging from 20 m
to 40 m, and semi-humid warm temperate climate. The annual
precipitation and average temperature are 625 mm and 11.5 ◦ C in
Shunyi district, 620 mm and 11.3 ◦ C in Tongzhou district, respectively. The two districts are considered to be the major winter
wheat planting areas in Beijing, where aphid infestations occur
almost every year.

Field campaigns were carried out during the growing seasons of
winter wheat in 2010. The winter wheat in the study areas were
planted approximately from September 25 to October 7, 2009, and
harvested from June 19 to 25, 2010. The ﬁeld data were collected
during different stages of winter crop growth: joining (May 10, 12),
heading (May 20, 21), ﬁlling (June 3, 4). Based on the combination
scheme of representative sampling and random sampling scheme,
85 sample plots sized of 0.36 ha (60 m × 60 m) each one were collected. At each plot, ﬁve quadrats (1 m × 1 m) were selected to
survey aphid density through diagonal sampling. The tillers in each
quadrat were randomly selected and the aphids were counted. The
aphid densities were then estimated by using following formula:
aphid density = total aphids/10 tillers. The average aphid density of
ﬁve quadrats was used for characterizing the aphid density of the
whole sample plot. Aphid damage was assessed, based on six levels
of severity related to aphid density according to the plan protection
research speciﬁcation of China [16].
At the same time, the geographical coordinates of each plot were
recorded by a global positioning system (GPS) (GeoExplorer 3000
GPS, with a sub-metre positioning accuracy) at the centre point of
each plot.
The sample plots were divided into two groups. A total of 55
plots surveyed on May 10, May 12, May 20 and May 21 were
assigned to use as input subset for implementing the prediction
model of aphid, while the other 30 plots surveyed on June 3 and
June 4 were used for validating the model.
2.3. Meteorological data and pre-processing
Meteorological data including the daily average temperature,
precipitation and maximum wind speed, were collected from eight
meteorological stations of Beijing suburb from May 1 to June 1,
2010.
For the purpose of this study, the original metrological variables
were also obtained, namely: (1) Temperature – T1: the average
temperature from May 1 to May 13, 2010; (2) Temperature – T2:
the average temperature from May 13 to May 20, 2010; (3) Precipitation – T1: the average precipitation from May 1 to May 13,
2010; (4) Precipitation – T2: the average precipitation from May
13 to May 20, 2010; (5) Wind – T1: the average wind from May 1
to May 13, 2010; (6) Wind – T2: the average wind from May 13 to
May 20, 2010.
Inverse distance weighted (IDW) interpolation algorithm was
used to spatialize meteorological data across the study area starting
from eight in situ stations points using ARCGIS software.
2.4. Satellite imagery acquisition and pre-processing
Remote sensing dataset used was from the environment and
disaster reduction small satellites (HJ-1A/B). HJ-1A and HJ-1B satellites were launched by China on September 6th, 2008. The CCD
sensor onboard of the two satellites has similar spectral and spatial
characteristics of Landsat 5 TM. However, it has a more frequent
revisit interval (2 days) by constellation of the two satellites, and
wide swath width (360 m), which is considered of great importance
for agricultural monitoring and observation. The infrared scanner (IRS) sensor, onboard of HJ-1B satellite has one infrared band
(10.5–12.5 m), with radiometric resolution higher than 1.0 K. The
nadir spatial resolution of the thermal band is 300 m and the swath
width is 720 km (4 days repeat cycle). In this study, HJ-1A/B data
were used to derive normalized difference vegetation index (NDVI),
land surface temperature (LST) and perpendicular drought index
(PDI) corresponding to each sample plots.
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Pre-processing of HJ-CCD imagery included radiometric calibration, atmospheric correction and geometric correction. The
radiometric calibration coefﬁcients (bias and gain) were provided
by the China Centre for Resource Satellite Data and Applications.
Atmospheric correction was carried out according to the algorithm developed by Liang et al. [17], which estimated the spatial
distribution of atmospheric aerosols and retrieved the surface
reﬂectance under general atmospheric and surface condition. Geometric correction was performed against a historical Landsat TM
image with precise coordinate information by using 80 ground control points. The root mean square error (RMSE) for geometrically
corrected images was less than 15 m, which was adequate for the
purposes of the present study.
2.5. Derivation of LST and PDI
LST is an important parameter in monitoring of agriculture and
ecology. Previous studies have reported that LST is one of the driving factors of aphid outbreak [11]. In this study, LST was derived
from the thermal infrared band data of HJ-IB IRS using the revised
single-channel algorithm developed in previous researches [18,19].
The PDI is also an important environment parameter. PDI was
designed using Landsat ETM+ data by Ghulam et al. [20], which
reported PDI as effective surface soil moisture and drought condition. A pixel with high PDI value represents severe water stress,
while a pixel with low PDI value represents slight water stress or
wet surface. PDI values vary from 0.0 to 1.0, with the formula as
follows:
PDI =

1



1 + M2

(RRed + MRNIR )

where RRed and RNIR refer to ground reﬂectance of the Red and NIR
bands, respectively, while M refers to the slope of the soil line.
2.6. Logistic regression
Logistic regression is a statistical approach widely utilized in
environmental studies and predicting the occurrence of disease
outbreaks [21]. Logistics regression is used to describe the relationship between a dependent variable and multiple independent
variables [22]. It has the advantage of being less affected by some
non-normality of variables, compared with other statistical methods. The dependent variables could be binary or categorical and the
independent variables could be either continuous or categorical or
any combination of both types [23].
Detailed descriptions of logistics regression technique can be
found in previous study [24]. The general form of logistic regression
is as follows:
y = b0 + b1 x1 + b2 x2 + b3 x3 + b4 x4 + · · · + bm xm
y = loge

p=

 p 
1−p

= logit(p)

ey
1 + ey

where the xi (i = 1, 2, 3,. . ., m) are explanatory variables and y
is the linear combination function of the explanatory variables.
b0 is the intercept of the model and bi (i = 1, 2, 3,. . ., m) are the
regression coefﬁcients associated with each explanatory variable
that measures the independent contribution of each input variable
to the dependent variable. In our case, the dependent variable is
the logarithm of odds, which is the logarithm of the ratio of two
probabilities: the probability that a disease outbreak will occur
divided by the probability that it will not. The logarithm of the

Fig. 2. Flow chart of this study.

odds (log[p/(1 − p)]) is related in a linear manner to the potential
explanatory variables.
p is the probability of an event occurring. In the present situation, p is the estimated probability of aphid occurrence. The
probability varies from 0 to 1 on an S-shapes curve and y is the
linear combination.
In this study, logistic regression established a functional relationship between the probability of occurrence of wheat aphid and
the meteorological and environmental factors that are recognized
as playing a role in aphid occurrence.
2.7. Research methods
Over the study areas, the objects other than winter wheat were
masked out by decision tree classiﬁcation method. The analysis is
therefore focusing only implemented in the pure wheat planting
regions (Fig. 1). The ﬂow chart of methodology is shown in Fig. 2.
The values of PDI, LST and NDVI corresponding to location of
samples survey on May 13 and May 20, 2010 were extracted from
the PDI thematic map, LST thematic map and NDVI thematic map
derived from HJ-CCD and HJ-IRS. The temperature, precipitation
and wind speed corresponding to location of the same samples
were extracted from maps coming from spatial interpolation of
meteorological data from meteorological stations located in Beijing
region. The six feature parameters which may induce the occurrence of wheat aphid were used as input independent invariables
to calibrate the logistic regression model, while the dependent
variable was the probability of aphid occurrence divided by the
probability of non-occurence. The probability prediction model for
aphid occurrence was established by using logistic regression. The
accuracy of logistic regression model was then assessed, and model
results were ﬁnally validated using the ﬁeld samples data acquired
on June 5, 2010.
3. Results
3.1. Aphid occurrence probability modelling
First of all, correlation analysis of input variables selected for
the model was carried out. The correlation coefﬁcients (R) were
calculated for the six independent variables selected (Table 1). The
results showed low correlations between all the factors expect
between NDVI and LST with p-value <0.01 and R = −0.48. Multiple logistic multiple regression was implemented between those
six independent variables and the dependent variable representing
the presence or absence of wheat aphid.
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Table 1
Correlation coefﬁcient (R) between the independent variables.
Variables

PDI

NDVI

LST

Precipitation

Temperature

Wind Speed

PDI
NDVI
LST
Precipitation
Temperature
Wind Speed

1
−0.13
0.25
−0.25
0.18
0.071

–
1
−0.48**
0.21
−0.17
−0.30

–
–
1
−0.17
0.26
0.28

–
–
–
1
−0.23
−0.25

–
–
–
–
1
0.21

–
–
–
–
–
1

**

Correlation signiﬁcant at the 0.01 level.

SPSS software was used for the implementation of the multivariate logistic regression method and for the calculation of the
correlation of aphid occurrence probability with each input factor. Logistic multiple regression coefﬁcients of the factors were
calculated (Fig. 3). The coefﬁcients of logistic regression model
are estimated using maximum-likelihood method. In other words,
the coefﬁcients that make the observed results most “likely” are
selected. Since logistic multiple model is intrinsically is non-linear
in logistic multiple regression model, an iterative algorithm was
used for parametric estimation. Positive coefﬁcient represents positive correlation relationship between the independent factors and
dependent variable (PDI, LST, precipitation and temperature), while
negative coefﬁcient represents negative correlation relationship
(NDVI and wind speed). The higher the value of the coefﬁcient of
each independent factor indicates the more relevant is the contribution to the dependent variable, aphid occurrence probability.
LST was assessed as the most signiﬁcant factor in terms of inﬂuence over aphid occurrence (coefﬁcient = 41.874), followed by NDVI
(coefﬁcient = −16.607), temperature (coefﬁcient = 14.996), precipitation (coefﬁcient = 6.362), wind speed (coefﬁcient = −3.724) and
PDI (coefﬁcient = 2.463).
The logistic regression model was ﬁtted using the maximum
likelihood method. The following equation shows the results of
logistic regression modelling, which describes the relationship
between probability of aphid occurrence and the six independent
variables used as input:
p=

e(2.463x1 −16.607x2 +41.874x3 +6.362x4 +14.996x5 −3.724x6 −31.202)
1 + e(2.463x1 −16.607x2 +41.874x3 +6.362x4 +14.996x5 −3.724x6 −31.202)

where x1 , x2 , x3 , x4 , x5 and x6 correspond to PDI, NDVI, LST, precipitation, temperature and wind speed, respectively. p is the estimated
probability of aphid occurrence.
3.2. Logistic regression model test
The receive operating characteristic (ROC) analysis was utilized
for ﬁrst assessment of the performance of logistic regression model
implemented. The ROC curve is obtained by plotting all combinations of false positives (on the y-axis) and properties of false
negatives (on the x-axis). The proportion of false-positive is the
proportion of cases classiﬁed as aphid occurrence by the model
but not actual occurrence, while the proportion of false-negatives
is the proportion of cases identiﬁed as non-aphid but actually

41.87 4

Coeﬃcien

35
25
15
5

3.3. Regional spatialized validation and application of model and
The prediction model derived was then applied to the spatialized dataset covering the two study areas, in form of raster dataset

Estimated subset

14.996
6.36 2

2.463

No aphid
occurrence

-5

-3.724

-15
-25

aphid occurrence. The area under the ROC curve can be used for
assessing the model accuracy, summarizing. The area measures
discrimination, that is, the ability of the test to correctly classify
those sample points with and without aphid risk. This thresholdindependent measure of discrimination between both classes takes
values between 0.5 (no discrimination) and 1 (perfect discrimination). Therefore, if the ROC curve is closer to the upper left corner,
the overall accuracy of the test is higher. In the study, the area corresponding to our logistic model is 0.993 (Fig. 4), which implies a
very good predictive capacity.
Furthermore, the accuracy of logistic model results was assessed
against estimation dataset acquired on purpose. The error matrix
for aphid occurrence probability modelled is shown in Table 2,
assessing the good predictive power of out approach for aphid
occurrence with overall accuracy of 94.9%.

Table 2
Error matrixes of the logistic regression model aphid probability results compared
to estimation dataset acquired on ﬁeld.

55
45

Fig. 4. Receiver coperating characteristic (ROC) curve evaluation for aphid occurrence prediction model (value of ROC curve = 0.993).

X1-PDI

-16 .60 7
X2-NDVI

X3-LST

X4-P

X5-T

X6-WS

Fig. 3. The coefﬁcient of each independent variable in the logistic regression model.

No aphid
occurrence
Aphid occurrence

Aphid
occurrence

Percent correct

35

2

94.6

1

16

94.1

Overall accuracy

94.4

5664
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Table 3
Correlation between aphid damage level and predicting probability based on validation data set.
Person correlation

Spearman correlation

Kendall correlation

R

p-Value

R

p-Value

R

p-Value

0.552

0.000

0.589

0.000

0.536

0.000

and the commission error decreased with the increasing of cut-off
value, and omission error was closer to commission error given a
cut of 45%. Thus, the optimal cut-off p value can be determined at
45%. In other word, the pixels with the p values being higher than
0.45 could be considered to have a high risk of aphid infestation and
damage in the ﬁlling stage of winter wheat. Over such identiﬁed
areas, prevention and controlling measures must be focused for
preventing aphid infestation.
4. Discussion and conclusions

100.00

80.00

90.00

70.00

E r r o r ( %)

80.00

60.00

70.00

Omission error

60.00

Commission err or

50.00

50.00

Over all accuracy

40.00

40.00

30.00

30.00

20.00

20.00
10.00

10.00

0.00

0.00

5

10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95
Cut (% )

O v e r all a c c ur ary ( % )

Fig. 5. The probability of aphid occurrence in the study areas.

Fig. 6. Variation of accuracies under different cut value.

derived from remote sensing data and interpolated meteorological station data, and the probability of aphid occurrence for each
pixel was calculated (Fig. 5). Moreover, the correlation between p
and the corresponding aphid damage level was calculated using the
validation dataset and three correlation test methods (Table 3). The
results show signiﬁcant positive correlation between p and aphid
damage levels. In other words, it indicates that the bigger probability of aphid occurrence in the jointing and ﬂowing stage of winter
wheat may induce higher aphid damage levels in the ﬁlling stage.
Fig. 5 shows Tongzhou district’s winter wheat ﬁeld score average
higher p value than the Shunyi district’s, assessing more serious
infestation occurrence in Tongzhou area.
p value of pixel calculated by model indicated the probability
of aphid occurrence in the future for a period of time. In this
study, the p value calculated by the model could be used for
predicting the probability of aphid occurrence in the ﬁlling stage
of wheat, starting from joining stage data. Hence, it is signiﬁcant to
assess an optimal cut-off p value for operational aphid occurrence
management. In this study, the p value was cut with a 5% interval
from 5% to 95%, and there were a total of 19 cuts. The cut with low
omission error and commission error and high overall accuracy
was considered as the right cut-off p value. Fig. 6 shows variations
in accuracy performance of the model with different cut-off values,
with overall accuracy ﬁrst increasing and then declining, peaking
at 75.61% for cut-off p = 45%. Accordingly, omission error increased

The assessment of aphid occurrence probability has become a
major subject for farmer and agricultural department in charge
of regional winter wheat aphid control. Various methods have
been applied to regional aphid prediction worldwide. Most of
those existing models for predicting disease and pest infestation
are exploiting meteorological data thorough statistical techniques.
However, apart from the meteorological factors, lots of environmental factors could be derived from satellite remote sensing data
have effect on aphid occurrence [11]. In addition, prediction models based on historical metrological data could only get the general
and rough results of aphid occurrence in limited areas because of
the uneven spatial distribution of meteorological stations. Satellite remote sensing data, instead, have the advantage of spatial
and temporal continuity, at least for the last three decades. Combining meteorological station data with remotely sensed ones can
provide integrated and more effective aphid occurrence probability models, useful for stakeholders such as departments of plant
protection and agriculture, among others. Effective models operation perspectives are great, for example controlling the aphid by
spaying pesticides more accurately and site-speciﬁcally on those
places in the wheat planting regions where the probability of aphid
occurrence is higher.
In this study, we tried to develop a prediction model for
aphid occurrence over winter wheat plantations in northern China
by combining meteorological factors and remote sensing factors
which induced aphid occurrence by logistic regression. The regression coefﬁcients were obtained, and the results showed that LST,
temperature, precipitation and PDI had positive effects on aphid
occurrence, in contrast the aspect, while NDVI and wind speed
had negative effects. LST was the most signiﬁcant factor and had
the biggest impact on aphid occurrence (coefﬁcient = 41.874), followed by NDVI, temperature, precipitation, wind speed and PDI,
respectively. A logistic regression model was established based on
those six input factors. In addition, the prediction capability of the
model was determined and estimated by the area under the ROC
curve. The area value under the ROC curve for the model was 0.993.
For the estimated subset, the predicted accuracy is 94.1% for aphid
occurrence and 94.6% for no aphid occurrence, with overall predicted accuracy of 94.4%. These results indicate that the model is a
good estimator for aphid occurrence probability in the study area.
Furthermore, our study found that the probability of aphid occurrence obtained by the logistics regression model had a positive
correlation with aphid damage level (R > 0.50, p-value <0.0001) for
validation subset, which conﬁrms that a bigger probability of aphid
occurrence in the jointing and ﬂowing stage of winter wheat may
induce the higher aphid damage level in the ﬁlling stage. For operational application purposes, it was observed that modelled p values
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greater than 0.45 could be considered to be highly risky in the ﬁlling
stage of winter wheat and therefore indicate the location and extension of areas to be subjected to aphid prevention and controlling
measures.
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