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Agricultural drought risk assessment of Northern New South

Wales, Australia using geospatial techniques

Abstract

Droughts are recurring events in Australia and cause a severe effect on agricultural and water
resources. However, the studies about agricultural drought risk mapping are very limited in
Australia. Therefore, a comprehensive agricultural drought risk assessment approach that
incorporates all the risk components with their influencing criteria is essential to generate
detailed drought risk information for operational drought management. A comprehensive
agricultural drought risk assessment approach was prepared in this work incorporating all
components of risk (hazard, vulnerability, exposure, and mitigation capacity) with their
relevant criteria using geospatial techniques. The prepared approach is then applied to identify
the spatial pattern of agricultural drought risk for Northern New South Wales region of
Australia. A total of 16 relevant criteria under each risk component were considered, and fuzzy
logic aided geospatial techniques were used to prepare vulnerability, exposure, hazard, and
mitigation capacity indices. These indices were then incorporated to quantify agricultural
drought risk comprehensively in the study area. The outputs depicted that about 19.2% and
41.7% areas are under very-high and moderate to high risk to agricultural droughts,
respectively. The efficiency of the results is successfully evaluated using a drought inventory
map. The generated spatial drought risk information produced by this study can assist relevant

authorities in formulating proactive agricultural drought mitigation strategies.

Keywords: Agricultural drought; Risk assessment; Remote sensing; GIS; Fuzzy logic,
Australia.
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1. Introduction

Droughts are recurrent natural disasters that affect most climatic zones in the world (Kim et al.
2015; Deng et al. 2018; Meza et al. 2020). The most common characteristics of droughts are
gradual development, affecting larger areas, longer duration, and severity (Hao et al. 2012).
Economic activities, agricultural production, environmental components, and socio-economic
aspects are adversely affected by drought events (Rahman and Lateh 2016; Pei et al. 2018;
Dikshit et al. 2020c). In the long run, droughts cause higher economic losses (Ekrami et al.
2016; Dahal et al. 2016) Few recent studies show that the projected economic losses triggered
by droughts worldwide is about US 6-8 billion dollars every year (Zhang et al. 2015; Zeng et
al. 2019). In recent decades, drought frequencies and intensities are higher in many parts of the
world (Wang et al. 2019; Li et al. 2019; Mohsenipour et al. 2018), such as Australia. This
increasing trend of droughts with its severe consequences will continue in the future due to the
adverse impact of climate change and rising of water demand (Jiao et al. 2019; Rahman and
Lateh 2016; Pei et al. 2019).

Droughts are very common events in Australia due to its hydroclimatic variability and
geographical location (Kirono et al. 2011; Baik et al. 2019). In Australia, several major
droughts are well reported in the past decades, for example, Federation drought (1895-1903),
World War Il drought (1937— 1945), and Millennium drought (2001-2010) (Baik et al. 2019;
Rahmat et al. 2015). NSW state is considered one of the severely drought-affected states in
Australia (Dikshit et al. 2020c; Tian et al. 2020; Verdon and Franks 2007). This state has
experienced every major drought event that had occurred in Australia. Recently this state is
suffering from a drought event that has started in 2017 (Dikshit et al. 2020c; Baik et al. 2019).
These droughts badly affected crop production, livestock farming, river flows, water-dependent
ecosystems, rural and urban communities (Rahmat et al. 2015; Verdon and Franks 2007). These
negative impacts caused by drought in NSW is causing a severe socio-ecological and economic

imbalance.

Formulating effective adaptation and mitigation policies and their appropriate implementation
can reduce drought impacts (Wijitkosum and Sriburi 2019; Ekrami et al. 2016). The causes,
influencing variables, and spatial patterns of hazard, vulnerability, mitigation capacity, and
drought risks are necessary information for formulating effective drought mitigation and
adaptation policies (Wijitkosum and Sriburi 2019; Belal et al. 2014; Hoque et al. 2020). Here
drought risk mapping can be a useful tool for managing drought. Drought risk mapping

provides this supporting spatial information analyzing the causes and variable of droughts and
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integrating all the spatial variables in the mapping of hazard, vulnerability, mitigation capacity
and risk for identifying their spatial pattern of droughts (Hao et al. 2012; Pei et al. 2019; Zhang
et al. 2020; Dikshit et al. 2020a). Generally, the risk is the result of the interaction between
hazard, vulnerability and exposure as well as mitigation capacity (Hoque et al. 2018; Shahid
and Behrawan 2008; Gu et al. 2017). The term hazard describes an event that creates adverse
impacts on community and environment, where vulnerability explains the level of impacts on
a particular community and environment by a specific hazard event (Zeng et al. 2019; Rashid
2013). Exposure represents the population, and properties are located within the hazard-prone
areas (Hoque et al. 2018). Mitigation capacity refers to existing mitigation measures that are
taken to reduce the drought impacts (Khan 2008). The risk maps can assist decision making
departments to formulate effective drought mitigation strategies to minimize the adverse
impacts of droughts (Pei et al. 2019; Belal et al. 2014; Wijitkosum and Sriburi 2019).

Drought risk assessment requires a large spatial and non-spatial dataset (Hoque et al. 2020;
Hao et al. 2012; Zhang et al. 2011a). Spatial analysis coupled with remote sensing are
potentially useful techniques to support all of these procedures (Palchaudhuri and Biswas 2016;
Zeng et al. 2019). Several drought risk mapping approaches are documented in the published
literature (Zeng et al. 2019; Hao et al. 2012; Wijitkosum and Sriburi 2019; Pei et al. 2019; Guo
et al. 2016). Since drought is a complex phenomenon and several criteria influence different
types of drought events, multi-criteria based mapping approaches are considered highly useful
to generate detailed drought risk information (Ajaz et al. 2019). Some multi-criteria assessment
approaches, for example, multiple criteria decision analysis (MCDM) (AHP, FAHP, Fuzzy
Logic, etc.) (Hoque et al. 2020; Hategekimana et al. 2018; Jun et al. 2013), statistical models
(SM) (Arabameri et al. 2019; Bui et al. 2011), and machine learning (ML) (Mojaddadi et al.
2017; Dayal et al. 2017a) are applied for mapping various natural hazards. In risk mapping,
physical factors, along with socio-economic criteria, are also considered. Therefore, to assess
the risk of a particular hazard, MCDM techniques such as AHP, FAHP, Fuzzy Logic, and other
models have proven best among all other hazard assessment models (Dayal et al. 2018).
However, fuzzy logic is considered most appropriate as it reduces the imprecision and
subjectivity in the multi-criteria decision-making process (Jun et al. 2013; Al-Abadi et al. 2017,
Wu et al. 2013; Zhang et al. 2011b). It is quite acceptable that an advanced machine learning
approach may provide better results in mapping susceptibility of a hazard.

Four types of droughts are found in the literature: meteorological, agricultural, hydrological,

and socio-economic (Sharafati et al. 2019; Nabaei et al. 2019; Deng et al. 2018). Australia is
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frequently affected by agricultural drought events (Rahmati et al. 2019; Dikshit et al. 2020b).
Numerous studies have been carried out in Australia in the field of drought mapping,
monitoring and management (Rahmati et al. 2019; Dayal et al. 2018; Dayal et al. 2017a;
Mpelasoka et al. 2008; Chiew et al. 2011; Verdon and Franks 2007; Feng et al. 2019; Deo et
al. 2017; Deo and Sahin 2015; Barua et al. 2011; Dikshit et al. 2020c). However, studies about
agricultural drought risk mapping are very limited (Feng et al. 2019; Rahmati et al. 2019).
Recently, Feng et al. (2019) assessed the agricultural drought risk in some parts of NSW
directly using some limited variables through machine learning approaches without
considering required risk components (vulnerability, exposure, hazard, and mitigation
capacity). In contrast, Rahmati et al. (2019) mapped agricultural drought hazard (a component
of risk) in Southeast Queensland utilizing some relevant variables applying machine learning
approaches. The selection of appropriate risk components and their relevant criteria are pre-
condition for mapping accurate and detailed agriculture drought risk information (Belal et al.
2014; Rashid 2013). In addition, existing mitigation capacity criteria that are in place to reduce
the agricultural drought impacts should be integrated into the appropriate drought risk
assessment procedure to get the actual drought risk information (Belal et al. 2014; Hoque et al.
2018). Therefore, a comprehensive agricultural drought risk assessment approach that
incorporates all the risk components with their influencing criteria are essential to derive
detailed drought risk information for operational drought management. Although the Northern
NSW region has been exposed to severe and long drought events in Australia, no study has
been conducted to assess detailed agricultural drought risk incorporating all risk components

with their relevant variables using the fuzzy logic approach.

This study aimed to prepare a comprehensive agricultural drought risk assessment approach
incorporating all components of risk with their relevant criteria using geospatial techniques and
apply the prepared approach for the Northern NSW region of Australia. The objectives of this
study are to: (1) develop a comprehensive drought risk assessment approach incorporating all
components of risk with their relevant criteria and weighting the criteria using a fuzzy logic;
(2) apply the developed approach for assessing spatial pattern of agricultural drought risk of
the Northern NSW region of Australia; and (3) evaluate the generated agricultural drought risk
assessment results. The rest of the paper is organized as follows. A brief discussion of the study
area is followed by an explanation of material and methods. The results are presented in the
next section, followed by discussion of results compared with relevant literature. Finally,

summary of the findings is provided in the conclusion section.
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2. Material and methods

The present study focused on a comprehensive agricultural drought risk mapping approach
through fuzzy logic-based MCDM technique by incorporating all the risk components such as
vulnerability, exposure, hazard as well as the mitigation capacity. The MCDM technique of
fuzzy logic is quite efficient in analysing susceptibility, vulnerability, and the risk of a certain
hazard (Dayal et al. 2018; Mullick et al. 2019; Pradhan 2011; Sahana and Patel 2019). Each
criterion of the risk components was prepared on a similar pixel size of 90 m, and then all the
criteria were ranked respectively based on the capability of influencing agricultural drought.
Subsequently, the fuzzy membership function was assigned in the reference of possible

significance for applying the fuzzy overlay operation (Fig. 1).
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Fig. 1 Processing flowchart used for assessing agricultural drought risk in this study

2.1 Study area

The study area is located in the Northern NSW region of Australia. This region includes the
northwest and northern tablelands of NSW (Fig. 2), and it covers an area of 122198.47 sq. km.
The study region is geographically extended between 28°54°-31°15" S latitude and 149°00"—
151°21" E longitude. About 156256 people are living in this region, and the number of
population is increasing rapidly due to ongoing migration from other states and overseas to this

region (Buckle and Drozdzewski 2018). Agriculture is the predominant industry of this region,



186 and considered being the backbone of the local economy. The area is famous for dryland
187  cropping, irrigation, horticulture, cattle grazing, livestock production, cotton farming, and
188  orchard growing (Feng et al. 2019; Dikshit et al. 2020b). Agricultural activities of this region
189 are challenged by climate change, water availability, and economic burdens (Dikshit et al.
190  2020c). Droughts are very common events in this region and adversely impact all kinds of
191  agricultural and socio-economic activities (Verdon and Franks 2007). Further, the frequency
192  and severity of droughts are increasing due to altering rainfall patterns by climate change
193  (Dikshit et al. 2020c). A humid sub-tropical climate dominates northern NSW. The average
194  daily maximum temperature ranges during summer between 34.2 and 35.2°C, whereas it varies
195 averaging between 20 and 21.6°C overnight. In contrast, the average daily maximum
196  temperature ranges during winter between 18.7 and 20.7°C, whereas it varies averaging
197  between 4.8 and 6.2°C overnight. The average temperature of this region is steadily increasing
198  since 1960s and years between 2008-2019 were the hottest on record. The considerable
199  variation is found in the rainfall pattern of this region. The region experiences 780.82 mm

200  annual average rainfall, which varies in the range of 800-1200 mm.
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2.2 Data set and sources

The intensity of agricultural drought considers various factors, including physiographic,

climatic as well as socio-economic variables. Therefore, all the related and available factors

that influence drought intensity were utilized to calculate vulnerability, hazard, exposure, and

mitigation capacity to generate agricultural drought risk maps. Each risk components consist

of four separate criteria. In total, 16 dynamic criteria (Dayal et al. 2018; Baik et al. 2019; Hao
et al. 2012; Kim et al. 2015; Pei et al. 2018; Zeng et al. 2019) were used in this study. All the
data were aggregated from multiple sources comprised of both local and international

organizations. Information about the data sources and their necessary characteristics is outlined

briefly in Table 1.

Table 1. Data type and sources used for drought risk assessment.

Criteria Types Source Period

LULC Shapefile Department of Planning, Industry and 2017
Environment. (https://data.nsw.gov.au/)

Elevation 3-second DEM data Queensland Spatial Catalogue—QSpatial 2000

(90m resolution)

Slope In percentages TERN - Terrestrial Ecosystem Research 2000
Network

Population density Population number Australian Bureau of Statistics 2011
(https://quickstats.censusdata.abs.gov.a
u/)

Plant available water capacity = 90m resolution National Agricultural Monitoring System 2014

(PAWC) (NAMS; http://www.nams.gov.au)

Soil depth, Sand percentage 90m resolution TERN - Terrestrial Ecosystem Research 2014
Network

Soil Moisture NetCDF format Australian Government, Bureau of 2005 - 2019
Meteorology (http://www.bom.gov.au)

Distance to river, river Shapefile Geoscience Australia 2016

density, lithology, and (https://www.ga.gov.au/)

distance to road

Mean annual rainfall, mean 90m resolution Australian Government, Bureau of 1970-2018

annual maximum
temperature, mean annual
evaporation and mean annual
humidity

Meteorology ( http://www.bom.gov.au)
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2.3 Risk evaluation criteria, alternatives and mapping

All the selection criteria were selected based on a literature review, data availability, and its
relevance to the agricultural drought risk(Dayal et al. 2018; Baik et al. 2019; Hao et al. 2012;
Kim et al. 2015; Pei et al. 2018; Zeng et al. 2019). Thematic layers of risk components for each
criterion were prepared using different software such as ArcGIS, ENVI, and Erdas Imagine.
The mapping techniques and causes of their selection, justification, argument, and

characteristics of each risk component are explained in detail in the following sections.

2.3.1 Criteria for vulnerability mapping

Four criteria, such as soil depth, sand percent, soil moisture, and lithology are generally
associated with agricultural drought. Hence, these criteria were used for vulnerability mapping
(Baik et al. 2019; Dayal et al. 2018). Soil depth and sand percent play great importance in
assessing the vulnerability of agricultural drought. For instance, soil depth has a great influence
on providing the necessary nutrients and water, which has a significant role in crop growth
(Jain et al. 2015). Therefore, the areas containing a richer soil depth have a better ability of
water holding capacity and provide sufficient moisture for the crops to minimize the drought
vulnerability (Dayal et al. 2018). Likewise, the sand percent also has the capability of
controlling the water holding capacity, although sand percent works inversely and has the
opposite rule over drought vulnerability (Pandey et al. 2012). Following that, the soil depth and
sand percent data were used from TERN in 90 m spatial resolution, and the further procession
of these criteria was followed by Dayal et al. (2018) (Fig.3a-d).

10
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247  Fig. 3 The original drought vulnerability factors in absolute units (left): (a) soil depth, (c) sand,
248  (e) soil moisture, (g) lithology and the corresponding standardized drought vulnerability factors
249  (right) using the fuzzy membership.
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Soil moisture also an important criterion which has a big influence on determining agricultural
drought vulnerability; as higher the soil moisture lesser the drought vulnerability (Hoque et al.
2020). The soil moisture data was collected from the Bureau of Meteorology, Australia, in
NetCDF format from 2005 to 2019. The procedure was maintained following few steps such
as the conversion of NetCDF format to raster. The average of all year values was aggregated
in a single raster layer using the raster calculator of ArcGIS (Fig. 3e,f). Similarly, lithology
data was collected from Geoscience Australia for 2016 in shapefile format and categorized on
the basis of relativity to agricultural drought vulnerability (Fig. 3g, h).

2.3.2 Criteria for exposure mapping

The economic condition of the people, infrastructure, and other environmental resources
situated in a hazard affected area is known as exposure. The high elevation and slope area's
agricultural resources are more exposed to drought hazards because of low water holding
capacity (Dayal et al. 2018; Wu et al. 2017; Zeng et al. 2019). Hence, land use and population
density along with elevation and slope were selected as exposure, 3-second DEM data (90m
resolution) were used from (gld.auscover.org.au) to generate elevation raster (Fig. 4a,b) while

slope was obtained from TERN in percentage (Fig.4c,d).

LULC data in shapefile format was acquired from the Department of Planning, Industry, and
Environment, NSW for 2017. LULC data revealed that the study area is dominated by
agricultural land and grassland (Fig. 4e,f). In the context of the agricultural drought,
agricultural land class was ranked the highest, while water bodies class was ranked the lowest
(Table 2). Population data were collected from the Australian Bureau of Statistics (ABS 2012)
following the 2011 census, considering the fact of higher population density means higher
exposure to agricultural drought (Fig.4g,h). The high population density areas will be more

exposed to food scarcity and famine situations because of drought conditions.

12
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Fig. 4 The original drought exposure factors in absolute units (left): (a) elevation, (c) slope,
(e) LULC, (g) population density and the corresponding standardized drought exposure
factors (right) using the fuzzy membership functions
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283  Table 2. Land use and land cover classes details.

Land use/land cover  Description
classes

Production forestry  Production native forests, Plantation forests, Irrigated plantation forests
Water bodies Lake, reservoir, dam, river, channel aqueduct, wetlands

Urban use Manufacturing and industrial, residential and farm infrastructure,
Services, utilities, Transportation system

Pasture/ grassland Grazing native vegetation, grazing modified pastures, grazing irrigated
modified pastures

Natural Nature conservation and protected area

conservation

Agricultural land Cropping, perennial horticulture, seasonal horticulture, irrigated
cropping.

284

285 2.3.3 Criteria for hazard mapping

286  The possibility of occurrence of potentially hazardous incidents in a certain area and for a
287  specific period of time is known as a hazard (Hoque et al. 2019). Four climatic variables such
288 as mean rainfall, maximum temperature, mean humidity, and evaporation were considered
289  hazard criteria because the agricultural drought is highly influenced by these climatic variables
290  (Dikshit et al. 2020a; Dahal et al. 2016; Eklund and Seaquist 2015). The deficiency of rainfall
291 and humidity intensify the drought condition, thereby, regions with low rainfall and humidity
292 are very much prone to drought (Esfahanian et al. 2017). In contrast, areas with low
293  temperatures and evaporation are likely to be less susceptible to drought conditions (Karamouz
294 et al. 2015). All the data for preparing the criteria of hazard components were collected from
295 the Bureau of Meteorology, Australia, for 48 years (1970 — 2018). The climatic data were
296  obtained from 55 weather stations situated either inside or adjacent to the study area. 90 m
297  spatial resolution was considered to generate the raster layers by applying a globally accepted
298  Kriging interpolation technique in ArcGIS(Nasrollahi et al. 2018) (Fig.5).

299
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305  Fig. 5 The original drought hazard factors in absolute units (left): (a) mean rainfall, (c) mean
306  maximum temperature, (¢) mean humidity, (g) evaporation and the corresponding standardized
307  drought hazard factors (right) using the fuzzy membership functions.
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2.3.4 Criteria for mitigation capacity mapping

Four criteria such as distance to the river, river density, plant available water capacity, and
distance to road were considered for assessing the study area's agricultural drought mitigation
capacity. The areas close to the river channels are less susceptible to agricultural droughts and
can easily mitigate the drought condition as the river and reservoirs provide the necessary water
for irrigation activities (Lakshmi 2016; Thomas et al. 2016). Likewise, river density also has
an undeniable impact on checking the drought condition, and the high river density regions
have more potential to reduce drought impact than the regions with low river density (Pandey
et al. 2012). Furthermore, the availability of major roads plays a crucial role during drought
conditions, particularly the provision of necessary aid, relief, and conducting the rescue
operation to save the farmers and their agricultural lands. Therefore, the river channel and road
network data were acquired from “Geoscience Australia” for 2016 in shapefile format. For the
preparation of the raster layers, distance to river and distance to road, the Euclidean distance

tool was used, while line density was used to generate river density criteria (Fig 6a-f).

Similarly, plant available water capacity (PAWC) has a significant influence on agriculture-
related drought mitigation capacity. The variation in the water content difference within field
capacity and the permanent wilting point is known as PAWC (Dayal et al. 2018). Therefore,
when the degree of PAWC increases, drought vulnerability of agriculture decreases, which
means the mitigation capacity of that particular area against agricultural drought also enhances
(Stone and Potgieter 2008). Hence, a PAWC spatial layer was produced using the Australian
National Agricultural Monitoring System (NAMS) for the 2014 (Fig. 6g-h).
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331  Fig. 6. The original drought mitigation capacity factors in absolute units (left): (a) distance to
332  river, (c) river density, (e) distance to road, (g) PAWC and the corresponding standardized
333  drought mitigation capacity factors (right) using the fuzzy membership functions.
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2.4 Assigning weight using fuzzy membership function

Boolean logic usually computes the value of a function in the absolute value of true or false,
while fuzzy logic has the ability to calculate the degree of truth. For instance, fuzzy logic has
advanced the weighting methods by converting the value 0 or 1 (Boolean logic) to 0 and 1
(Fuzzy logic) utilizing different fuzzy membership functions. However, the initial step was to
classify the criteria into different classes, applying natural break, equal interval, and manual
classification. In the next steps, fuzzy membership function and fuzzy-small for the criteria
were assigned which are inversely related to soil depth, soil moisture, mean rainfall, mean
humidity, river density, and PAWC (Table 3). Conversely, the factors related directly; fuzzy-
large membership function, i.e., sand percent, lithology, elevation, slope, LULC, mean
maximum temperature, evaporation, distance to the river, and road were assigned (Table 3).
Besides, fuzzy linear was used for only population density criteria (Table 3). The formula for
fuzzy large and fuzzy small resembles equations 1 and 2, respectively, and the characteristics

and logic behind using those functions have described in detail by Mullick et al. (2019).

1
p(x) =ﬂ(1)
1+(f—2)
()—; (2)
ulx) = 1+(fiz)f1

Table 3. Subclasses of drought vulnerability, exposure, hazard factors, and mitigation capacity
factors and their numerical weights.

Criteria Break value Rating  Weights Fuzzy Assumption
assigned membership
function
Soil depth (m) <0.7 1 Very high  Fuzzy-Small  Inversely related
0.7-0.9 3 High
09-11 6 Low
>1.1 9 Very low
Sand (%) <50 5 Low Fuzzy-Large Directly related
> 50 10 High
Soil moisture (mm) >0.4 10 Very low  Fuzzy-Small Inversely related
03-04 8 Low
0.2-0.3 6 Moderate
0.1-0.2 4 High
<01 2 Very high
Lithology a-lgneous felsic volcanic 10 Very high  Fuzzy-Large Directly related

b-lgneous mafic intrusive
c-lgneous felsic intrusive

d-lgneous felsic-
intermediate volcanic
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e-Igneous intermediate

volcanic

f-High grade

metamorphic rock

g-lgneous intermediate

intrusive

h-Argillaceous detrital 8 High
sediment

i-lgneous mafic volcanic

J- Feldspar- or lithic-rich

arenite to rudite

k-Metasedimentary

siliciclastic

I-Sedimentary siliciclastic

m-lgneous; sedimentary

n-Sedimentary carbonate 6 Moderate

0-Meta-igneous
ultramafic

p-lgneous felsic-
intermediate intrusive
g-Meta-igneous mafic

r-Meta-igneous mafic

volcanic

s-Quartz-rich arenite to 4 Low
rudite

t-Sedimentary non-

carbonate chemical or

biochemical
u-Regolith 2 Very low
v-Others
Elevation (m) 94.2 -150 2 Very low  Fuzzy-Large Directly related
150 — 300 4 Low
300 — 450 6 Moderate
450 — 600 8 High
> 600 10 Very high
Slope (percent) 0-2 2 Very low  Fuzzy-Large Directly related
2-14 4 Low
4-6 6 Moderate
6-8 8 High
>8 10 Very high
LULC Water body -100 No Fuzzy-Large Directly related
member
Natural conservation 2 Very low
Production forestry 4 Low
Pasture/ grassland 6 Moderate
Urban use 8 High
Agricultural lands 10 Very high
Population density 0 — 1000 2 Very low  Fuzzy- Directly related
(sg. km) Linear
1000 - 2000 4 Low
2000 — 3000 6 Moderate
3000 - 4000 8 High
> 4000 10 Very high
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353
354

Mean rainfall (mm) 216.2 — 530.3 2 Very high  Fuzzy-Small  Inversely related
530.4 — 690.2 4 High
690.3 — 888.6 6 Moderate
888.7 — 1153.1 8 Low
1153.2 - 1621.5 10 Very low
Mean maximum 19.7-21.2 2 Very low  Fuzzy-Large Directly related
temperature (°C)
21.3-22.8 4 Low
22.9-245 6 Moderate
24.6 —26.2 8 High
26.3-27.6 10 Very high
Mean humidity (%) 74.2-80.1 10 Verylow  Fuzzy-Small Inversely related
69.4-74.1 8 Low
65.6 —69.3 6 Moderate
62.5-65.5 4 High
60 -62.4 2 Very high
Evaporation (mm) 1200 — 1400 2 Very low  Fuzzy-Large Directly related
1400 — 1600 4 Low
1600 — 1800 6 Moderate
1800 — 2000 8 High
> 2000 10 Very high
Distance to river <1 2 Very low  Fuzzy-Large Directly related
(km)
1-2 4 Low
2-3 6 Moderate
3-4 8 High
>4 10 Very high
River density >1.46 9 Very High  Fuzzy-Small  Inversely related
(km/km2)
1.21-145 6 High
0.65-1.2 3 Low
<0.64 1 Very low
Distance to road 0-1 2 Very high  Fuzzy-Large Directly related
(Km)
1-2 4 High
2-3 6 Moderate
3-4 8 Low
>4 10 Very low
PAWC (mm) >180 10 Very high  Fuzzy-Small  Inversely related
160 — 180 8 High
140 - 160 6 Moderate
120 - 140 4 Low
<120 2 Very low
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2.5 Risk assessment

After normalization of ratings, a fuzzy overlay operation was performed for each risk
component incorporating their assigned weight following Table 3. In the ArcGIS toolbox, there
are five types of fuzzy overlay operations available, i.e., AND, OR, PRODUCT, SUM, and
GAMMA. However, in this research, the GAMMA overlay was applied for calculating each
component. The argument of choosing the GAMMA overlay has been described in detail by
Dayal et al. (2018). Once all the risk components were prepared, the following formula was
applied in the raster calculator of ArcGIS to produce the final risk map (Equation 3). The risk
map and its every component were classified into five classes following the severity of drought

using the statistical method of natural break classification.

Risk = vulnerability x exposurex hazard /mitigation capacity (3)

2.6  Efficiency test of drought risk mapping

The receiver operating characteristics curve (ROC) and the area under the curve (AUC) were
used to test the produced agricultural drought risk map's efficiency. This method is widely used
to test the accuracy of the susceptibility and risk model, which is an appropriate technique for

assessing deterministic and probabilistic justification (Hoque et al. 2020).

In this study, only the prediction rate curve was prepared with reference to soil moisture data.
Validation of agricultural drought risk map using soil moisture data is suitable as the moisture
content is an essential indicator of agricultural droughts (Mpelasoka et al. 2008). The procedure
has been conducted following a few steps. First, the soil moisture data was collected from the
Australian Government, Bureau of Meteorology, from 2005 to 2019. In the next step, following
Rahmati et al. (2019) methods, the relative departure of soil moisture (RDSM) was calculated

and created an integrated drought inventory map following equation 4.

RDMS =22 x 100 (4)

2j
Where, S; is mean annual soil moisture for 2019 (One of the driest year in the history of NSW)

and S; is mean annual soil moisture between 2005 and 2019.

In the next step, RDSM was standardized from their original values into a 0-1 scale using a
fuzzy logic operation process, and a threshold of 0.5 was then used for the RDSM (i.e., RDSM
> 0.5) to identify drought locations in the study area. Then randomly, 447 drought locations
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were selected to validate a produced drought risk map where validation datasets resemble 100%
of the drought points (Fig. 1).

3. Results

3.1 Vulnerability mapping

Fig. 7a depicts different vulnerability levels to droughts according to the influence of some
relevant criteria in the study area. Approximately 26.7% (32648.2 km?) and 30.8% (37561.5
km?) of the study area fall under very-high and high drought vulnerability categories,
respectively (Fig. 7a). In total, this area covers 57.5% of the total study area. These high to
very-high drought vulnerable areas are observed in eastern, northeastern and southeastern parts
of the study area, especially, Tenterfield, Walcha, Uralla, Armidale regional, Inverell, Glen Inn
Seven Shire, Tamworth regional and Liverpool plain. Areas at moderately vulnerable to
droughts are found in some parts of Moree plains and Walgett, which cover 13.1% (16051.6
km?) of the total study area. On the contrary, low and very-low vulnerable to droughts comprise
29.4% (35,882.3 km?) of the study area. These areas are observed in the western part of
Walgett, northern part of Moree plains, and some portion of Narrabri. .

3.2 Exposure mapping

The spatial extents of exposed people, infrastructure, and other environmental resources to
droughts in the study area are illustrated in Fig. 7b. About 30.9% (37698.3 km?) of the study
area is moderately exposed to droughts, which is dominating compared to other categories of
exposure. These areas are dispersed in the northern, central, southern, and some parts of the
eastern region of the study area. In contrast, areas at highly to very highly exposed to drought
are located in parts of the Tenterfield, Walcha, Uralla, Armidale regional, Inverell, Glen Inn
Seven Shire, and Tamworth regional. These areas constitute 21.8% (26618.5 km?) and 16.4%
(20055.6 km?) of the total study area, respectively. The areas are classified as less exposed to
drought are situated in Walgett and some southern portion of Narrabri covering 20.2% (24652.0
km?) and 10.7% (13119.3 km?) of the study area.
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417  Fig. 7. Maps of risk assessment components: (a) Vulnerability, (b) Exposure, (¢) Hazard, and
418  (d) Mitigation capacity.

419

420

421

422

423 3.3 Hazard mapping

424 Fig. 7c presents the spatial distribution and levels of drought hazard in the study area.
425  Approximately 23.1% (43,601.1 km?) of the study area were classified as a very-high hazard
426  to droughts. These very high to high hazard areas are located covering the entire part of
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Walgett, some western parts of Morre Plains and Narrabri. Furthermore, areas at moderate
drought hazard are mainly concentrated in the central part of the study area, covering the partial
parts of southern Narrabri and Gunnedah and the northern part of Gwidir. These areas
constitute 27390.8 km? of the entire study area. In contrast, 41.9% of the study area falls under
low to very-low hazard zones covering an area of 27838.0 km? and 23313.9 km?, respectively,

and located in eastern, northeastern and southeastern parts of the study area.

3.4 Mitigation capacity mapping

The spatial distribution and degree of mitigation capacity to study area to droughts are shown
in Fig. 7d. Very high and high mitigation capacity to droughts are observed sporadically in the
eastern, southeastern and northeastern and some central portion of the study area, particularly,
Walcha, Uralla, Armidale regional, Inverell, Tenterfield and Glen Inn Seven Shire. These areas
occupy about 38.5% (47072.7 km?) study area Figure 7d also shows that 21.4% (26134.6.4
km?) area has a moderate mitigation capacity to address the drought events and is located
scattered all over the study area. In contrast, the areas that have low to very-low mitigation
capacity comprise approximately 20.1% (25331.4 km?) and 19.3% (23604.9 km?) of the study
area. These areas are mainly located in the western, northwestern and southwestern portions,

exclusively, Walgett, Moree plains, and Narrabri.

3.5 Risk mapping

Fig. 8 outlines the spatial extent and levels of risk to droughts in the study area. Approximately
4,54 (23430.0 km?) and 33.2% (40503 km?) of the study areas are identified as very-high to
high-risk to droughts, respectively. These very-high to high-risk zones are distributed
sporadically in the northern, northwestern, southwestern, central, and southern parts, especially
the majority of Moree Plain, Walegatt, Gawdir, Liverpool Plains, Inverell and some areas of
Tenterfield, Uralla, Gunnedah, Tamworth regional. The areas under a moderate risk of
droughts cover a considerable amount of the study area, with an area of 35202.9 km? (28.8%)).
These moderate drought-prone areas are common throughout the study area, more specifically
in the western, northern, northeastern, and central parts of the study area. In contrast, 10.06%
and 23.4% of the study area areas were identified under low and very-low risk to droughts.

These areas are located in some southern portion of Narrabri and Gunnedah as well as the
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458  majority of the Wacha, Armidale regional, and Glen Innes Seven Shire. Almost the entire area,

459  except some areas of eastern and southern parts, could be marked as drought-prone.

Drought Risk
B Very Low
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[ ] Moderate
[ High ,
I Very High | 100km

460

461  Fig. 8. Agricultural drought risk map of the study area
462

463

464 3.6 Outcome of the efficiency test

465  The prediction rate curves are illustrated in Fig. 9, showing model efficiency applied in this
466  study. The AUC of the risk model's prediction rate was 0.827, which indicates 82.7% prediction
467  accuracy for the applied model. In general, an AUC value near 1 indicates a higher accuracy
468  of the model (Chen et al., 2018).Therefore, AUC values of prediction rate (82.7%) of this

469 analysis presenting a successful outcome of the developed drought risk assessment approach.

470
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Fig. 9 Area under curve (AUC) for prediction rate.

4. Discussion
In the recent past, the intensity and degree of drought events in Australia have increased

dramatically and affecting crop production, livestock farming, the river flows, water-dependent
ecosystems, rural and urban communities significantly (Verdon and Franks 2007; Rahmat et
al. 2015). Several relevant studies predicted that such events will be more severe and frequent
under the future climate change scenario (Burke et al. 2006; Rezaei et al. 2015; Wanders and
Wada 2015; Zeng et al. 2019). Therefore, a detailed drought risk mapping technique
incorporating all the risk components is highly efficient in order to minimize the challenge of

yield losses, ecology, and overall economic impact.

Worldwide, numerous methods have been performed to assess the agricultural drought risk
using geospatial techniques. Most of the studies were conducted considering limited risk
components, either index-based or performed without taking into account mitigation capacity
(Zeng et al. 2019; Meza et al. 2020; Palchaudhuri and Biswas 2016; Dayal et al. 2017b;
Gopinath et al. 2015). Therefore, the motivation of the research was to propose an agricultural
drought assessment technique, which is more robust in the sense that it covered a total of 16
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criteria under all (four) risk components. Moreover, this study provided more detailed
information regarding the mitigation capacity of agricultural drought, which can be used by the

policymaker and the administrator.

The findings demonstrated that approximately 4.54% and 33.2% of the study areas are
identified as very-high to high-risk to droughts and mostly distributed sporadically in the
northern, northwestern, southwestern, central, and southern parts of northern NSW. Regarding
vulnerability and exposure components, the very-high and high vulnerable class combined
accounted for around 57% and 38%, respectively, while about 23% of the study area fell into
high to very-high susceptible class. On the contrary, around 38% of the study area consists of
high to ver- high mitigation capacity to cope up with the extreme drought condition.
Consistency was found among vulnerability and exposure components, which revealing the
eastern parts of the study area mostly fell to high to very-high vulnerable class. Such findings
are consistent with the outcome of the developed drought map by the NSW government
(https://edis.dpi.nsw.gov.au/) using CDI (Combined Drought Indicator). Those regions are
mainly comprised of vulnerable factors of both vulnerability and exposure that intensify the
drought condition for instance high sand percentage, less soil depth, vulnerable land-use class,
high elevation, steep slope, and susceptible lithology class. Regarding the hazard components,
all the factors indicating the western portion of the study area fell to a very-high susceptible
class which revealing the consistency among all the climatic variables. Apart from these, the
integration of mitigation capacity in the final risk formula strengthened the drought risk
assessment technique previously followed by other similar research of Zeng et al. (2019);
Palchaudhuri and Biswas (2016); Dayal et al. (2017b) and Gopinath et al. (2015) where
mitigation capacity was not included for assessing drought risk. Evidently, the integration of
mitigation capacity has strengthened the agricultural drought risk assessment approach by
showing efficiency of around 83%. This suggests the significance of mitigation capacity as
well as all the risk components in terms of predicting the drought risk for agriculture accurately.
Thus, the proposed integrated risk model can be applied by planners and engineers to restrict

future agriculture drought consequences and maintain sustainable development.

This study has some drawbacks too. As many criteria were required, it was not easy to collect
high-quality datasets. For example, a 90 m resolution DEM was used for preparing the slope
and elevation spatial layers. However, higher resolution datasets can provide more accurate
results. It would be good to incorporate a few more criteria, for instance, NDVI, irrigation, crop

yield, etc.; however, it was not possible to include those due to data constraints, time frame,
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and funding. The validation of prepared approach outputs was conducted using soil moisture
datasets only, but specific field based datasets would enhance validation processes. Future
research can consider addressing the above issues. Nevertheless, the prepared approach can
still provide satisfactory outputs for agricultural drought mapping in formulating drought
mitigation measures. Accordingly, this validated approach may be extended to any drought-
prone region with modifying criteria and datasets to derive detailed spatial patterns and extent

of droughts.

5. Conclusion

This study was carried out to prepare and apply a comprehensive agricultural drought risk
assessment approach incorporating all components of risk using fuzzy logic and geospatial
techniques in the Northern NSW region of Australia to identify the spatial pattern of
agricultural drought risk. For the first time, the relevant criteria of each risk component,
including hazard, vulnerability, exposure, and mitigation capacity, are combined to map the
spatial pattern of agricultural drought risk in the study region. ROC and AUC techniques were
applied using a drought inventory map to evaluate the efficiency of the results. The results
demonstrated that geospatial techniques integrated with fuzzy logic were promising for
successfully mapping agricultural drought risk. Further, the outputs suggested that risk results
were considerably influenced by the incorporation of mitigation capacity measures. The risk
map presents very-high to high drought risk for most parts of Moree Plains, Walgett, Gawdir,
Liverpool Plains, Inverell, and some areas of Tenterfield, Uralla, Gunnedah, Tamworth
regional. These higher-risk areas cover around 40% of the study area. About 28.8% moderate
drought-prone areas are common throughout the study area, more specifically in the western,
northern, northeastern, and central parts of the study area. The prediction efficiency of the
produced drought risk map was 82.7%. The produced spatial distribution maps of agricultural
drought risk can assist policymakers in preparing effective drought mitigation measures to

resist drought impacts reasonably.

Acknowledgement
We thank all the anonymous reviewers whose critical comments helped raise issues and
revisions that resulted in significant improvements to the paper. Authors are indebted to various

organisations (Department of planning, industry and environment, NSW; Queensland Spatial

28



555
556
557

558
559

560
561

562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
S77
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599

Catalogue—QSpatial; Australian Bureau of Statistics, Australia; Bureau of Meteorology,
Australia; National Agricultural Monitoring System, Australia, and Geoscience Australia) for

providing them with the necessary data.

References

ABS (2012) Year Book Australia, 2012. Australian Bureau of Statistics, Canberra

Ajaz A, Taghvaeian S, Khand K, Gowda PH, Moorhead JE (2019) Development and evaluation
of an agricultural drought index by harnessing soil moisture and weather data. Water
11:1375. doi:https://doi.org/10.3390/w11071375

Al-Abadi AM, Shahid S, Ghalib HB, Handhal AM (2017) A GIS-based integrated fuzzy logic
and analytic hierarchy process model for assessing water-harvesting zones in
Northeastern Maysan Governorate, Irag. Arabian Journal for Science and Engineering
42:2487-2499. doi:https://doi.org/10.1007/s13369-017-2487-1

Arabameri A, Rezaei K, Cerda A, Conoscenti C, Kalantari Z (2019) A comparison of statistical
methods and multi-criteria decision making to map flood hazard susceptibility in
Northern  Iran.  Science of the Total Environment 660:443-458.
doi:https://doi.org/10.1016/j.scitotenv.2019.01.021

Baik J, Zohaib M, Kim U, Aadil M, Choi M (2019) Agricultural drought assessment based on
multiple soil moisture products. Journal of Arid Environments 167:43-55.
doi:https://doi.org/10.1016/j.jaridenv.2019.04.007

Barua S, Ng A, Perera B (2011) Comparative evaluation of drought indexes: case study on the
Yarra River catchment in Australia. Journal of Water Resources Planning and
Management 137:215-226. doi:https://doi.org/10.1061/(ASCE)WR.1943-
5452.0000105

Belal A-A, EI-Ramady HR, Mohamed ES, Saleh AM (2014) Drought risk assessment using
remote sensing and GIS techniques. Arabian Journal of Geosciences 7:35-53.
doi:https://doi.org/10.1007/s12517-012-0707-2

Buckle C, Drozdzewski D (2018) Urban perceptions of tree-change migration. Rural Society
27:192-207

Bui DT, Lofman O, Revhaug I, Dick O (2011) Landslide susceptibility analysis in the Hoa
Binh province of Vietnam using statistical index and logistic regression. Nat Hazards
59:1413. doi:https://doi.org/10.1007/s11069-011-9844-2

Burke EJ, Brown SJ, Christidis N (2006) Modeling the recent evolution of global drought and
projections for the twenty-first century with the Hadley Centre climate model. Journal
of Hydrometeorology 7:1113-1125. doi:https://doi.org/10.1175/JHM544.1

Chiew F, Young W, Cai W, Teng J (2011) Current drought and future hydroclimate projections
in southeast Australia and implications for water resources management. Stochastic
Environmental Research and Risk Assessment 25:601-612

Dahal P et al. (2016) Drought risk assessment in central Nepal: temporal and spatial analysis.
Nat Hazards 80:1913-1932. doi:https://doi.org/10.1007/s11069-015-2055-5

Dayal K, Deo R, Apan AA (2017a) Drought modelling based on artificial intelligence and
neural network algorithms: a case study in Queensland, Australia. In: Climate Change
Adaptation in Pacific Countries. Springer, pp 177-198

29


https://doi.org/10.3390/w11071375
https://doi.org/10.1007/s13369-017-2487-1
https://doi.org/10.1016/j.scitotenv.2019.01.021
https://doi.org/10.1016/j.jaridenv.2019.04.007
https://doi.org/10.1061/(ASCE)WR.1943-5452.0000105
https://doi.org/10.1061/(ASCE)WR.1943-5452.0000105
https://doi.org/10.1007/s12517-012-0707-2
https://doi.org/10.1007/s11069-011-9844-2
https://doi.org/10.1175/JHM544.1
https://doi.org/10.1007/s11069-015-2055-5

600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647
648
649

Dayal KS, Deo RC, Apan AA (2017b) Investigating drought duration-severity-intensity
characteristics using the Standardized Precipitation-Evapotranspiration Index: case
studies in drought-prone Southeast Queensland. Journal of Hydrologic Engineering
23:05017029. doi:https://doi.org/10.1061/(ASCE)HE.1943-5584.0001593

Dayal KS, Deo RC, Apan AA (2018) Spatio-temporal drought risk mapping approach and its
application in the drought-prone region of south-east Queensland, Australia. Nat
Hazards 93:823-847. doi:https://doi.org/10.1007/s11069-018-3326-8

Deng M, Chen J, Huang J, Niu W (2018) Agricultural drought risk evaluation based on an
optimized comprehensive index system. Sustainability 10:3465.
doi:https://doi.org/10.3390/su10103465

Deo RC, Byun H-R, Adamowski JF, Begum K (2017) Application of effective drought index
for quantification of meteorological drought events: a case study in Australia.
Theoretical and applied climatology 128:359-379

Deo RC, Sahin M (2015) Application of the extreme learning machine algorithm for the
prediction of monthly Effective Drought Index in eastern Australia. Atmospheric
Research 153:512-525. doi:https://doi.org/10.1016/j.atmosres.2014.10.016

Dikshit A, Pradhan B, Alamri AM (2020a) Long Lead Time Drought Forecasting Using
Lagged Climate Variables and a Stacked Long Short-term Memory Model. Science of
The Total Environment:142638

Dikshit A, Pradhan B, Alamri AM (2020b) Short-Term Spatio-Temporal Drought Forecasting
Using Random Forests Model at New South Wales, Australia. Applied Sciences
10:4254. doi:https://doi.org/10.3390/app10124254

Dikshit A, Pradhan B, Alamri AM (2020c) Temporal Hydrological Drought Index Forecasting
for New South Wales, Australia Using Machine Learning Approaches. Atmosphere
11:585. doi:https://doi.org/10.3390/atmos11060585

Ekrami M, Marj AF, Barkhordari J, Dashtakian K (2016) Drought vulnerability mapping using
AHP method in arid and semiarid areas: a case study for Taft Township, Yazd Province,
Iran. Environmental Earth Sciences 75:1039. doi:https://doi.org/10.1007/s12665-016-
5822-z

Esfahanian E, Nejadhashemi AP, Abouali M, Adhikari U, Zhang Z, Daneshvar F, Herman MR
(2017) Development and evaluation of a comprehensive drought index. J Environ
Manage 185:31-43. doi:https://doi.org/10.1016/j.jenvman.2016.10.050

Feng P, Wang B, Li Liu D, Yu Q (2019) Machine learning-based integration of remotely-
sensed drought factors can improve the estimation of agricultural drought in South-
Eastern Australia. Agricultural Systems 173:303-316.
doi:https://doi.org/10.1016/j.agsy.2019.03.015

Gopinath G, Ambili G, Gregory SJ, Anusha C (2015) Drought risk mapping of south-western
state in the Indian peninsula—A web based application. J Environ Manage 161:453-459.
doi:https://doi.org/10.1016/j.jenvman.2014.12.040

Gu D, Wang Q, Otieno D (2017) Canopy transpiration and stomatal responses to prolonged
drought by a dominant desert species in Central Asia. Water 9:404

Guo H, Zhang X, Lian F, Gao Y, Lin D, Wang Ja (2016) Drought risk assessment based on
vulnerability surfaces: a case study of maize. Sustainability 8:813.
doi:https://doi.org/10.3390/su8080813

Hao L, Zhang X, Liu S (2012) Risk assessment to China’s agricultural drought disaster in
county unit. Nat Hazards 61:785-801

Hategekimana Y, Yu L, Nie Y, Zhu J, Liu F, Guo F (2018) Integration of multi-parametric
fuzzy analytic hierarchy process and GIS along the UNESCO World Heritage: a flood
hazard index, Mombasa County, Kenya. Nat Hazards 92:1137-1153.
doi:https://doi.org/10.1007/s11069-018-3244-9

30


https://doi.org/10.1061/(ASCE)HE.1943-5584.0001593
https://doi.org/10.1007/s11069-018-3326-8
https://doi.org/10.3390/su10103465
https://doi.org/10.1016/j.atmosres.2014.10.016
https://doi.org/10.3390/app10124254
https://doi.org/10.3390/atmos11060585
https://doi.org/10.1007/s12665-016-5822-z
https://doi.org/10.1007/s12665-016-5822-z
https://doi.org/10.1016/j.jenvman.2016.10.050
https://doi.org/10.1016/j.agsy.2019.03.015
https://doi.org/10.1016/j.jenvman.2014.12.040
https://doi.org/10.3390/su8080813
https://doi.org/10.1007/s11069-018-3244-9

650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698

Hoque MA-A, Phinn S, Roelfsema C, Childs I (2018) Assessing tropical cyclone risks using
geospatial techniques. Appl Geog 98:22-33.
doi:https://doi.org/10.1016/j.apge0q.2018.07.004

Hoque MA-A, Pradhan B, Ahmed N (2020) Assessing drought vulnerability using geospatial
techniques in northwestern part of Bangladesh. Science of The Total Environment
705:135957. doi:https://doi.org/10.1016/].scitotenv.2019.135957

Hoque MA-A, Pradhan B, Ahmed N, Roy S (2019) Tropical cyclone risk assessment using
geospatial techniques for the eastern coastal region of Bangladesh. Science of The Total
Environment 692:10-22. doi:https://doi.org/10.1016/].scitotenv.2019.07.132

Jain VK, Pandey R, Jain MK (2015) Spatio-temporal assessment of vulnerability to drought.
Nat Hazards 76:443-469

Jiao W, Tian C, Chang Q, Novick KA, Wang L (2019) A new multi-sensor integrated index
for drought monitoring. Agricultural and forest meteorology 268:74-85.
doi:https://doi.org/10.1016/j.agrformet.2019.01.008

Jun K-S, Chung E-S, Kim Y-G, Kim Y (2013) A fuzzy multi-criteria approach to flood risk
vulnerability in South Korea by considering climate change impacts. Expert Systems
with Applications 40:1003-1013

Karamouz M, Zeynolabedin A, Olyaei M (2015) Mapping Regional Drought Vulnerability: A
Case Study. International Archives of the Photogrammetry, Remote Sensing & Spatial
Information Sciences 40

Khan MSA (2008) Disaster preparedness for sustainable development in Bangladesh. Disaster
Prev Manag 17:662-671

Kim H, Park J, Yoo J, Kim T-W (2015) Assessment of drought hazard, vulnerability, and risk:
A case study for administrative districts in South Korea. Journal of Hydro-environment
Research 9:28-35. doi:https://doi.org/10.1016/j.jher.2013.07.003

Kirono D, Kent D, Hennessy K, Mpelasoka F (2011) Characteristics of Australian droughts
under enhanced greenhouse conditions: Results from 14 global climate models. Journal
of arid environments 75:566-575. doi:https://doi.org/10.1016/j.jaridenv.2010.12.012

Lakshmi V (2016) Remote Sensing of Hydrological Extremes. Springer,

Li F, Li H, Lu W, Zhang G, Kim J-C (2019) Meteorological Drought Monitoring in
Northeastern China Using Multiple Indices. Water 11:72

Meza | et al. (2020) Global-scale drought risk assessment for agricultural systems. Nat Hazards
Earth Sys 20. doi:https://doi.org/10.5194/nhess-20-695-2020

Mohsenipour M, Shahid S, Chung E-s, Wang X-j (2018) Changing pattern of droughts during
cropping seasons of Bangladesh. Water Resour Manag 32:1555-1568

Mojaddadi H, Pradhan B, Nampak H, Ahmad N, Ghazali AHb (2017) Ensemble machine-
learning-based geospatial approach for flood risk assessment using multi-sensor
remote-sensing data and GIS. Geomat Nat Haz Risk:1-23.
doi:https://doi.org/10.1080/19475705.2017.1294113

Mpelasoka F, Hennessy K, Jones R, Bates B (2008) Comparison of suitable drought indices
for climate change impacts assessment over Australia towards resource management.
International Journal of Climatology: A Journal of the Royal Meteorological Society
28:1283-1292. doi:https://doi.org/10.1002/joc.1649

Mullick MRA, Tanim A, Islam SS (2019) Coastal vulnerability analysis of Bangladesh coast
using fuzzy logic based geospatial techniques. Ocean Coast Manage 174:154-169.
doi:https://doi.org/10.1016/j.0ocecoaman.2019.03.010

Nabaei S, Sharafati A, Yaseen ZM, Shahid S (2019) Copula based assessment of
meteorological drought characteristics: regional investigation of Iran. Agricultural and
Forest Meteorology 276:107611. doi:https://doi.org/10.1016/j.agrformet.2019.06.010

31


https://doi.org/10.1016/j.apgeog.2018.07.004
https://doi.org/10.1016/j.scitotenv.2019.135957
https://doi.org/10.1016/j.scitotenv.2019.07.132
https://doi.org/10.1016/j.agrformet.2019.01.008
https://doi.org/10.1016/j.jher.2013.07.003
https://doi.org/10.1016/j.jaridenv.2010.12.012
https://doi.org/10.5194/nhess-20-695-2020
https://doi.org/10.1080/19475705.2017.1294113
https://doi.org/10.1002/joc.1649
https://doi.org/10.1016/j.ocecoaman.2019.03.010
https://doi.org/10.1016/j.agrformet.2019.06.010

699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747

Nasrollahi M, Khosravi H, Moghaddamnia A, Malekian A, Shahid S (2018) Assessment of
drought risk index using drought hazard and vulnerability indices. Arabian Journal of
Geosciences 11:606. doi:https://doi.org/10.1007/s12517-018-3971-y

Palchaudhuri M, Biswas S (2016) Application of AHP with GIS in drought risk assessment for
Puruliya district, India. Nat Hazards 84:1905-1920.
doi:https://doi.org/10.1007/s11069-016-2526-3

Pandey S, Pandey A, Nathawat M, Kumar M, Mahanti N (2012) Drought hazard assessment
using geoinformatics over parts of Chotanagpur plateau region, Jharkhand, India. Nat
Hazards 63:279-303. doi:https://doi.org/10.1007/s11069-012-0093-9

Pei W, Fu Q, Liu D, Li T-x, Cheng K, Cui S (2018) Spatiotemporal analysis of the agricultural
drought risk in Heilongjiang Province, China. Theoretical and applied climatology

133:151-164
Pei W, Fu Q, Liu D, Li T, Cheng K, Cui S (2019) A Novel Method for Agricultural Drought
Risk Assessment. Water Resour Manag 33:2033-2047.

doi:https://doi.org/10.1007/s11269-019-02225-8

Pradhan B (2011) Use of GIS-based fuzzy logic relations and its cross application to produce
landslide susceptibility maps in three test areas in Malaysia. Environmental Earth
Sciences 63:329-349

Rahman MR, Lateh H (2016) Meteorological drought in Bangladesh: assessing, analysing and
hazard mapping using SPI, GIS and monthly rainfall data. Environmental Earth
Sciences 75:1-20. doi:https://doi.org/10.1007/s12665-016-5829-5

Rahmat SN, Jayasuriya N, Bhuiyan M (2015) Assessing droughts using meteorological
drought indices in Victoria, Australia. Hydrology Research 46:463-476

Rahmati O et al. (2019) Machine learning approaches for spatial modeling of agricultural
droughts in south-east region of Queensland Australia. Science of The Total
Environment:134230

Rashid AKMM (2013) Understanding Vulnerability and Risks. In: Shaw R, Mallick F, Islam
A (eds) Disaster Risk Reduction Approaches in Bangladesh. Disaster Risk Reduction.
Springer Japan, pp 23-43. doi:10.1007/978-4-431-54252-0 2

Rezaei EE, Webber H, Gaiser T, Naab J, Ewert F (2015) Heat stress in cereals: mechanisms
and modelling. European Journal of Agronomy 64:98-113.
doi:https://doi.org/10.1016/j.eja.2014.10.003

Sahana M, Patel PP (2019) A comparison of frequency ratio and fuzzy logic models for flood
susceptibility assessment of the lower Kosi River Basin in India. Environmental Earth
Sciences 78:289. doi:https://doi.org/10.1007/s12665-019-8285-1

Shahid S, Behrawan H (2008) Drought risk assessment in the western part of Bangladesh. Nat
Hazards 46:391-413. doi:10.1007/s11069-007-9191-5

Sharafati A, Nabaei S, Shahid S (2019) Spatial assessment of meteorological drought features
over different climate regions in Iran. Int J Climatol.
doi:https://doi.org/10.1002/joc.6307

Stone RC, Potgieter A (2008) Drought risks and vulnerability in rainfed agriculture: example
of a case study in Australia. Options Mediterraneennes:29-40

Thomas T, Jaiswal R, Galkate R, Nayak P, Ghosh N (2016) Drought indicators-based
integrated assessment of drought vulnerability: a case study of Bundelkhand droughts
in central India. Nat Hazards 81:1627-1652. doi:https://doi.org/10.1007/s11069-016-
2149-8

Tian F, Wu J, Liu L, Leng S, Yang J, Zhao W, Shen Q (2020) Exceptional Drought across
Southeastern Australia Caused by Extreme Lack of Precipitation and Its Impacts on
NDVI and SIF in 2018. Remote Sensing 12:54

32


https://doi.org/10.1007/s12517-018-3971-y
https://doi.org/10.1007/s11069-016-2526-3
https://doi.org/10.1007/s11069-012-0093-9
https://doi.org/10.1007/s11269-019-02225-8
https://doi.org/10.1007/s12665-016-5829-5
https://doi.org/10.1016/j.eja.2014.10.003
https://doi.org/10.1007/s12665-019-8285-1
https://doi.org/10.1002/joc.6307
https://doi.org/10.1007/s11069-016-2149-8
https://doi.org/10.1007/s11069-016-2149-8

748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774

775

Verdon D, Franks S (2007) Long-term drought risk assessment in the Lachlan River Valley—-A
paleoclimate perspective. Australasian Journal of Water Resources 11:145-152
Wanders N, Wada Y (2015) Human and climate impacts on the 21st century hydrological
drought. Journal of Hydrology 526:208-220.
doi:https://doi.org/10.1016/j.jhydrol.2014.10.047

Wang Y, Yang J, Chang J, Zhang R (2019) Assessing the drought mitigation ability of the
reservoir in the downstream of the Yellow River. Science of The Total Environment
646:1327-1335. doi:https://doi.org/10.1016/].scitotenv.2018.07.316

Wijitkosum S, Sriburi T (2019) Fuzzy AHP Integrated with GIS Analyses for Drought Risk
Assessment: A Case Study from Upper Phetchaburi River Basin, Thailand. Water
11:939. doi:https://doi.org/10.3390/w11050939

Wu D, Yan D-H, Yang G-Y, Wang X-G, Xiao W-H, Zhang H-T (2013) Assessment on
agricultural drought vulnerability in the Yellow River basin based on a fuzzy clustering
iterative model. Nat Hazards 67:919-936. doi:https://doi.org/10.1007/s11069-013-
0617-y

Zeng Z, Wu W, Li Z, Zhou Y, Guo Y, Huang H (2019) Agricultural Drought Risk Assessment
in Southwest China. Water 11:1064. doi:https://doi.org/10.3390/w11051064

Zhang D, Wang G, Zhou H (2011a) Assessment on agricultural drought risk based on variable
fuzzy sets model. Chinese Geographical Science 21:167

Zhang L, Song W, Song W (2020) Assessment of Agricultural Drought Risk in the Lancang-
Mekong Region, South East Asia. International Journal of Environmental Research and
Public Health 17:6153. doi:https://doi.org/10.3390/ijerph17176153

Zhang Q, Sun P, Li J, Xiao M, Singh VP (2015) Assessment of drought vulnerability of the
Tarim River basin, Xinjiang, China. Theoretical and applied climatology 121:337-347.
doi:https://doi.org/10.1007/s00704-014-1234-8

Zhang W, Meng Q, Ma M, Zhang Y (2011b) Lightning casualties and damages in China from
1997 to 2009. Nat Hazards 57:465-476. doi:10.1007/s11069-010-9628-0

33


https://doi.org/10.1016/j.jhydrol.2014.10.047
https://doi.org/10.1016/j.scitotenv.2018.07.316
https://doi.org/10.3390/w11050939
https://doi.org/10.1007/s11069-013-0617-y
https://doi.org/10.1007/s11069-013-0617-y
https://doi.org/10.3390/w11051064
https://doi.org/10.3390/ijerph17176153
https://doi.org/10.1007/s00704-014-1234-8

Credit Author Statement

CRediT authorship contribution statement

Muhammad Al-Amin Hoque: Conceptualization, Methodology, Modelling, Writing
original draft, VValidation.

Biswajeet Pradhan: Visualization, Review & Editing, Supervision, Funding.
Naser Ahmed: Methodology, Modelling, Writing original draft.

Md. Shawkat Islam Sohel: Review & Editing



*Declaration of Interest Statement

Declaration of interests

The authors declare that they have no known competing financial interests or personal relationships
that could have appeared to influence the work reported in this paper.

CThe authors declare the following financial interests/personal relationships which may be considered
as potential competing interests:




