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Motivation

e Whatisadrought?
Water deficit over a prolonged period of time.

e How dowe measure droughts? Drought index such as the Standardized Precipitation Index (SPI) is commonly
used and recommended by the World Meteorological Organization (WMO).

Threatens food security Threatens water supply Linked to biodiversity loss,
wildfires




Types of Droughts and Their Impacts

Meteorological Drought

Agricultural Drought

Hydrological Drought

Precipitation Deficit Soil Moisture Deficit Ground-Water Deficit
Affects the land surface Affects the soil environment = Affects the different layers
Reduced production biomass of the soil
and crop yield - Reduced water level
Vegetation Stress streamflow, ground water

levels, reservoirs, wetlands

Short Term Dryness Intermediate-Dryness Long Term Dryness

 J

Duration of Drought




Physical Drivers of Drought

Energy Input
Evaporation
Precipitation

The Energy and Water Budget:

Net of radiative and sensible heat fluxes and horizontal
heat transport provide energy for evaporation.

e Soil moisture is governed by the net interaction of
runoff, evaporation and precipitation.

e The underground water levels are affected by the

water budget at the surface.

i Groundwater

Soil moisture is strongly constrained by the
land energy balance and land moisture
budget.

Precipitationis in turn linked to the
vertically integrated atmospheric moisture
budget in steady state.

Relevant variables implied:
Consideration 1 - Atmospheric Moisture
Budget: Winds, moisture, precipitation,
evapotranspiration, surface pressure

Consideration 2 - Land Energy Balance:
Groundwater storage, runoff, precipitation,
evapotranspiration

Consideration 3 - Land Moisture Budget:
Precipitation, evaporation, groundwater
storage, runoff




Pipeline for Drought Forecasting

Creation of a
Global Dataset

Input Features:

26 Meteorological and
Land from ERA5,
Location, Time,
Oceanic Indices from
NOAA

Target Feature:

SPI Computed from
Precipitation from
WFDES5

Temporal:
1982 to 2018, monthly

Spatial:
Global, 0.5 x 0.5 degree

Informed by
Physics
Considerations

Consideration 1:
Vertically integrated
atmospheric moisture
budget

Consideration 2:
Land moisture budget

Consideration 3:
Land energy balance

Data Processing

and Temporal Splits:

Calculation:
Standardised
Precipitation Index (SPI)

Severity of drought

SPI range [-2, +2] where
[-1.5,-1] = moderate
[-2,-.1.5] = severe

Data Split:
1982-2010: Train
2010-2014: Validation
2014-2018: Test

DeepXD Model:
Forecasting SPI

Model:
Temporal Fusion
Transformer to
forecast SPI

Lead time:
1,3,6,9,12 and 24
months

Baseline:
Random Forest

Proposed Comparison:

Wavelet-ANN,
LSTM,
Conv LSTM

Model Evaluation:
Regression Task

Evaluation:
Between observed and
predicted SPI

Metrics:

MSE: Mean Squared
Error

MAE: Mean Absolute
Error

NSE: Nash-Sutcliffe
coefficient of efficiency

Diagrams:
Scatterplot: Correlations

between them

XAl: Shapley value

Identify Severity,
Type of Drought

Total duration of
drought

The number of months
SPlisin the range [-1,-2]

Classify drought
Based on duration:

1-3 months::
Meteorological Drought
3-6 months:
Agricultural Drought
9-24 months:
Hydrological Drought




Pathway to Socio-Economic Impact

Stakeholders: Reducing the Drought Reducing the Drought Adaptive Resource
Farmers, Supply chain Impact on the Impact on People: Allocation and
industry, Politicians, Economy- 9 Billion 13 million estimated Policymaking: Identify
Supermarkets, Water USD per drought (US affected by a drought the short term and long
Resource Managers, NOAA/NIDIS) in Feb 2022 (UN/UFP)] term risks of the

Consumers compound droughts
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