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Abstract
We quantify the projected impacts of alternative levels of global warming upon the prob-
ability and length of severe drought in six countries (China, Brazil, Egypt, Ethiopia, Ghana 
and India). This includes an examination of different land cover classes, and a calculation of 
the proportion of population in 2100 (SSP2) at exposed to severe drought lasting longer than 
one year. Current pledges for climate change mitigation, which are projected to still result in 
global warming levels of 3 °C or more, would impact all of the countries in this study. For 
example, with 3 °C warming, more than 50% of the agricultural area in each country is pro-
jected to be exposed to severe droughts of longer than one year in a 30-year period. Using 
standard population projections, it is estimated that 80%-100% of the population in Brazil, 
China, Egypt, Ethiopia and Ghana (and nearly 50% of the population of India) are projected 
to be exposed to a severe drought lasting one year or longer in a 30-year period. In contrast, 
we find that meeting the long-term temperature goal of the Paris Agreement, that is limiting 
warming to 1.5 °C above pre-industrial levels, is projected to greatly benefit all of the coun-
tries in this study, greatly reducing exposure to severe drought for large percentages of the 
population and in all major land cover classes, with Egypt potentially benefiting the most.
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1 Introduction

In this paper the level of risk that climate change poses to six countries (Brazil, China, 
Egypt, Ethiopia, Ghana and India) in terms of changes in meteorological drought is pro-
jected, using a variety of metrics quantifying the duration, frequency and severity of the 
projected drought for global warming levels of between 1.5 and 4 °C. A spatially explicit 
analysis is conducted at a scale of 0.5° latitude by 0.5° longitude (approx. 50 km by 50 km) 
after which the drought metrics are spatially averaged over each country as a whole. 
Finally, the exposure of agricultural land, natural land, permanent snow and ice (where rel-
evant), and total numbers of people to the increased drought, as compared with an obser-
vational time period (1961–1990), is explored, using a standard projection of population 
(Shared Socioeconomic Pathway 2 (Jones and O’Neill 2016) to assess the human popula-
tion exposure).

Drought can have major impacts on biodiversity, agricultural yields, water storage 
(including snow and ice) and flows, people and economies. For example, droughts in 
Europe have had an estimated annual economic impact of €5.3 billion since 1991 (in Feyen 
and Dankers 2009). There are many different metrics used for drought and the choice of 
metric depends on the questions asked and underlying data availability. An important dis-
tinction is between meteorological drought, which is dependent only upon in situ climatol-
ogy and land use, and hydrological drought, which is also affected by runoff from upstream 
locations. Runoff and water scarcity are assessed in the sister paper in this Special Issue 
(He et al 2022), while this paper is restricted to the assessment of meteorological drought. 
The projected drought reported here is strictly related to in  situ conditions and does not 
capture the indirect effects of drought occurring in other parts of the country, which might 
affect runoff, crop yields and local supply chains. The sister paper in this Special Issue 
(Wang et  al 2021) addresses indirect effects of climate change induced changes in crop 
yields and thus reflects one potential mechanism for effects at larger scales.

While there are similarities (and, often, strong correlations) in the different metrics of 
meteorological drought (hereafter referred to as ‘drought’), there can be significant differ-
ences as well, especially when projecting drought conditions under global warming con-
ditions. For example, some drought metrics (e.g. Standardized Precipitation Index, SPI) 
are based solely on precipitation (P), some incorporate a measure of evaporative demand 
(dependent especially on temperature; e.g. Standardized Precipitation-Evapotranspiration 
Index, SPEI), and some take into account soil moisture (e.g. Palmer Drought Severity 
Index, PDSI). As SPI only utilizes precipitation, any area with increasing precipitation 
would show reduced levels of drought, even though temperature, and thus evaporation, 
also increases. Thus, SPI is not a very effective measure of drought under global warming. 
Similarly, the use of consecutive dry days (CDD) can give misleading results, as it does not 
take into account any increase in temperature-driven evaporation and long droughts. We 
therefore chose to use SPEI (Vicente-Serrano et al. 2010) to quantify long-term drought 
conditions in this study for these reasons.

Drought can occur over different time scales, ranging from a single month to years. 
Here we used SPEI over a 12-month timescale. That is, a drought of magnitude x (in this 
study, -1.5 (approximating 1.5 standard deviations, or worse)) based on the moisture deficit 
(P-PET, where P is the precipitation and PET the potential evapotranspiration) averaged 
over 12  months. This level of drought has been found to have impacts on both agricul-
ture and groundwater supplies versus using drought lengths of shorter periods (Zhao et al. 
2017). Using SPEI-12 helps avoid potentially misleading seasonally dependent results, 
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particularly in areas with clear wet and dry seasons. SPEI-12 is calculated as a moving 
average, so an SPEI-12 drought in a given month means that the average conditions in the 
current plus previous 11 months average to indicate drought conditions of this magnitude. 
While not every month may have been in drought (indeed, some could have excess mois-
ture), the overall average equates to drought. Thus, when consecutive months of SPEI-12 
drought are assessed, the overall length of drought is longer than the number of months 
indicated, as they are the consecutive months from the time the SPEI-12 drought has 
begun. Thus, 12 consecutive months of an SPEI-12 severe drought equates to a dry spell 
that might span 1–2 years when taking into account the development of the drought.

This study examined projected drought risk in China, Brazil, Egypt, Ethiopia, Ghana 
and India. These six countries provide a range of contrasting sizes and different levels of 
development on three continents spanning tropical and temperate biomes, and forest, grass-
land and desert habitats. There are many studies examining observed droughts in these 
countries using a range of drought indices. Pathak and Dodamani (2019) compared mul-
tiple meteorological drought indices for one river basin in India and found SPEI identified 
the highest number of drought events. SPI has also been widely used, including studies in 
Ghana (Volta River Basin, Kasei et al., 2010); India (Naresh Kumar et al. 2011); Eastern 
Nile Basin (Elkollaly et al. 2018); and China (Du et al. 2013). A crop drought vulnerability 
index developed for Ghana found the north of the country to be the most vulnerable, which 
is also the more arid region (Antwi-Agyei et al. 2012). An index quantifying the impacts of 
drought intensity on grain production in China from 1990–2011 showed that 25–30 million 
ha of cropping land were at risk of drought each year (Qin et al. 2014).

Table 1 summarises earlier work on drought projection in four of the countries studied. 
Some of the earlier work uses drought indices such as CDD or SPI that can produce mis-
leading results. For example, use of SPI results in projections of reduced drought frequency 
across India as this indicator does not account for increases in evaporative demand (linked 
to rising temperature) in tandem with precipitation increases. We were unable to identify 
studies projecting future drought risk at the country level for Ethiopia or Egypt.

Thus, this paper builds and expands on previous work by: a) doing consistent analyses 
on six countries, including two previously under-studied, using SPEI, a more appropriate 
drought metric than the SPI or CDD metrics used in some of the earlier studies; b) looking 
at a consistent range of policy-relevant levels of global warming; c) examining the differ-
ential drought impacts in agricultural, natural, urban areas and areas with permanent snow 
and ice; d) examining percentages of people potentially at risk of being exposed to a severe 
drought averaging longer than a year; and e) examining the percent land area in different 
land cover classes exposed to a severe drought averaging longer than a year.

2  Data and methods

2.1  Climate data

Meteorological input data for the future were derived for eight global warming scenarios 
in which global average temperatures rise by < 1.5, 1.5, < 2, 2, 2.5, 3, 3.5 and 4 °C above 
pre-industrial levels. The two scenarios, < 1.5  °C and < 2  °C follow emissions pathways 
determined by the IMAGE model (Stehfest et  al. 2014) to give a 66% chance of stay-
ing below 1.5  °C and 2  °C and then the median warming for each pathway is selected 
(which give global temperature rises of 1.43 °C and 1.76 °C, respectively). All remaining 
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scenarios assume warming of exactly their respective temperature. Because no GCM has 
been run for this range of specific warming levels, we scaled the GCM-simulated patterns 
of climate change to match these specific warming levels using the ClimGen pattern-scal-
ing technique (Osborn et al. 2016). By doing so, we assume a linear relationship between 
changes of a climate variable within a single grid cell and the change in global-mean 
surface temperature. To capture uncertainty in climate projections, we used scaling fac-
tors diagnosed from a total of 23 CMIP5 GCMs, a common strategy (see James et  al. 
2017; Tebaldi and Arblaster 2014; and Osborn et al. 2018 for application, strengths and 
limitations).

This also means that in projecting drought metrics at different levels of global warming, 
in each of the CMIP5 GCMs, a different time slice corresponds to the particular level of 
global warming such as 2 °C. This means that our exploration of regional climate projec-
tion quantifies uncertainties in the regional pattern of warming corresponding to, for exam-
ple, 2 °C global warming, and not the uncertainty in the regional pattern of global warming 
in say a particular time period in the future. Hence, these projections are essentially inde-
pendent of the decade in which they may occur.

For analysis of drought, future time series of meteorological variables (precipitation, 
mean, minimum and maximum temperature, cloud cover and vapour pressure) are needed. 
We generate 30-year monthly time series of these variables by combining observed vari-
ability from the 30-year reference period (1961–1990) with the pattern-scaled changes 
in mean climate between reference and future global warming levels (< 1.5 to 4 °C). The 
observed climate came from CRU TS 3.00 (Harris et  al. 2014). Using observed varia-
bility rather than model-simulated variability avoids problems where model variability 
is unrealistic but by default prescribes the same variability for the future climate as for 
the observed climate. The latter limitation is overcome for precipitation (the variable for 
which changes in variability are the most important when considering drought) by modi-
fying the default approach to also perturb the observed monthly precipitation variability 
according to the changes in precipitation variability simulated by the respective GCM. 
Thus, GCM projected changes in future precipitation variance and distribution skewness 
are included in the monthly series. Osborn et al. (2016; their figure 3) showed that this 
approach can emulate GCM projections of the frequency of dry months much better than 
the default approach in regions where a GCM projects a significant change in precipita-
tion variability.

PET was calculated using a version of the Penman–Monteith formulation based on 
minimum, maximum and mean surface temperature, vapour pressure, cloud cover and the 
CRU CL 2.0 wind speed climatology (Harris et  al. 2014). The climate data and derived 
drought metrics were all calculated at a spatial resolution of 0.5° latitude and longitude; 
hence, the grid cells used in our spatial analysis are approximately 50 × 50 km in size in 
most countries.

2.2  Drought metric

For this calculation, we used monthly P and PET from the data set described above. Fol-
lowing Vicente-Serrano et  al. (2010) we first derived the differences between monthly 
P and PET (P-PET), converted them into 12-month running means (D) and fitted a log-
logistic distribution to D in our observed calibration period (1961–1990). The resulting 
probability distribution function of the D series was used to estimate SPEI-12 for both 
observed and projected time-periods. Since the pattern scaling method projects the future 
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climate independently of time, the projections are valid for any future time period with the 
corresponding change in global temperature. However, once combined with a projected 
population for 2100 (SSP2), they are assigned to refer to a 30-year time slice centred on 
2100.

Several metrics were derived from the estimated SPEI to provide a more detailed pic-
ture of drought conditions based on different SPEI thresholds. First, we determined the 
probabilities of droughts of a specific category occurring in each grid cell in each month 
of the 30-year time slice, by dividing the total number of months under drought condi-
tions by the overall number of months (349, because 11 months are lost when forming 
a 12-month running mean). The results presented here are for SPEI-12 <  = -1.5 which is 
the classification of severe (or worse) droughts. The SPEI-12 threshold of -1.5, or severe 
drought, is commonly used in drought impact studies and was supported by an informal 
discussion with a small group of stakeholders. The metric includes all values less than 
-1.5 (e.g. extreme drought), but used -1.5 as the starting point. It is also an appropri-
ate threshold for the 30-year calibration period that we use: a value below -1.5 standard 
deviations will occur 6.7% of the time, i.e. typically, the 24 months with the most nega-
tive SPEI-12 values during the calibration period define what is at least a severe drought. 
A more extreme threshold (e.g. -2, -2.5, etc.) would be less well defined because such 
strongly negative values occur less frequently during the calibration period. Second, we 
looked at the total number of months in a drought category per year, the maximum num-
ber of consecutive months in a category per year and at the maximum number of con-
secutive months in a category per 30-year period. As noted above, there are a total of 349 
monthly SPEI-12 values in each period. By calculating these three additional measures, 
we were able to not only quantify changes in frequency but changes in duration of drought 
events as well.

As described in the SM, drought metrics were calculated from all 23 sets of projections 
(each set arising from the climate change patterns obtained from a different GCM, and thus 
sampling the sensitivity of our results to choice of GCM). Here, we present the median of 
these 23 values.

The drought probability and drought length were analysed at an overall country level, 
as well as within different land cover classes within each country. The land cover clas-
sification comes from the European Space Agency Climate Change Initiative Land Cover 
Database (ESA CCI; 300  m resolution) for the year 2015 to maintain consistency with 
other parts of the project (e.g. Price et  al. this volume). Resampling (ArcGIS Pro 2.4.1, 
Procedure RESAMPLE, nearest neighbour) was used to resample the original 0.5° drought 
data to match the 300 m resolution of the land cover data. These resampled rasters were 
then used to examine the potential impacts of drought on land identified as being > 50% 
agriculture, > 50% natural, urban areas (meaning areas with settlements of approximately 
1  km2 or larger, urban used to correspond to definition used in the land cover classification 
used), or permanent snow and ice. Drought metrics for each individual land cover classi-
fication can be found in the Supplementary Material, Tables SM1-12. Finally, the propor-
tion of population in each country exposed to a -1.5 SPEI-12 drought was calculated using 
both constant population (2000) and the projected population for 2100 according to Shared 
Socioeconomic Pathway 2 (Jones and O’Neill 2016). Once combined with population esti-
mates, the projections are then pinned to the year 2100. However, the full range of levels of 
global warming explored is consistent with SSP2 in 2100.
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3  Results

For each country as a whole, the overall spatially averaged probability that any given 
month of the year is in the ‘severe drought’ category based on SPEI-12 is shown in 
Table  2. Drought probability is projected to increase in all countries relative to the 
observational period (1961–1990, Sect.  2.1). In the 1.5  °C warming scenario, the 
drought probability is projected to triple in Brazil and China, nearly double in Ethiopia 
and Ghana, increase slightly in India, and substantially increase in Egypt. Like most 
standardised metrics, SPEI can show apparently large changes in areas with already 
low precipitation and low interannual precipitation variability, as even small changes in 
precipitation may appear large relative to the standard deviation during the calibration 
period. Nevertheless, the increased probability of drought in, e.g. Egypt, is an indica-
tion both of the increase in evaporation and the increase in temperature. Under these 
conditions, drought may become more probable even where precipitation increases if 
the increase in PET is larger, while even minor decreases in precipitation could show 
as large increases in drought risk when combined with higher PET and when standard-
ised against low present-day variability. This is especially important, as can be seen in 
later figures, in areas dependent on rainfed agriculture, settlements away from rivers, 
and many natural areas.

In a 2 °C warming scenario, the probability of drought is projected to quadruple in 
Brazil and China; double in Ethiopia and Ghana; reach greater than 90% probability in 
Egypt; and nearly double in India (Fig. 1). In a 3 °C warming scenario, the probability 
of drought projected to be in Brazil and China is 30%-40%; 20%-23% in Ethiopia and 
Ghana; 14% in India but nearly 100% in Egypt. Finally, in a 4  °C warming scenario, 
the probability of drought projected in Brazil and China is nearly 50%; 27%-30% in 
Ethiopia and Ghana; nearly 20% in India and 100% in Egypt. In most countries, the pro-
jected increase in drought probability increases approximately linearly with increasing 
temperature with the exception of Egypt, where even slight amounts of global warming 
potentially lead to large increases in drought probability (Fig. 1). There seems to be a 
slight jump in probability increase between the 2 °C and 2.5 °C warming scenarios in 
the other countries.

Table 2  The probability (%) that any given month will be classified as having a severe (or worse) drought 
(SPEI-12 < -1.5) at an individual grid cell, then averaged over all grid cells in each of the six countries 
examined in this study. Median of 23 GCM patterns

Country Baseline < 1.5 1.5 °C < 2 2.0 °C 2.5 °C 3.0 °C 3.5 °C 4.0 °C

Brazil 6 19 21 24 28 34 40 44 48
China 6 17 19 21 25 31 36 41 45
Egypt 6 70 77 85 91 97 99 99 100
Ethiopia 6 10 11 12 14 17 20 24 27
Ghana 7 11 12 14 16 20 23 27 30
India 6 8 9 9 10 12 14 16 19
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The maximum number of consecutive months of severe drought in any given thirty-year 
period averaged over the entire country can be found in Table 3 and Fig. 2. This is an indica-
tion of the potential level of exposure and risk for systems that are impacted by long dura-
tion dry spells, such as the agricultural sector or human settlements largely dependent on 
rainfall. Table 4 and Fig. 3 shows the corresponding numbers of people exposed to drought.

Any amount of warming is projected to substantially increase the number of consecu-
tive months of severe drought. Thus, in Brazil, China, Ethiopia, and Ghana droughts of 

Fig. 1  Average monthly probability of an SPEI-12 meteorological drought of magnitude -1.5 in broad habi-
tat categories (from ESA CCI, 2015) in a) Brazil  b) China c) Egypt d) Ethiopia e) Ghana f) India. See SM 
Tables 1–6 for information broken down by finer land cover classification. Median based on 23 GCM patterns

Table 3  Maximum number of consecutive months of a SPEI-12 < -1.5 intensity drought (classed as 
“severe”) per each 30-year period at each grid cell, averaged over all grid cells in each of the six countries 
in the study. Median of results from 23 GCM patterns

Country Baseline < 1.5 1.5 °C < 2 2.0 °C 2.5 °C 3.0 °C 3.5 °C 4.0 °C

Brazil 10.2 20.4 22.2 26.0 21.0 41.1 52.0 63.3 74.7
China 9.5 14.8 15.8 18.1 21.8 30.5 40.9 51.8 62.6
Egypt 9.5 87.0 108.3 150.0 197.3 265.4 309.1 330.4 339.0
Ethiopia 10.2 12.6 13.1 14.1 15.3 18.9 22.7 26.9 31.5
Ghana 12.0 15.4 16.0 16.9 18.3 20.9 24.8 29.2 33.8
India 10.9 11.2 11.4 11.7 12.3 13.6 15.3 17.3 19.3



Climatic Change          (2022) 174:12  

1 3

Page 9 of 16    12 

longer than two years are projected to occur even in a 1.5 °C warming scenario. India nears 
this mark and in Egypt severe drought begins to become the new norm. In a 2 °C warm-
ing scenario, the length of droughts projected in all countries except India exceed three 
years. In a 3 °C warming scenario, droughts are projected to approach 4–5 years in length 
and in a 4 °C warming scenario, severe droughts of longer than five years are projected for 
Brazil and China, with severe drought the new baseline condition (sometimes referred to 

Fig. 2  Average maximum consecutive months of an SPEI-12 drought of magnitude -1.5 by broad habitat 
categories in a) Brazil  b) China c) Egypt d) Ethiopia e) Ghana f) India. See SM Tables 7–12 for informa-
tion broken down by finer land cover classification. Median based on 23 GCM patterns

Table 4  Additional people projected to be exposed to drought in 2100 due to climate change and socioeco-
nomic change (compared to 1961–1990) expressed as a percentage of the population in 2100 (SSP2). Based 
on the median of the results from 23 GCMs

Country < 1.5 1.5 °C < 2 2.0 °C 2.5 °C 3.0 °C 3.5 °C 4.0 °C

Brazil 7.4 8.6 10.6 13.2 17.6 21.7 25.4 28.7
China 0.6 1.4 2.7 4.4 7.8 11.3 14.9 18.5
Egypt 67 73.9 81.4 87.4 92.5 94.6 95.6 96
Ethiopia 7.3 7.9 9.0 10.4 13.1 15.8 18.5 21
Ghana 8.0 9.5 10.1 12.1 15.5 19.5 23.0 26.2
India 3.2 3.6 4.1 5.0 6.6 8.3 10.1 11.8
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as ‘normal’ condition) in Egypt. As with the probability calculations shown in Fig. 1, the 
increase in consecutive months of drought per 30-year period shown in Fig. 2  increases 
largely linearly with temperature. Significantly, it is worth noting that these values are aver-
aged over the entire country. Thus, large countries containing many climatic zones would 
be expected to have lower overall averages, and zones with the strongest drying trends 
within the country may have much longer droughts than indicated by country-level average 
(Tables 2 and 3).

One way of dealing with the differences in geographic size is to examine drought by 
different geographic units. Fig. 1 shows the average monthly probability of severe drought 
by broad land cover categories. These categories include agriculture (agriculture greater 
than 50% of a 300 m pixel), natural land (greater than 50% natural), urban and areas of per-
manent snow and ice. A more refined breakdown of drought probability in individual land 
cover classes can be found in Supplemental Material Tables SM1-6.

In Brazil, there are large differences in drought probability between natural and agricul-
tural areas (with high probabilities) and urban areas. This represents the history of areas 
where settlement was more likely to occur in places with less variable climate. In higher 
warming scenarios, this difference in probability of drought approaches 20%. Natural and 
agricultural areas have similar drought probabilities projected for all temperatures with 

Fig. 3  Percent of population in 2100 (SSP2) projected to be exposed to a drought of at least 12 consecutive 
months in a 30-year period (SPEI-12, -1.5) in a) Brazil  b) China c) Egypt d) Ethiopia e) Ghana f) India. 
Median based on 23 GCM patterns
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natural areas having slightly higher probabilities. In a 2 °C warming scenario, the drought 
probability projections in natural and agricultural areas approaches 30%, a value not 
reached in urban areas until the 3.5 °C warming scenario. In the 4 °C warming scenario, 
the drought probability projected in agricultural and natural areas approaches 50%. The 
increase in projected drought probabilities is generally linear with temperature (Fig. 1).

China shows similar patterns, with urban areas projected to have reduced probabilities 
of drought relative to natural and agricultural areas. Unlike Brazil, however, natural areas 
have a higher probability of drought than agricultural areas. One potential consequence of 
this is that, with increasing warming, shifting agriculture into areas currently identified as 
natural comes with a higher risk of potential drought.

Overall, the situation projected for Egypt is similar. As might be expected for an arid 
region, SPEI shows a rapid increase in projected probabilities of drought across all land 
cover types. Agricultural areas are projected to have slightly lower probabilities of drought 
until approximately the 2 °C warming scenario. Unlike Brazil and China, urban areas are 
projected to have a greater exposure to drought than agricultural areas. Drought probabili-
ties are projected to be greater than 90% under the 2 °C warming scenario.

Similar to Egypt, urban areas in Ethiopia are projected to have a slightly higher drought 
probability than natural and agricultural areas, and agricultural areas a slightly lower prob-
ability than natural. Overall, however, drought probabilities in Ethiopia across the three 
land cover types are projected to remain low even with higher degrees of warming.

For agricultural, natural and urban areas, Ghana and India are projected to show similar 
patterns to Ethiopia. In Ghana, urban and agricultural areas are projected to have slightly lower 
probabilities of drought than natural areas, with urban areas having the lowest probabilities. As 
with China, this suggests that it might be difficult for agriculture to be shifted into natural areas 
without increased drought risk. Like China, India also shows a substantially higher probability 
of severe drought projected for areas with permanent snow and ice. This could potentially have 
the same negative impacts on long-term water storage in the Himalayas.

The overall patterns for the maximum consecutive months of severe drought (Fig.  2) 
are similar to those described above for Fig.  1. The models project that severe drought 
could potentially become the new norm for Egypt across all land cover types. Taking into 
account the time lag for SPEI-12, the maximum duration of drought in areas of permanent 
snow and ice is approximately three years in the 2 °C warming scenario in both China and 
India. In the 4 °C warming scenario, in China, nearly five-year duration droughts and four-
your duration droughts in India are projected. Greater detail of the maximum consecutive 
months of severe drought in specific land cover types can be found in SM Tables 7–12.

The overall percentage of population in each country in 2100 (SSP2) exposed to severe 
drought, is shown in Fig.  3. These figures are for severe droughts lasting 12  months or 
longer in a 30-year period. In all cases, almost the entire population in each of the countries 
studied is projected to be exposed to severe droughts of this length, in a 30-year period, 
by the 4  °C warming scenario. Brazil and Egypt show rapid increases in the percentage 
population projected to be exposed to severe drought even in the 1.5 °C warming scenario. 
The population projected to be exposed in China increases steadily between the 1.5° and 
2.5 °C warming scenarios, before it begins to plateau at greater than 90%. The percentage 
of population projected to be exposed in Ethiopia begins to increase in the 1.5 °C warm-
ing scenario and increases steadily to near 100% in the 4 °C warming scenario. In Ghana, 
the population projected to be exposed to severe drought of longer than one year is 100% 
by the 2.5 °C warming scenario. In India, the population projected to be exposed to severe 
drought does not significantly start to increase until after the temperatures reached in the 
2 °C warming scenario. Note that even where the results in Fig. 3 plateau, they should not 
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be interpreted as indicating that the impacts do not become worse for higher warming lev-
els. Instead they are likely to continue to worsen (e.g. Table 2), but in ways not captured by 
this metric.

The percentage of land in each of the broad land cover categories of Fig. 2 projected to be 
exposed to a severe drought of longer than 12 months in a 30-year period is given in Fig. 4. 
Overall, the percentage is projected to increase rapidly by the 1.5 °C warming scenario in Bra-
zil, China and Egypt, and in areas of permanent snow and ice in India. Not only does the area 
exposed to drought increase with global warming, but it also increases non-linearly: there is 
clearly an inflection point above which the rate of increase of area accelerates markedly. This 
is projected to be the 2 °C warming scenario in Ethiopia, Ghana and for other habitat types in 
India. In Brazil and China, the percent of urban areas projected to be exposed to drought is 
substantially lower than other land cover types. Nevertheless, in the 1.5 °C warming scenario, 
greater than 50% of agricultural areas are projected to be exposed to severe droughts of a year 
or longer in Brazil, China, and Egypt. This is projected to occur at approximately the 2 °C 
warming scenario in Ethiopia, and closer to 3 °C in Ghana and India. In China, the potential 
projected impacts of drought on areas with permanent snow and ice is significant. These areas 
form the headwaters of many major river systems, and thus the water for millions of people 
downstream. Increasing probability and duration (Fig. 4b) of severe drought projects potential 
declines in water storage in the Chinese Himalayas in the form of snow and ice.

Fig. 4  Percent of area of a given land cover type projected to experience an SPEI-12 drought of greater than 
12 months in any 30-year period in a) Brazil  b) China c) Egypt d) Ethiopia e) Ghana f) India. Median of 
results from 23 GCMs
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4  Discussion and conclusions

Drought, as indicated by SPEI12, is projected to increase greatly in all six countries studied 
as global temperatures rise, with large increases in the projected numbers of people and 
areal extent of agricultural land exposed to drought. For example, in the 3 °C warming sce-
nario, more than 80% of the agricultural area in Brazil, China, Egypt and Ethiopia in any 
30-year period are projected to be exposed to droughts of longer than one year. For Egypt 
and Ethiopia the corresponding figure is more than 50% in any 30-year period.

The SSP2 population scenario used here, describes a ‘middle-of-the-road’ development 
for all key drivers, including population, macro-economic and technology assumptions. In 
particular, the global population increases from 7.2 billion in 2015 to 9.2 billion by 2100 
and global GDP from 81.1 trillion US$2005 in 2015 to 537 trillion by 2100.

Since the SSP2 is a middle of the road population projection, should population increases 
be larger, as in SSP reaching 12 billion by 2100, population exposure to drought might be 
underestimated. However, if populations are lower, 6 billion in 2100 and declining as in 
SSP1 they could be overestimated. It should be noted that the SSP2 scenario is considered 
consistent with a wide range of year 2100 radiative forcing levels from 1.9 to 7 W/m2 when 
combined with various climate change mitigation scenarios (O’Neill et  al. 2020) accord-
ingly resulting in global warming levels in 2100 from approximately 1.5 to 4 °C.

Meeting the long-term temperature goal of the Paris Agreement could benefit all of the 
countries in this study with Egypt potentially benefiting the most. However, the current 
pledges with the potential of reaching warming levels of 3  °C or more could impact all 
of the countries in this study. This indicates that all six of the countries will need to deal 
with water stress in the agricultural sector—potentially through shifting crop varieties or 
through irrigation, if water is available. The amount of adaptation required increases rap-
idly with global warming.

These findings are consistent with IPCC (Seneviratne et  al. 2021) which projects 
increases in the exposure of terrestrial land to hydrological and ecological drought in N, SE 
and SW Africa, W Central and S Asia, and NE South America. IPCC (Seneviratne et al. 
2021) global projections also include projections of increased drought in the Mediterra-
nean, Australasia and Western N America, while there are smaller projections of increases 
in meteorological drought. While global precipitation levels also increase with warming, 
regionally there are marked contrasts in the projected trends, and when combined with 
the projected increase in the amount of precipitation falling in heavy precipitation events 
(Seneviratne et al. 2021), simultaneous increases in both floods and droughts may occur.

The increases in drought projected in this study show only partial agreement with the 
mean aridification identified by Park et al. (2018). The latter study found that aridification 
(that is, increases in aridity with a signal to noise ratio lower than -0.5) emerged from natu-
ral variability by 1.5C of warming in parts of Brazil and southern China, and by 2 °C in 
parts of Ghana and coastal Egypt, but no aridification in Ethiopia or India. This difference 
may be because Park et al. (2018) considered mean aridity (defined as the ratio of P to PET 
rather than the P minus PET difference used here in SPEI) and did not use a metric stand-
ardised against observed variability, in contrast to this study.

India and China both have large areas currently under ‘permanent’ ice and snow cover. 
However, in the 3 °C warming scenario, 90% of these areas are projected to face severe 
droughts lasting longer than a year in a 30-year period. Other natural areas are projected 
to be similarly impacted. Brazil, China, Egypt and Ethiopia are all projected to have 80%-
100% of land classified as natural as being under severe droughts lasting longer than one 
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year; 60%-80% in Ghana and India. Adaptation options are largely impractical in the natu-
ral land sector, and while water supplies may be able to be created/maintained, increased 
fire risk, disease risk and mortality could all increase.

Urban areas fare only slightly better and generally show the same pattern as above. 
Areas along rivers/streams or with reservoirs may fare better (see water stress metrics, 
He et al 2022) depending on competition for water resources and headwater sources (e.g. 
Egypt, as the Nile originates in tropical countries less impacted by drought). However, 
urban areas more dependent on seasonal water replenishment could be harder hit. While 
this is true for small settlements dependent on replenishment of local water storage tanks 
and reservoirs, it can extend to larger cities (e.g. Las Vegas, Los Angeles, San Francisco 
and other western US cities dependent on reservoirs for water storage).

Thus, meeting the Paris Accords could have major benefits in terms of reducing severe 
drought risk in these six countries, in all major land cover classes and for large percentages 
of the population.
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