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Agricultural drought is a natural hazard arising from insufficient crop water supply. Many drought indices have
been developed to characterize agricultural drought, relying on either ground-based climate data or various
remotely-sensed drought proxies. Ground-based drought indices are more accurate but limited in coverage,
while remote sensing drought indices cover large areas but have poor precision. Application of advanced data
fusion approaches based on remotely-sensed data to estimate ground-based drought indices may help fill this
gap. The overall objective of this study was to determine whether various remotely-sensed drought factors could
be effectively used for monitoring agricultural drought in south-eastern Australia. In this study, thirty remotelysensed drought factors from the Tropical Rainfall Measuring Mission (TRMM) and the Moderate Resolution
Imaging Spectroradiometer (MODIS) satellite sensors were used to reproduce a ground-based drought index,
SPEI (Standardized Precipitation Evapotranspiration Index) during 2001–2017 for the New South Wales wheat
belt in south-eastern Australia. Three advanced machine learning methods, i.e. bias-corrected random forest,
support vector machine, and multi-layer perceptron neural network, were adopted as the regression models in
this procedure. A station-based historical climate dataset and observed wheat yields were used as reference data
to evaluate the performance of the model-predicted SPEI in reflecting agricultural drought. Results show that the
bias-corrected random forest model outperformed the other two models for SPEI prediction, as quantified by the
lowest root mean square error (RMSE) and the highest R2 values (< 0.28 and ~0.9, respectively). Drought
distribution maps produced by the bias-corrected random forest model were then compared with the stationbased drought maps, showing strong visual and statistical agreement. Furthermore, the model-predicted SPEI
values were more highly correlated with observed wheat yields than the station-based SPEI. The method used in
this study is effective and fast, and based on data that are readily available. It can be easily extended to other
cropping areas to produce a rapid overview of drought conditions and to enhance the present capabilities of realtime drought monitoring.

1. Introduction
Drought, one of the most complex and devasting natural disasters, is
a recurring feature of nearly every climatic zone (Zarch et al., 2015). It
can be broadly classified into four common types, i.e. meteorological
drought, agricultural drought, hydrological drought, and socio-economic drought (Wilhite, 2005). These types of drought are interrelated.
Assessing agricultural drought is of great importance as it is viewed as
the most serious problem in most countries in terms of food security,

economy, and social stability (Hazaymeh and Hassan, 2016; He et al.,
2013; Mottaleb et al., 2015).
Agricultural drought is a period of soil water deficit that results
from below normal precipitation, and/or above-average evaporation
and transpiration (Dai, 2011; Quiring and Papakryiakou, 2003). It is a
region- and period-specific disaster (Mishra and Singh, 2010). Therefore, identifying the onset and termination of an agricultural drought
event is normally difficult in a given region. Moreover, the severity and
likely temporal and spatial variations can vary significantly by periods
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and regions (Touma et al., 2015). Agricultural drought, therefore, is a
major threat to crop production, causing considerable agricultural
losses around the world (Piao et al., 2010; Wang et al., 2018b). For
example, during the 2006 drought in Australia, winter cereal crop
production decreased by 36%, causing about AUD$3.5 billion economic
loss (Wong et al., 2009). Therefore, accurate identification of agricultural drought, especially real-time or near real-time drought monitoring, are urgently needed to provide essential information for decision makers to institute timely response actions to reduce the negative
impacts of drought.
The most important method of monitoring and analysing agricultural drought is applying appropriate drought indices. Generally, a
drought index is a prime variable for determining the duration and
intensity of drought and for assessing the impacts of drought. However,
due to the complexity of drought definitions, it is difficult to evaluate
drought characteristics comprehensively and systematically in a given
region through only a single index. Thus, over 160 drought indices have
been developed by researchers (Niemeyer, 2008). These indices can be
classified into two categories: ground-based and remotely-sensed indices. The ground-based drought indices are usually derived from
ground measurements of meteorological variables such as precipitation
and temperature. They are able to accurately and effectively monitor
drought around climate stations (Rhee et al., 2010). Some of the examples include the Palmer Drought Severity Index (Palmer, 1965), Crop
Drought Identification Index (Wu et al., 2018), the standardized precipitation index (SPI) (Mckee et al., 1993), and the SPEI (VicenteSerrano et al., 2010). Among them, the SPEI, which accounts for both
precipitation and temperature, is capable of monitoring different types
of drought in various regions. It has been widely accepted among researchers (Gao et al., 2017; Wang et al., 2015). However, these groundbased indices are station-based and limited in characterizing detailed
spatial distributions of drought at regional scales (Park et al., 2016).
Although the advanced geographic information system (GIS)-based
spatial interpolation techniques (e.g., inverse distance and kriging) may
help estimate the drought conditions at unmeasured locations, uncertainties may exist in interpolated areas due to the interpolation algorithms used and complex topographic conditions (Swain et al., 2011).
In order to address the spatial extent of ground-based drought indices, remotely-sensed indices have been developed based on satellite
data. Satellite remote sensing data include precipitation, temperature,
evapotranspiration, and vegetation information which are all of continuous coverage and real-time. Remotely-sensed drought indices are
therefore able to capture detailed spatial characteristics of drought. In
recent decades, many remotely-sensed drought indices have been developed, such as the Normalized Difference Vegetation Index (NDVI)
(Rouse Jr et al., 1974), the Normalized Difference Drought Index
(NDDI) (Gu et al., 2007), and the Normalized Multiband Drought Index
(NMDI) (Wang and Qu, 2007). Although these indices overcome the
deficiencies of conventional ground-based drought indices in spatial
coverage, they cannot completely replace ground-based observations in
drought monitoring because of their relatively short data records (Lai
et al., 2019). Furthermore, the quality of remotely-sensed drought indices can be limited by atmospheric conditions (e.g., clouds) and retrieval algorithms (Zhang and Jia, 2013). Therefore, the accuracy and
reliability of remotely-sensed drought indices are still in question
(Alizadeh and Nikoo, 2018).
In agricultural drought monitoring, ground-based drought indices
are usually considered to be more accurate than remotely-sensed
drought indices. This is mainly because climate variables derived from
ground measurements are normally more accurate. Furthermore, most
ground-based drought indices directly monitor the soil water balance
rather than indirect vegetative information. Many newly developed
remotely-sensed drought indices usually need to be validated using
ground-based indices to prove their reliability (Rhee et al., 2010).
However, little agreement is typically found when common remotelysensed drought indices are compared to ground-based drought indices

(Bayarjargal et al., 2006). For example, NDVI-derived VCI (Vegetation
Condition Index, Kogan (1995)) and ground-based drought indices
were poorly correlated for counties in east Texas, USA, with coefficients
of determination (R2) around 0.1 (Quiring and Ganesh, 2010).
To better monitor drought, researchers have attempted to fuse data
from various sources to reproduce ground-based drought indices using
data-driven models, such as artificial neural networks (Morid et al.,
2007) and autoregressive integrated moving average models (Belayneh
et al., 2014). However, these models are usually limited in dealing with
nonlinearities or non-stationarities in drought estimations. With the
development of artificial intelligence, more advanced and adaptive
machine learning methods are gaining recognition. Machine learning
methods are capable of disentangling the effects of co-linear variables
and analysing hierarchical and nonlinear relationships between the
independent variables and the dependent variable, and usually result in
better performance compared with conventional linear regression
models (Belayneh et al., 2014; Guzmán et al., 2018). Park et al. (2016)
applied three machine learning approaches to fuse sixteen remotelysensed drought factors targeting a meteorological drought index (SPI).
Results showed that machine learning approaches were able to capture > 90% of the SPI variation in the southern USA. Alizadeh and
Nikoo (2018) obtained similar results in Iran using five individual
machine learning methods. Fusing remote sensing data to reproduce
ground-based drought indices can extend point-based indices to an
entire region, promoting a deeper understanding of the spatial characteristics of a drought event. However, to our knowledge, few studies
have used similar methods to monitor drought in the drought-vulnerable continent of Australia.
Drought is a recurring event in Australia, with the current 2018
drought now having lasted for months. This severe drought has affected
most of south-eastern Australia, which may reduce winter wheat production by almost 45% (https://www.dpi.nsw.gov.au/about-us/
publications/pdi/2018/wheat). Regional and timely drought monitoring is therefore urgently needed to develop appropriate strategies to
minimize damage. Therefore, the overall objective of this study was to
determine whether various remotely-sensed drought factors could be
effectively used to characterize agricultural drought in south-eastern
Australia. The specific objectives of this study were to 1) compare the
performance of three machine learning methods, i.e., bias-corrected
random forest (BRF), multi-layer perceptron neural network (MLP), and
support vector machine (SVM), in reproducing ground-based SPEI
based on various remotely-sensed drought factors in dry and wet areas;
2) identify the relative importance of remotely-sensed drought factors
in determining SPEI; 3) compare model-predicted drought maps with
corresponding ground-based drought maps.
2. Materials and methods
2.1. Study area
The study area was the New South Wales (NSW) wheat belt (Fig. 1)
in south-eastern Australia, with its western border bounded by the arid
interior of Australia. It covers an area of ~360,000 km2, accounting for
about 28% of the wheat-planted area in Australia (www.abares.gov.au,
2013–14). Topography and climatic characteristics vary widely among
different parts of the wheat belt. Topographically, the western part of
the wheat belt is mostly plains with elevation lower than 300 m, while
the eastern part is occupied by mountains of up to 1100 m. Climatically,
the wheat belt is characterized by warm and dry conditions in the
western part and cold and wet conditions in the eastern part (Feng
et al., 2019). Average annual precipitation ranges from 200 mm in the
southwest to 1000 mm in the southeast, while average temperature
ranges from 11 °C in the southeast to 20 °C in the northwest.
In order to make our models more precise regarding agricultural
drought, we separated out the rainfed cropland from other land types.
The DLCD (Dynamic Land Cover Dataset, http://www.ga.gov.au/) land
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Fig. 1. The study area consisting of 39 Statistical Areas Level 2 (SA2) regions in New South Wales in south-eastern Australia, which are clipped from a yield gap map
(http://yieldgapaustralia.com.au/). The green areas are the gridded rainfed cropland derived from DLCD (Dynamic Land Cover Dataset, http://www.ga.gov.au/)
land cover map. Black points and red points indicate the locations of 2242 SILO weather stations and 13 BOM weather stations, respectively. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

cover map was used to distinguish the rainfed cropland. This map was
developed by Geoscience Australia according to an analysis of the enhanced vegetation index (EVI) from MODIS products during 2000–2008
(Lymburner et al., 2010). It is highly consistent (93%) with independent field-based observations. This map was originally at 250 m
resolution, but we upscaled the resolution to 500 m in order to reduce
computational costs. The green area in Fig. 1 illustrates the rainfed
cropland over the NSW wheat belt. Our subsequent calculations and
results visualizations were both performed on these rainfed cropland
pixels.

earthengine.google.com) platform.
For all of these indices, 1- and 3-month time-scale means were then
calculated to evaluate the lagged responses. Since data from different
locations were pooled together and used for the same regression function for each region or for each climate division, all remote sensing
variable values were scaled using Eq. (1) for each pixel during
2001–2017 to distinguish weather components from ecosystem components (Kogan, 1995; Rhee et al., 2010). Thus, a total of 30 scaled
indices were used as input variables.

xs =

2.2. Data

x

x

(1)

where xs represents the scaled indices, x denotes the actual values of the
indices, x and σ indicate the mean and the variance of the indices,
respectively.

2.2.1. Remote sensing data
Surface reflectance, evapotranspiration (ET), potential evapotranspiration (PET), and land surface temperature (LST) data
(2001–2017, actually to February 2018 as the first two months of 2018
still belonged to the summer of 2017 in Australia) were acquired from
the MODIS satellite sensor. The surface reflectance data (bands 1–7)
were extracted from MODIS MOD09GA.006, with 500 m spatial resolution and 1-day temporal resolution. Afterwards, NDVI, EVI, NMDI,
NDWI, and NDDI were calculated using the reflectance data (Table 1).
In particular, the NDWI was calculated using three shortwave infrared
bands 5, 6, and 7 separately, resulting in three different NDWIs, i.e.
NDWI5, NDWI6, and NDWI7. ET and PET data were extracted from
MODIS MOD16A2.006 at 500 m spatial resolution and 8-day temporal
resolution. LST data were extracted from MODIS MOD11A1.006 at
1 km spatial resolution and 1-day temporal resolution.
Monthly precipitation data from 2001 to 2017 at 0.25-degree resolution were acquired from the 3B43 product of the TRMM satellite
sensor. The data unit of measure was mm hr−1 but was subsequently
converted to mm month−1. All of the remote sensing data used in this
study were acquired from the Google Earth Engine (GEE, https://

2.2.2. Ground-based climate data
The station-based observational climate data for the study area were
obtained from the Bureau of Meteorology (BOM, http://www.bom.gov.
au). We selected 13 weather stations with full records of daily rainfall
and temperature for the past 30 years (1988–2017). These stations are
scattered throughout most of the wheat belt (Fig. 1). The data from
these stations were used for model calibration and validation in our
study. A brief description of the 13 BOM stations, including location,
elevation, annual mean temperature, and annual precipitation, is
shown in Table 2.
Another Australian station-based climate dataset is available from
SILO (Scientific Information for Land Owners, https://silo.
longpaddock.qld.gov.au). It contains daily climate data from 1889 to
the current time for a variety of climate variables including rainfall,
maximum and minimum temperature. This dataset is constructed from
the observational data obtained from BOM. As the BOM dataset contains a large number of missing values, SILO estimates these missing
305

Agricultural Systems 173 (2019) 303–316

P. Feng, et al.

Table 1
Remote sensing indices used in the prediction of agricultural drought in the New South Wales wheat belt, Australia.
Indices

Definition

Formula

Resolution

Source

Pre
PET
ET
LSTd
LSTn
LSTm
NDVI
EVI
NMDI
NDWI5
NDWI6
NDWI7
NDDI5
NDDI6
NDDI7

precipitation
potential evapotranspiration
evapotranspiration
Land surface temperature-day
Land surface temperature-night
Land surface temperature-mean
Normalized difference vegetation index
Enhanced vegetation index
Normalized multi-band drought index
Normalized difference water index
Normalized difference water index
Normalized difference water index
Normalized difference drought index
Normalized difference drought index
Normalized difference drought index

–
–
–
–
–
(LSTd+LSTn)/2
(b2–b1)/(b2 + b1)
2.5*((b2-b1)/(b2 + 6*b1–7.5*b3 + 1))
(b2-(b6-b7))/(b2 + (b6-b7))
(b2-b5)/(b2 + b5)
(b2-b6)/(b2 + b6)
(b2-b7)/(b2 + b7)
(NDVI-NDWI5)/(NDVI+NDWI5)
(NDVI-NDWI6)/(NDVI+NDWI6)
(NDVI-NDWI7)/(NDVI+NDWI7)

0.25°
500 m
500 m
1 km
1 km
1 km
500 m
500 m
500 m
500 m
500 m
500 m
500 m
500 m
500 m

TRMM/3B43
MODIS
MODIS
MODIS
MODIS
MODIS
Rouse Jr et al. (1974)
Huete et al. (2002)
Wang and Qu (2007)
Gao (1996)
Gao (1996)
Gao (1996)
Gu et al. (2007)
Gu et al. (2007)
Gu et al. (2007)

Table 2
A brief description of 13 climate observational stations from the Bureau of
Meteorology in New South Wales wheat belt, Australia, including location,
elevation, annual mean precipitation (AP), and annual mean temperature (AT).
ID

Latitude

Longitude

Elevation (m)

AP (mm)

AT (°C)

1
2
3
4
5
6
7
8
9
10
11
12
13

−34.0
−31.5
−29.5
−34.6
−32.7
−33.1
−29.0
−30.4
−31.0
−32.1
−32.6
−33.9
−35.8

141.3
145.8
148.6
143.6
148.2
147.2
149.0
150.6
150.3
150.9
149.0
148.2
145.6

26
260
145
61
285
195
160
500
307
216
305
390
114

258
389
532
336
589
460
502
699
640
623
644
630
459

17.7
19.4
20.3
17.3
18.4
17.7
20.8
16.6
18.8
17.7
17.1
16.3
16.2

Table 3
A brief description of the 39 Statistical Areas Level 2 (SA2) regions in New
South Wales wheat belt, Australia, including location, annual mean precipitation (AP), annual mean temperature (AT), and annual mean wheat yield during
2001–2014.

values through interpolation methods (Jeffrey et al., 2001). Thus, the
SILO dataset can be viewed as a product of estimated climate data for
thousands of climate stations across Australia. We eventually selected
2242 SILO climate stations that were identified as being located in the
NSW wheat belt (Fig. 1). These data were used as historical data to
compare with our model predictions.

ID

Region

Latitude

Longitude

AP (mm)

AT (°C)

Yield
(t ha−1)

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19

Albury Region
Cobar
Condobolin
Coonabarabran
Coonamble
Cootamundra
Corowa Region
Cowra Region
Deniliquin
Deniliquin Region
Dubbo Region
Forbes
Gilgandra
Grenfell
Griffith Region
Gunnedah Region
Hay
Inverell Region-East
Inverell RegionWest
Junee
Moree Region
Narrabri Region
Narrandera
Narromine
Nyngan-Warren
Orange Region
Parkes Region
Quirindi
Scone Region
Tamworth Region
Temora
Tocumwal-FinleyJerilderie
Wagga Wagga
Region
Walgett-Lightning
Ridge
Wellington
WentworthBalranald Region
West Wyalong
Young
Young Region

−36.0
−31.5
−33.1
−31.3
−31.0
−34.6
−36.0
−33.8
−35.5
−35.3
−32.3
−33.7
−31.7
−33.9
−34.3
−31.0
−34.7
−29.6
−29.9

146.9
145.8
147.1
149.3
148.6
148.0
146.4
148.7
145.0
144.3
148.6
148.0
148.7
148.1
146.0
150.3
144.8
151.2
150.6

697
394
441
783
543
642
558
618
398
369
609
535
580
616
427
645
355
776
746

15.2
18.8
17.5
15.8
18.8
15.3
15.1
15.9
16.3
16.5
17.3
16.7
19.1
16.2
17.0
18.5
17.0
16.0
18.0

2.31
1.15
1.33
1.86
1.41
2.67
2.09
2.17
1.78
1.77
1.80
1.63
1.51
1.89
1.87
2.45
1.88
1.94
2.25

−34.9
−29.5
−30.3
−34.7
−32.3
−31.6
−33.3
−33.1
−31.5
−32.1
−31.1
−34.5
−35.6

147.6
149.8
149.8
146.6
148.2
147.5
149.1
148.2
150.7
150.9
150.9
147.5
145.6

544
600
637
431
609
475
649
576
662
662
681
514
430

15.6
19.3
18.7
16.5
17.3
18.8
16.5
17.2
17.3
17.3
17.2
15.5
16.2

2.47
1.98
2.14
1.91
1.73
1.37
2.01
1.56
2.88
2.33
2.17
2.11
2.27

−35.1

147.4

575

15.7

2.15

−29.7

148.0

468

20.2

1.19

−32.6
−34.1

148.9
142.6

629
287

16.5
17.3

1.97
1.36

−33.9
−34.4
−34.4

147.2
148.3
148.7

483
696
715

16.9
14.4
13.7

1.66
2.40
2.38

20
21
22
23
24
25
26
27
28
29
30
31
32

2.2.3. Wheat yield data
Crop yield is often used as a proxy variable reflecting agricultural
drought conditions (Yagci et al., 2015). As our study area was rainfed
cropland, it is likely that crop yield is highly correlated with agricultural drought conditions. Thus, we used region-level wheat yield
records to evaluate the model-predicted drought and to explore its
potential applications. These yield records were obtained from the
Australian yield gap map (http://yieldgapaustralia.com.au/). This map
divides the NSW wheat belt into 39 Statistical Areas Level 2 (SA2) regions for yield statistics. Wheat yield records from 2001 to 2014 were
available for each of the 39 regions and were used for subsequent data
analysis. A brief description of the 39 SA2 regions, including location,
annual mean temperature, annual precipitation, and annual mean
wheat yield, is shown in Table 3.
Crop growth is influenced by both climatic and non-climatic factors.
As our study was mainly focused on agricultural drought, yield variations caused by non-climatic factors, e.g., breeding and farming practice
developments, should be excluded. A first-difference approach introduced by Nicholls (1997) was used in this present study. This

33
34
35
36
37
38
39
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Fig. 2. Framework of the procedures used in this study, where MODIS: Moderate Resolution Imaging Spectroradiometer, TRMM: Tropical Rainfall Measuring
Mission, ET: evapotranspiration, PET: potential evapotranspiration, LST: land surface temperature, BOM: Bureau of Meteorology, SILO: Scientific Information for
Land Owners, SPEI: Standardized Precipitation Evapotranspiration Index, BRF: bias-corrected random forest, SVM: support vector machine, MLP: multi-layer perceptron neural network, VSURF: An R package for variable selection.

approach is able to effectively minimize the impacts of non-climatic
factors, enabling the evaluation of climate impacts separately. The
approach was implemented according to the following equation:

Xt = Xt

Xt 1 ,

t = 2001,

were developed for agricultural drought estimation using remotelysensed drought factors and the best model was determined. In the
second phase, the NSW cropland grids were divided into two clusters
based on remotely-sensed precipitation data and the K-means algorithm
developed in the first phase. Then the NSW cropland drought maps
were created using the best model for each cluster. The performance of
the model-predicted drought maps was evaluated through the agreement with the SILO SPEI drought maps and observed wheat yields. The
major parts of the proposed procedures are given in detail below.

(2)

2002, …, 2014

where ΔXt represents the first difference of X at year t, Xt and Xt-1 represent the values of X at year t and year t-1, respectively.
2.3. Modelling methodology

2.3.1. Standardized precipitation evapotranspiration index
All of the climate data from BOM and SILO sites were used to calculate the ground-based SPEI. SPEI was developed by Vicente-Serrano
et al. (2010) and has attracted widely attention in drought analysis.
Briefly, SPEI characterizes drought through standardizing the difference between precipitation and potential evapotranspiration (P-PET). A
value of 0 represents normal conditions, while negative and positive
values denote dry and wet conditions, respectively. In general, values < −1 are considered to be drought conditions. In addition, according to specific aims, the SPEI can be calculated on different timescales. 1- to 6-month time scale SPEIs are suitable for meteorological
and agricultural drought, while longer time scale SPEIs are suitable for
hydrological drought. In the present study, the 3-month time scale SPEI
was used in order to analyze agricultural and seasonal drought characteristics. Seasonal drought monitoring is important for guiding agricultural production in the study area. The SPEI was calculated using the
“SPEI” package coded in R software and the “Thornthwaite” equation
(Thornthwaite, 1948) was adopted when calculating PET.

The framework presented in Fig. 2 illustrates all of the procedures
used in this study for agricultural drought estimation based on remote
sensing data. Three different advanced machine learning methods were
adopted to analyze agricultural drought using remotely-sensed drought
factors to estimate the SPEI index. The NSW wheat belt is a large area
influenced by different climate patterns. Different remote sensing predictors may have different contributions to the drought index in dry or
wet areas. Therefore, at the beginning, the K-means clustering algorithm (Hartigan and Wong, 1979) was utilized to classify BOM climate
stations into two coherent clusters (Table 4) according to multi-year
precipitation conditions. Cluster 1 had average annual rainfall of
419 mm and mean temperature of 18.5 °C, while the respective values
for cluster 2 were 638 mm and 17.5 °C. Thus, stations in cluster 2 were
relatively more humid than stations in cluster 1. Then for each cluster,
three different machine learning models, namely BRF, SVM, and MLP,
Table 4
Results of K-means clustering algorithm for 13 climate stations from the Bureau
of Meteorology (BOM). The station IDs can be found in Table 2. Annual mean
precipitation (AP) and annual mean temperature (AT) for each cluster are
given.
Clusters based on K-means algorithm

BOM station's ID

AP (mm)

AT (°C)

Cluster 1
Cluster 2

1, 2, 3, 4, 6, 7, 13
5, 8, 9, 10, 11, 12

419
638

18.5
17.5

2.3.2. Feature selection
We initially built 30 predictor variables for the drought monitoring
models. However, 30 variables produced a large dataset that may be
susceptible to increased computation costs and over-fitting problems
caused by correlated variables and the “curse of dimensionality” (Wang
et al., 2018a). The correlation analysis showed that significant
307
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Fig. 3. Pearson correlation coefficients for the relation between the 3-month time scale SPEI and 30 predictor variables
used in this study. The “1” and “3” designations appended to
the end of the variable names designate 1-month and 3-month
time scale means. The lower and upper triangular parts of the
matrix indicate the correlation results for cluster 1 and cluster
2, respectively. Positive correlations are displayed in blue and
negative correlations in red colour. Colour intensity and the
size of the circle are proportional to the correlation coefficients. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this
article.)

dimensions of data for regression purposes. This variable selection
procedure is based on random forest and includes three steps. In the
first step, irrelevant variables are eliminated from the dataset. In the
second step, all variables related to the response are selected for interpretation purpose. In the third step, redundant variables in the set of
variables selected in the second step are eliminated for prediction
purposes. Detailed descriptions of the VSURF method can be found in
Genuer et al. (2015). These steps were executed prior to developing
drought monitoring models through the “VSURF” package in R software.

Table 5
Drought predictor variables selected by VSURF for two data clusters in New
South Wales, Australia. Predictor variable definitions are given in Table1.
The “1” and “3” designations appended to the end of the variable names
designate 1-month and 3-month time scale means.
Clusters

Selected variables

Cluster 1

Pre_3, PET_1, PET_3, LSTd_1, LSTd_3,
LSTm_3, NDVI_3, NMDI_3, NDWI6_1,
NDWI6_3, NDWI7_1, NDWI7_3, NDDI7_3
Pre_3, PET_3, ET_1, LSTd_3,
NMDI_1, NDWI6_1, NDDI5_1,
NDDI7_1, NDDI7_3,

Cluster 2

2.3.3. Bias-corrected random forest
Random forest (RF) is a popular algorithm for regression and classification purpose (Breiman, 2001). It is a tree-based algorithm and uses
de-correlated trees to effectively reduce the variance of predictor
variables. The RF algorithm first generates numerous independent trees
using bootstrap samples. In the meantime, about 33% of the entire
sample is kept out for subsequent out-of-bag validations. For each tree,

relationships existed among the candidate predictors, especially in
cluster 2 (Fig. 3). In this study, we applied the VSURF method (Genuer
et al., 2015) to exclude redundant predictors. This method is widely
applicable and can efficiently select optimal variables from multiple

Fig. 4. Boxplots of model performance measurements (coefficient of determination (R2) and root
mean squared error (RMSE)) for prediction of SPEI
using bias-corrected random forest (BRF), support
vector machine (SVM), and multi-layer perceptron
neutral network (MLP) models for 100 model runs.
Results were obtained from independent validation
datasets which were randomly selected from the
entire dataset. The black lines within each box indicate the medians for 100 runs and crosshairs indicate means. Box boundaries indicate the 25th and
75th percentiles, whiskers below and above the box
indicate the 10th and 90th percentiles.
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Fig. 5. Predicted 3-month time scale SPEI (2001–2017) calculated from ground-based observations and from bias-corrected random forest (BRF), support vector
machine (SVM), and multi-layer perceptron neutral network (MLP) models at two stations in New South Wales, Australia.

in RF for regression. This is a simple and efficient method and the
performance with real data is good (Zhang and Lu, 2012). The detailed
procedure of this bias-correction method is summarized below.
(1) Fit an RF model with the training dataset, Ytrain = RF(Xtrain), where
Xtrain and Ytrain represent the independent and dependent variables
from the training dataset.
(2) Calculate the predicted values and residuals, rtrain = Ytrain Ytrain ,
where rtrain represents the residuals and Ytrain represent predicted
values.
(3) Fit an RF model with the residuals as the dependent variable and
the
training
dataset
as
independent
variables,
rtrain = RFres(Xtrain, Ytrain).
(4) Calculate the predicted values (Ytest) with a test dataset using the RF
model from step 1.
(5) Calculate the estimated residuals using the RFres model with predicted values from step 4 and independent variables in the test
dataset, rtest = RFres(Xtest, Ytest).
(6) Add the estimated residuals to the predicted values to correct bias,
Ybias−correction = Ytest + rtest.

Fig. 6. Relative importance of remotely-sensed drought factors as determined
from the bias-corrected random forest (BRF) model for each cluster. There are
13 and 9 drought predictor variables in cluster 1 and cluster 2, respectively. The
results are normalized to sum to 100% for each cluster.

a randomized subset of the predictor variables is used to determine its
results. The average of the results from all of the trees is determined to
be the final outcome (Cutler et al., 2007). By doing this, RF can reduce
variance, resulting in more accurate predictions in comparison with
ordinary tree-based algorithms (Hastie et al., 2009).
The prediction of the RF is basically the average of all trees' results,
which is a good feature to avoid producing unreasonable predicted
values. However, it may result in bias in dealing with very large or very
small observations (Song, 2015). Predictions tend to be overestimated
when observations are small, while predictions tend to be underestimated when observations are large. Consequently, bias is not negligible and bias correction is necessary. In this study, we applied a
method developed by Zhang and Lu (2012) to estimate and correct bias

2.3.4. Support vector machine
Support vector machine (SVM) is another popular machine learning
model with associated learning algorithms for classification and regression purposes (Cortes and Vapnik, 1995). The principle of SVM is to
find a hyperplane or multiple hyperplanes to divide a high-dimensional
space into multiple different classes. New examples then can be placed
into the same space and assigned to belong to one class or another
according to which side of the gap they fall. SVM has a better learning
capability and usually requires less grid-searching to get a reasonably
accurate model. Moreover, SVMs tend to be resistant to over-fitting due
to the use of regularization, which aims to choose a low-error but
simpler fitting model. Given its powerful classification and regression
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Fig. 7. Comparison of SILO-observed and BRF-predicted SPEI drought maps for the four seasons of 2001. Spatial correlation values (Pearson correlation) between
predictions from the two methods are annotated in the top four plots. The bottom four plots show the probability (cumulative distribution function) of SILO-observed
and BRF-predicted SPEI values across the New South Wales wheat belt.

capacity, SVM has been widely used in image classification and handwriting recognition as well as in the remote sensing field (Melgani and
Bruzzone, 2004; Mountrakis et al., 2011). In this study, we implemented the SVM model via the “e1071” package coded in R software. There are four common options of kernel functions in SVM. We
selected the Radial Basis Function kernel as it is designed to deal with
non-linear problems.

the dataset, respectively. The dataset was randomly sampled and split it
into calibration and validation datasets. This procedure was implemented 100 times to evaluate the stability of each model.
The coefficient of determination (R2) and root mean square error
(RMSE) were used for the evaluation of model performance:

R2 =

2.3.5. Multi-layer perceptron neutral network
A multilayer perceptron (MLP) is a type of feedforward artificial
neural network wherein connections between the nodes do not form a
cycle (Zell et al., 1994). Generally, there are three layers of nodes in an
MLP, namely input layer, hidden layer, and output layer. Both of the
last two nodes are neurons that use a nonlinear activation function.
Meanwhile, a supervised learning method, namely backpropagation, is
used for training in MLP. These characteristics distinguish MLP from a
linear perceptron and enable it to differentiate data that is not linearly
separable (Cybenko, 1989). Alizadeh and Nikoo (2018) used five individual artificial intelligence models to estimate a ground-based
drought index (SPI) using remote sensing factors and found that MLP
had the best performance. Therefore, the MLP was also used in our
study to test its performance in Australia. We implemented the MLP
model via the “monmlp” package coded in R software.

n
i=1
n
i=1

RMSE =

(Oi
O )2

(Oi
n
i=1

O )(Pi

(Oi

n
i=1

2

P)
(Pi

Pi )2

n

P )2

(3)
(4)

where n is the number of samples, Oi and Pi denote observed and predicted values, O and P represent the mean of observed and predicted
values. Generally, the model with higher R2 and lower RMSE is considered to be the more accurate model. In addition, we also conducted a
“leave-one-station-out” cross validation for each cluster of BOM stations
to determine the performance of each model in continuous time series
estimation of drought conditions.
3. Results
3.1. Model performance assessment

2.3.6. Model performance assessment
In order to improve the performance of the proposed machine
learning models, a trial and error analysis was adopted to determine the
values of model's influential parameters. Then, the three machine
learning models were calibrated and validated using 80% and 20% of

The VSURF feature selection method was used prior to developing
drought prediction models. This method used ground-based SPEI values
as the target variable and all ancillary variables as inputs, and resulted
in 13 drought predictor variables for cluster 1 and 9 predictors for
cluster 2 (Table 5, the “1” and “3” designations appended to the end of
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Fig. 8. Comparison of SILO-observed and BRF-predicted SPEI drought maps for the four seasons of 2002. Spatial correlation values (Pearson correlation) between
predictions from the two methods are annotated in the top four plots. The bottom four plots show the probability (cumulative distribution function) of SILO-observed
and BRF-predicted SPEI values across the New South Wales wheat belt.

the variable names designate 1-month and 3-month time scale means).
We used the selected predictors for each cluster to train the BRF,
SVM, and MLP models for each cluster separately. The performance
evaluation criteria (R2 and RMSE) of the three models for the 100 runs
are shown in Fig. 4. Overall, the BRF model performed better than the
other two models based on the two validation measurements, regardless
of clusters. The BRF model explained about 90% of the SPEI variation
with smaller prediction errors (RMSE < 0.28) for the two clusters. The
SVM and MLP models had similar performance, but the SVM model was
slightly better. In addition, all three models performed better in cluster
2 (the wetter and colder stations), compared with the drier and warmer
cluster 1 stations.
We then conducted a “leave-one-station-out” cross validation for
each cluster to determine the performance of each model in continuous
time series estimation of SPEI. We selected results of two weather stations to show in the main text (Fig. 5) and results for other stations can
be found in the supplementary material (Fig. S1). Fig. 5 shows the time
series of observed and predicted 3-month time scale SPEI from 2001 to
2017 for station 4 (cluster 1) and station 5 (cluster 2). Similar to the
above result, all three models had better performance at station 5 in
terms of both pattern and intensity of drought conditions. However, all
three models had relatively poorer performance at station 4 (the relatively warmer and drier station). Nevertheless, the BRF model still
performed better than the other two models (i.e., better agreement
between estimations and observations).

based on each predictor's relative influence (Were et al., 2015). We
obtained the importance ranking of selected remotely-sensed drought
factors based on a run of the BRF model using all of the data for each
cluster (Fig. 6). Generally, Pre_3 was ranked the most important in both
clusters, accounting for 56% and 60% of the overall relative importance
for cluster 1 and cluster 2, respectively. The importance magnitudes of
other predictors were all near or lower than 10%. In cluster 1, the top
four predictors were all meteorological factors, while vegetation factors
all ranked relatively low. However, in cluster 2, vegetation indices had
more impact on model accuracy, with NDWI6_1 and NDDI5_1 ranking
2nd and 3rd. Given the fact that cluster 2 stations are wetter and colder
than cluster 1 stations, vegetation indices tended to be relatively more
important for drought monitoring in humid environments.
3.3. Comparison with SILO drought maps
According to the above results, the BRF model was selected as the
optimal model for drought monitoring in the study area. Thus, we
mapped the spatial distribution of seasonal (spring: Sep.-Nov., summer:
Dec.-Feb., autumn: Mar.-May, winter: Jun.-Aug.) drought conditions
across the NSW wheat belt from 2001 to 2017. These maps were of
predicted 3-month time scale SPEI values and could be directly used to
evaluate agricultural drought conditions. The SILO dataset is a widely
used station-based climate dataset to evaluate drought conditions in
Australia. We were interested to see whether the SPEI drought maps
derived from our BRF model were consistent with the SILO-drought
maps. Thus, we also used the SILO dataset to calculate SPEI and interpolated the values calculated from 2242 stations to the NSW wheat
belt using the inverse distance weighting method. Then the SILO SPEI

3.2. Relative importance of selected remotely-sensed drought factors
The BRF model can generate a measure of variable importance
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Fig. 9. Comparison of SILO-observed and BRF-predicted SPEI drought maps for the four seasons of 2010. Spatial correlation values (Pearson correlation) between
predictions from the two methods are annotated in the top four plots. The bottom four plots show the probability (cumulative distribution function) of SILO-observed
and BRF-predicted SPEI values across the New South Wales wheat belt.

map was clipped by the boundary of cropland grids to match with BRF
predicted drought maps. We selected a normal year (2001), a dry year
(2002), and a wet year (2010) to show typical results in the main text
(Figs. 7-9), and results for the other years of the study can be found in
Fig. S2 in the supplementary material.
Generally, the SPEI drought maps derived from our BRF model were
consistent with SILO-observed drought maps during normal, dry, and
wet years. The BRF model successfully identified drought seasons and
drought affected zones. We then used two measurements, i.e. spatial
correlation and cumulative distribution function (CDF), to compare the
two types of drought maps. Spatial correlation results ranged from 0.45
to 0.92 with a mean level of 0.71, meaning that the 500 m-resolution
drought estimations from the two types of drought maps were highly
correlated. Meanwhile, the CDF results also suggested a good match
between the two drought maps in each season of 2001, 2002, and 2010.
For example, in the dry year (2002, Fig. 8), the CDF lines from the two
maps nearly overlapped each other in each of the four seasons.

yields also varied greatly from year to year. As winter and spring are the
main winter wheat growing seasons, there was an obvious and direct
correspondence between wheat yields and drought conditions in these
two seasons. For example, wheat yields were low in 2002 when spring
and winter droughts occurred but were high in 2005 when spring and
winter were wet. The last three years, 2012, 2013, and 2014, experienced spring and winter droughts, but still achieved medium to high
yields, which may be due to farming practice improvement.
We calculated Pearson correlation between wheat yields and SPEI
values from the two types of seasonal drought estimations to compare
their performance in reflecting wheat yield (Fig. 11). A first-difference
method was applied to remove the possible confounding effects of nonclimatic factors prior to calculation. Results showed that wheat yields
had the highest correlation with spring drought conditions (r = 0.81).
We also observed that the BRF-predicted SPEI values were slightly
better correlated with wheat yields than were the SPEI values generated
from the SILO dataset in all four seasons.

3.4. Monitoring agricultural drought

4. Discussion

Crop yield is an important measured quantity reflecting agricultural
drought. Yields of wheat grown under rainfed conditions in the NSW
wheat belt are likely to be highly correlated with drought conditions.
We compared seasonal SPEI predictions from the two types of drought
estimations (BRF and SILO) to measured wheat yields in 39 SA2 regions
from 2001 to 2014 (Fig. 10). Generally, drought estimations from the
SILO dataset and the BRF model were similar for each year and each
season. Drought conditions in the wheat belt had high inter-annual
variability with obvious variations between wet and dry years. Wheat

A number of previous studies suggested that data-driven models can
be very effective in drought monitoring (Alizadeh and Nikoo, 2018;
Park et al., 2016; Park et al., 2017). Our study also produced satisfactory drought estimations using machine learning models based on remotely-sensed drought factors. In particular, the BRF model outperformed the SVM and MLP models in reproducing the ground-based
SPEI drought index, as quantified by larger R2 and smaller prediction
errors. This result is inconsistent with that reported by Alizadeh and
Nikoo (2018) who demonstrated that MLP improved SPI estimations in
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Fig. 10. Seasonal SPEI values and wheat yields for 39 SA2 regions from 2001 to 2014. Drought estimations from both the SILO dataset and the BRF model are given
in the figure. Region-level SPEI values are averaged values of cropland grids located in each region.

Iran compared with four other machine learning models. This may be
due to the differences in study areas, data sources, and the setup of
model input and output. The superior estimation results derived from
the BRF model in our study are likely attributable to reduced susceptibility to over-fitting and superior ability in dealing with the hierarchical and non-linear relationships that may exist between the
ground-based drought index and remotely-sensed drought factors.
Furthermore, the bias-corrected method (Zhang and Lu, 2012) used in
the present study also helped improve the performance of the original
RF model. The original RF model usually performs poorly in reproducing extreme observations, with large values underestimated and small
values overestimated (Breiman, 2001). This may result in bias in
drought monitoring as drought is usually defined as abnormally dry
conditions compared with normal conditions. The bias-correction
method used in our study significantly reduced the prediction bias with
smaller RMSE compared with the results of Park et al. (2016). Thus, the

combination of the RF and bias-correction methods outlined in our
study is a promising approach for drought monitoring and can be extended to other cropping regions to obtain new insights to guide agricultural practices.
The validation results (Fig. 4) showed that all three machine
learning methods performed better for cluster 2 than cluster 1 in assessing drought conditions (i.e. SPEI). Generally, the cluster 1 stations
represent a relatively arid environment, while the cluster 2 stations
represent a more humid environment. Thus, the machine learning
models tended to have better performance in the humid environment in
our study. However, Park et al. (2016) obtained an opposite result
suggesting that the machine learning models performed better for the
arid region than the humid region in the USA. In their study, the
average annual precipitation of the arid region was 323 mm, while the
annual precipitation of the humid region was 1105 mm. In our study,
these two values were 419 mm and 638 mm (Table 4), respectively.
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Fig. 11. Comparisons of detrended wheat yields and detrended seasonal SPEI values (from both BRF and SILO) for the 39 SA2 regions from 2001 to 2014. The linear
regression slopes and Pearson's correlation coefficients are given in the figure.

that remotely-sensed drought factors and ground-based drought indices
usually spatially disagree, but even a simple fusion method can improve
the correlation with ground-based indices. Thus, fusing various remotely-sensed drought factors is necessary in monitoring drought to
fully explain the complexity and diversity of drought events (Mizzell,
2008; Wardlow et al., 2012). In this study, we accurately predicted the
ground-based drought index, SPEI, for unmeasured areas based on remotely-sensed drought factors and the BRF model. This method can be
seen as a drought monitoring product that can be extended to many
other areas. This product has several advantages. First, the drought
factors used in the present study are based on global remote sensing
data (e.g., TRMM and MODIS) which covers from 50°S to 50°N, so the
proposed approach can be applied to any vegetated region in the world.
Second, this product can generate results comparable to the groundbased database. Third, this product is cost-free as the remotely-sensed
data are easily accessible over the internet.
The proposed drought monitoring in the present study is also very
useful for guiding agricultural practices. In rainfed croplands across the
world, drought is widely viewed as the major threat causing yield
losses. Timely drought warning systems can help farmers develop optimal strategies to ultimately reduce drought damage. In our study, high
correlation coefficients were found between observed wheat yields and
model-predicted seasonal SPEIs (spring, 0.81; winter, 0.61; and
summer, 0.47). Thus, the remotely-sensed, fused SPEI could be a good
tool to predict wheat yield based on estimated SPEI, ultimately providing invaluable information for grain price estimations. In addition,
appropriate drought-response measures could be worked out in

However, the model performance is not simply based on precipitation
conditions. In our study, we also found that the SPEI values had higher
correlation coefficients with vegetation indices in cluster 2 than cluster
1 (Fig. 3). Moreover, vegetation indices had higher importance rankings
in cluster 2 than cluster 1 (Fig. 6). In other words, vegetation conditions
in cluster 2 were more sensitive to 3-month time scale drought. The
results reported by Park et al. (2016) are comparable to ours and they
demonstrated that vegetation indices had higher importance rankings
in the region where the machine learning models performed better.
Generally, there is a time-lag relationship between drought and vegetation responses (Gessner et al., 2013; Piao et al., 2003). Lagged responses of vegetation to drought mainly depend on the characteristics
of the region (Gessner et al., 2013). It is highly likely that vegetation in
cluster 2 and in the arid study region of Park et al. (2016) reacted to
water shortage and adapted to limited water availability more rapidly
during short-term droughts (e.g., 3 months). Therefore, the machine
learning-based remotely-sensed drought monitoring is more suitable for
semi-arid and vegetation-sensitive environments.
Since the main purpose of this study was to estimate 3-month scale
SPEI using machine learning models and remotely-sensed data, a
comparison was made between ground-based SPEI and estimations
derived from machine learning models. There was good agreement
between both method's SPEI estimations in terms of both pattern and
intensity (Figs. 7-9). Thus, the machine learning-based fusion models
did improve the accuracy of remotely-sensed drought estimations.
Zhang et al. (2017) compared three different ground-based drought
indices and six different remote sensing drought factors to demonstrate
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advance. For example, if SPEI_Summer reaches a low level, a droughtresistant wheat cultivar could be adopted in the NSW wheat belt to
mitigate yield losses, or a fallow season could be recommended to limit
production costs in a year in which very low yields were anticipated
due to severe drought.
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5. Conclusions
This study examined three advanced machine learning methods
(namely BRF, SVM, and MLP) for estimating an agricultural drought
index (3-month time scale SPEI) using various remotely-sensed drought
factors from MODIS and TRMM satellite sensors for the NSW wheat belt
in south-eastern Australia. A station-based climate dataset (SILO) and
crop yield data were used as reference data to evaluate the performance
of the model-predicted SPEI in reflecting agricultural drought. The results indicated that the bias-corrected RF model is the most promising
tool for monitoring agricultural drought. The bias-corrected RF model
successfully produced agricultural maps of SPEI which were consistent
with drought maps of SEI derived from the station-based dataset. The
results suggested that machine learning-based remotely-sensed drought
monitoring is more suitable for semi-arid and vegetation-sensitive environments. Nevertheless, the BRF model can still provide satisfactory
results in other types of environments. As such, the approach proposed
in this study can be extended to any vegetated region where remotelysensed data are available, even in areas with limited in situ data
availability, to provide detailed spatial information regarding drought
extent and severity.
We acknowledge that the spatial resolution of 500 m used in the
present study is somewhat coarse. Drought estimations could be improved with use of remotely-sensed data of finer spatial resolution (e.g.,
30 m). Furthermore, the BRF model still had some limitations in predicting extreme conditions of drought. Future research should be conducted using more advanced fusion models and more drought-related
factors from more detailed data sources to achieve improved performance in drought estimation.
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