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Edited by Marie Weiss In the context of climate change, droughts, increasingly frequent and severe, necessitate effective monitoring.
Existing methods, such as drought indices and data-driven models, face important limitations. Drought indices
are built on prior expert knowledge but lack calibration based on actual drought events, while data-driven
models prioritize goodness of fit over real event identification, undermining their credibility and generaliza-
tion, and also struggling to generalize from regional to large-scale contexts. To address these challenges, here we
introduce a hybrid machine learning framework for time series that combines domain knowledge and obser-
vational data in a variational recurrent neural network. The network models the joint distribution of total
precipitation, air temperature, and real drought events, providing accurate predictions and uncertainty esti-
mates. Extensive experiments focusing on a wide range of European drought events from 2011 to 2018
consistently show that our hybrid model surpasses both drought indices and data-driven models in terms of
accuracy in drought detection, underlining its effectiveness, robustness, and stability. Our model achieves the
best ROC-AUC (%) results in Afghanistan (79.7 + 0.5), Italy (84.3 + 0.6), Russia (89.4 + 0.2), Europe-0 (84.3 +
0.1), and Europe-1 (82.8 £ 0.4), effectively capturing the starting and ending times of drought events with lower
uncertainty, and also generalizing better for unseen locations.
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1. Introduction

The Intergovernmental Panel on Climate Change (IPCC) defines
drought as an extended period of arid conditions leading to significant
hydrological imbalances (IPCC, 2019). Yet, this definition remains
adaptable due to the multifaceted nature of drought, with impacts
influenced by social, economic, and environmental factors (Caretta
et al., 2022). Effectively, droughts are one of the costliest natural di-
sasters, causing seriously destructive consequences on the ecological
environment, agricultural production, and socio-economic impacts
(Mishra and Singh, 2010). With global warming, the frequency and in-
tensity of composite dry-heat events, such as heatwaves and droughts,
have increased significantly (Vicente-Serrano et al., 2020). In these
circumstances, advanced and accurate monitoring techniques, ulti-
mately integrated into early warning systems, are urgently required to
efficiently and rapidly detect and response drought events (Gitz et al.,
2016), as well as to improve risk management (Kreibich et al., 2022).

Due to the complex physical, chemical, and biological processes
involved in drought events, much effort has been devoted to developing
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climate indices and (primarily mechanistic) analytical tools. In general,
drought indices have become standardized tools for objectively quan-
tifying the characteristics of these episodes in terms of intensity,
magnitude, duration, and spatial extent. Three widely-used indices are
the Palmer Drought Severity Index (PDSI), which is based on a soil water
balance equation (Palmer, 1965); the Standardized Precipitation Index
(SPD), which is grounded in a precipitation probabilistic model (McKee
et al., 1993); and the Standardized Precipitation-Evapotranspiration
Index (SPEI), which combines both approaches (Vicente-Serrano et al.,
2010). The run theory bridges climate indices and drought character-
istics analysis (Yevjevich, 1967; Panu and Sharma, 2002). Other indices
based on comprehensive remote sensing data have been proposed, either
related to vegetation greenness, such as the Normalized Difference
Vegetation Index (NDVI) and the fraction of absorbed photosyntheti-
cally active radiation (FAPAR) (Fensholt et al., 2004), or water-
limitation principles, such as the Precipitation Condition Index (PCI)
(Hazaymeh and Hassan, 2016) and the Standardized Moisture Anomaly
Index (SZI) (Zhang et al., 2019). Furthermore, integrated indices
combining multi-sensor remote sensing data present new opportunities
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for composite drought monitoring (West et al., 2019; Jiao et al., 2021).

Alternatively, data-driven models directly learn from historical
drought severity (Guha-Sapir et al., 2015) and take Essential Climate
Variables (ECVs) or indices as inputs to estimate drought intensity or
drought-relevant variables (Prodhan et al., 2022). Existing models
include, but are not limited to, autoregressive integrated moving
average (Mishra and Desai, 2005), k-nearest neighbours (Fadaei-Ker-
mani et al., 2017), artificial neural networks (Belayneh et al., 2016),
fuzzy logic based models (Agboola et al., 2013), Bayesian networks
(Madadgar and Moradkhani, 2014), support vector regression (Belayneh
etal., 2016), and random forests (Feng et al., 2019). More recently, deep
architectures have been successfully employed, such as deep feed-
forward neural networks (Shen et al., 2019), long short-term memory-
based models (Dikshit et al., 2021), advanced convolutional neural
networks (Gonzalez-Calabuig et al., 2022), and deep generative models
(Ravuri et al., 2021).

However, there are two main shortcomings among existing methods
for drought monitoring. On the one hand, drought indices are known as
top-down models, built on prior expert knowledge and implemented in
the form of rigid mechanistic models, and lack of post-hoc adjustment
based on recorded drought events (AghaKouchak et al., 2022). More-
over, effective drought indices are based on a monthly statistical ag-
gregation, which is not applicable in drought monitoring with a finer
temporal resolution (Wang et al., 2021). On the other hand, data-driven
models pay more attention to the goodness of fit, and their evaluations
focus on the estimation error of drought indices rather than real
drought-relevant variables or events, consequently both neglecting the
uncertainty and undervaluing the credibility which are required for
drought analysis (Li et al., 2021; Kikon and Deka, 2022). Furthermore,
data-driven models struggle with monitoring generalization from
regional to continental scales.

Integrating data-driven and physical models has recently captured
the attention and promised a new generation of models for the Earth
Sciences (Reichstein et al., 2019). The hybrid framework combines the
flexibility and representation capability of machine learning approaches
with the consistency of domain knowledge, making it possible to provide
more accurate, less uncertain, physically consistent, and credible out-
comes, facilitating the understanding of the complex Earth system. The
synthesis of physics and data-driven models may achieve improved
performance and generalization and, more importantly, may lead to
significant consistency and credibility of the machine learning models
(Slater et al., 2022). Validated examples include precipitation fore-
casting (Zantedeschi et al., 2020), seasonal precipitation prediction
(Madadgar et al., 2016), terrestrial evaporation (Abu-Raddad et al.,
2022), cloud detection (Li et al., 2022), biophysical parameter estima-
tion (Cortés-Andrés et al., 2022), soil moisture forecasting (Xu et al.,
2023), and drought index prediction (Wu et al., 2022). The above-
related studies based on hybrid modelling exhibit their potential for
Earth Sciences.

To address the aforementioned challenges, here we introduce a
hybrid machine learning framework that integrates domain knowledge
while employing data-driven models to learn from observational data.
The work extends our preliminary methodology in (Zhang et al., 2022),
where we first attempted a hybrid recurrent network incorporating
multi-scalar SPEI as input features and realized effective monitoring of
regional drought events. This paper pursues a unified monitoring model
for droughts on the continental scale across intensities, times, and lo-
cations. We extend the methodology and include many more use cases
and analyses, contributing to the field of drought monitoring in several
ways:

e First, we introduce a novel Domain Knowledge-driven Variational
Recurrent Network (DK-VRN), capable of detecting droughts of
varying intensities over diverse time-frames and across continental
scales. DK-VRN models the joint distribution of the ECVs and the
drought probability, also providing uncertainty estimates.
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e DK-VRN receives Essential Climate Variables (ECVs) as input and is
end-to-end supervised by historical drought events rather than
drought indices. The multi-scalar SPEI is instead incorporated into
DK-VRN as a domain knowledge prior, which is beneficial for the
model’s generalization, reliability, and stability.

Lastly, evaluations over a wide range of drought events in Europe
between 2011 and 2018, consistently labelled by expert knowledge,
are conducted to verify the effectiveness of the hybrid framework.
DK-VRN outperforms existing models, demonstrating higher accu-
racy and increased stability, thus establishing it as a trustworthy tool
for drought monitoring and promising advances for early warning
systems.

The remainder of the paper is organized as follows. After introducing
the datasets used in Section 2, we present our methodology in Section 3
and then analyze the experimental results in Section 4. A discussion
about the modelling approach, advantages, challenges, and implications
follows in Section 5. We conclude the paper in Section 6 with some final
remarks and future research directions.

2. Data collection
2.1. Climate variables and drought indices

Generally, when rainy days are missing, moisture depletion occurs
from the upper soil layers, and a reduction of relative humidity happens
eventually in the atmosphere, establishing the drought conditions
(Bravar and Kavvas, 1991). Besides, high temperatures can exacerbate
drought conditions by increasing evaporation and intensifying the
impact of water deficits (Sheffield and Wood, 2008). Total precipitation
and air temperature at 2 m are accordingly selected as the predictors
(see Fig. 1), which are well-known ECVs correlated to droughts, from the
re-gridded ERA5-Land data' (0.083° x 0.083°, Skmz), covering the
period from Jan 2003 to Dec 2018 with a temporal resolution of 8 days,
across an extended European area (Mahecha et al., 2020).

SPEIs computed at different scales (1, 3, and 6 months) are selected
as the representative domain knowledge. Multi-scalar SPEI measures
drought severity by considering both intensity and duration, allowing us
to identify their corresponding onset and offset times. Besides, based on
a water balance equation and a precipitation probabilistic model, the
explicit equation-based index represents domain knowledge for drought
monitoring:

D = P—PET, (€9)

where D denotes the measure of the water surplus or deficit for the
analyzed month, P represents precipitation, and PET stands for potential
evapotranspiration. The index estimates D by fitting a three-parameter
log-logistic distribution function as follows:

so)=2(%57) . {1 (%) ﬂ] @

where a, 8, and y are scale, shape, and origin parameters, respectively.
Last but not least, it is a multi-scalar index that identifies different
drought types. It should be noted that for measuring the implicit expert
knowledge rather than new ECVs gathered in the formulation of the
index, PET for the multi-scalar SPEI is computed using an equation that
only relies on the ECVs mentioned above (Thornthwaite, 1948):

10T\"™
PET = 16K(%) , (3)

where T is the monthly-mean temperature, I is a heat index, which is

1 https://cablab.readthedocs.io/



M. Zhang et al.

20°wW 0°

— Ty

20°E 40°E 60°E

(a) Total Precipitation (mm)

Remote Sensing of Environment 311 (2024) 114252

20°W 0°

40°E 60°E

(b) Air Temperature at 2m (°C)

Fig. 1. ECVs and target drought events for an example time step. Maps of Total Precipitation and Air Temperature at 2 m on 2003-04-03 are depicted in (a) and (b),
respectively. The three accompanying drought events on 2003-04-03 are marked with black lines: I (Russia), II (Bosnia; Croatia; Hungary), and III (Mauritania).
Regional maps of drought events are highlighted with blue dashed lines, zooming in the ECVs for each drought location. (For interpretation of the references to colour

in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2. Statistical analysis of the input data. Histogram of (a) Total Precipitation and (b) Air Temperature at 2 m, together with the (c) time-lagged Spearman
autocorrelations for these ECVs and SPEI-6. The latter suggests the complementary temporal information between ECVs and SPEI for drought detection.

calculated as the sum of 12 monthly index values, m is a coefficient
depending on I, and K is a correction coefficient computed as a function
of the latitude and month. However, more accurate methods based on
additional variables are available for this estimation. The comparisons
between different estimation methods of PET for SPEI are investigated at
(Stagge et al., 2014). In this work, ECVs data available between 1986
and 2008 is used for SPEI computation (the period between 2009 and
2018 is left for validation and test purposes), because SPEI generally
relies on stable statistics of long-term reference data, and the three-
parameter Pearson Type III distribution is chosen for its calculation.”
An statistical analysis of the input training data is depicted in Fig. 2.
As can be seen, ECVs present distinct histogram shapes for drought and
non-drought. For example, droughts are frequently accompanied by
high air temperatures and low precipitation. Besides, different time-
lagged Spearman autocorrelations given ECVs and SPEI suggest their
complementary temporal information for drought detection.

2 https://github.com/monocongo/climate_indices

2.2. Drought annotations

The EM-DAT® is a global natural disaster database recording the
occurrence and effects of more than 21,000 disasters worldwide, from
1900 to the present. EM-DAT records human and economic losses at the
country level for disasters fulfilling at least one of the following criteria:
10 fatalities, 100 affected people, a declaration of a state of emergency,
and a call for international assistance. The criteria guarantee that all
recorded disaster events are objective and influential (Guha-Sapir et al.,
2015). A time series of the European drought events from Jan 2003 to
Dec 2018 is considered for the experiments in this paper. To this end, we
use the Geocoded Disasters (GDIS) database (Rosvold and Buhaug,
2021), an extension of EM-DAT where the drought event data was
converted from tabular data to the raster data structure.

% https://public.emdat.be/
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2.3. Data preprocessing

All ECVs are denoted as xo and are preprocessed based on the
computation of monthly anomalies, as well as rescaled to [ — 1,1].

% i
Xomne = min [max {Lﬂm” — 1:| ,1} , (€))
. 3()-["1.'1

where m,n,t denote the latitude, longitude, and time coordinates,
respectively; and u!, o' denote the monthly mean and standard deviation
for the month i, respectively.

SPEI constitutes an indicator of the water deficit. The lower the SPEI
value, the higher the water deficit and, therefore, the higher the drought
probability. Thus, we employ the complement of the SPEI values,
denoted as xj, to measure their corresponding drought probabilities,
which are given as follows:

3('/1 :lfFil(xl)., (5)

where F~! denotes the inverse of the cumulative distribution function.
SPEI values are then temporally resampled to the 8-day scale by setting
their values to the one of the nearest, not reached month.

As for the EM-DAT, during the study period, 14 drought events
belonging to 11 regions are involved (constrained by the resolutions of
ECVs, drought events with a scale smaller than 1° are ignored). An
exemplified illustration of the ECVs and the drought events on 2003-04-
03 is visualized in Fig. 1, Fig. A.1, and Fig. A.2, respectively, where the
geospatial coordinates (NSWE) are 59.0°N, 43.0°S, 30.0°W, and 64.0°E,
respectively.

We then split the data into the training, validation, and testing data
with different periods. We make sure that each subset has no over-
lapping times between them. In the end, the training data spans from Jan
2003 to Dec 2008, the validation data spans from Jan 2009 to Dec 2010,
and the testing data spans from Jan 2011 to Dec 2018. In this context,
monitoring models must be applied to various unobserved geospatial
regions, e.g., Italy and Moldova (i.e., no drought events in these places
are neither in the training nor the validation subsets). The details of the
drought events considered in this study are described in Table 1.

To mitigate the imbalanced problem given the drought events, which
constitute anomalies and therefore a very small percentage of the total
number of samples in the database, we adopt an undersampling strategy
for the training samples: only European geographical locations where at
least a drought event happened between 2003-2018 are selected for
training purposes, being discarded those where droughts never
occurred. The label distributions or ratios before and after this strategy
are reported in Table 1. Ratio (all) denotes the percentage of the drought
samples over all samples in the extended European region considered in

Table 1

Drought event subsets considered in this study. Events with * denote a single
drought event across multiple countries. They are defined according to the EM-
DAT database (see Table A.1 for a more complete spatial description of them).

Training Validation Test
Afghanistan 2006.07-12 - -

2008.10-11 - 2011.01-08
Bosnia* 2003.02-05 - -
Croatia* 2003.02-05 - -
Hungary* 2003.02-05 - -
Italy - - 2012.06-10
Lithuania 2006.08-12 - -
Mauritania 2003.01-12 - -
Moldova - - 2012.11-12
Russia 2003.01-12 2010.04-08 2012.06-08
Syria 2008.01-12 2009-2010 -
Tajikistan 2008.10-11 - -
Period 2003-2008 2009-2010 2011-2018
Ratio (all) 0.13% 0.94% 0.15%
Ratio (happened) 9.19% 24.05% 3.80%
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Fig. 3. Graphical illustration of a two-layer LSTM. The computations involved
by the first LSTM layer (cell) at time step t are detailed at the bottom, where x
denotes input data at the different time steps 1,...,¢t,....t+ m.

this study, while Ratio (happened) denotes the percentage of the
drought samples over the subset of European locations where at least a
drought event happened during the corresponding training/validation/
test period.

3. Methodology
3.1. Long short-term memory networks

Long Short-Term Memory-based (LSTM-based) models (Hochreiter
and Schmidhuber, 1997) are recurrent neural networks which introduce
self-loop gates to define pathways where the gradient can flow for long
durations, better learning long-term dependencies than simple recurrent
architectures (Goodfellow et al., 2016). LSTMs have been widely used in
Earth science applications for the estimation of biophysical parameters
(Camps-Valls et al., 2021), land cover classification (Campos-Taberner
et al., 2023; Campos-Taberner et al., 2020) and crop yield forecasting
(Mateo et al., 2023), to name a few.

For drought monitoring, the input variables of LSTMs are time-series
of ECVs, and the output variables are time-series of hidden variables,
which are followed by a hyperbolic tangent activation and a linear layer
that maps the LSTM output at each time step to a single value: the
drought probability.

A two-layer LSTM is illustrated in Fig. 3. At each time step, input x,
and the cell/hidden states (¢, and h, ;) of the previous time step
together contribute to the cell/hidden states of the current time step
within each LSTM layer. Existing studies have verified the capability of
LSTM-based models to learn dynamic temporal information from time-
series drought-relevant data (Zhong et al., 2019; Yuan et al., 2020;
Camps-Valls et al., 2021). However, traditional LSTMs are deterministic
neural networks that do not support uncertainty estimation. Further-
more, LSTMs need to give consideration to domain knowledge, which
may improve the generalization and stability for drought monitoring at
continental scales.

3.2. Variational encoder-decoders

Variational Encoder-Decoders (VEDs) are probabilistic latent vari-
able models proposed by (Kingma and Welling, 2013). Applications of
VED to Earth Science include but are not limited to desertification
detection (Zerrouki et al., 2020), extreme event detection (Ruuvzivcka
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et al., 2022), and cyclone prediction (Kapoor et al., 2023). Generally,
VED consists of a variational encoder that maps data to the approxi-
mated posterior distribution over latent variables and a decoder that
generates data from the latent variables, being also able to provide un-
certainty estimates. In this context, we introduce a factorized VED for
modelling drought processes.

Let us assume that drought processes are driven by latent (unseen,
unobserved) variables z, and the evidence of drought events can be
characterized as the joint distribution of known variables, e.g., ECVs
(x0), and interested but unknown variables, e.g., the probability of
drought events y. Under this assumption, the drought dynamics are
given as:

PO) = [ Pl xol2)P(e)dz

(6)
_ / P(ylx0.2)P(xo|2)P(z) dz.

The joint distribution (behavior) of drought-relevant variables can
be regarded as a measure of the drought condition (Beersma and Buis-
hand, 2004; Hao and Singh, 2015). Thus, the objective is to maximize
the logarithm of the joint distribution logP(y,x,) over Dy, where D,
denotes the training subset {y*,x,!} and i = {1,2,...,N}, being N the
total number of training samples.

With the factorized VED at hand, the desired drought probability and
the uncertainty can be estimated via the likelihood distribution
P(ylxo,2*) ) and the posterior distribution Q(z*)
Xo are known.

However, the factorized VED is not enough for time-series drought
monitoring, where two challenges arise: 1) How to learn the Q(z)
effectively and 2) How to implement high-performance encoder-decoder
architectures for processing time-series drought-relevant variables. The
following subsections introduce and describe the proposed DK-VRN to
address these questions.

) when input variables

3.3. DK-VRN for drought monitoring

In theory, Q(2) is in the form of Q(z|x) (Q(z|y,Xo) in our case), and
approximates P(z|y,xo). However, y is typically imbalanced. Compara-
tively, drought indices x; built on prior expert knowledge are much
easier to fetch, distributed normally, and are commonly used as alter-
natives when drought labels are noisy. Therefore, we resort to x; to help
learn Q(2).

We assume P(z|x;) and P(zly,xo) are closer than P(z) and P(zly,xo).
Intuitively, this assumption about P(z]y, xo) and P(z) is feasible because
of the existence of P(x;|z), which improves the closeness between two
posterior distributions when indices x; are prior estimations to y. Then,
#(x1) is computed as:

L(x1) = —Dgr(Q(2]x1)||P(2) l ilogP x1|2%). )
K k=

The KL divergence loss term can be interpreted as regulating Q,
encouraging Q(z;) becoming closer to the prior P(z), approximating
P(zx;), and the logP(x1|z? ) loss term can be interpreted as the recon-
struction error of x;.

To shift domain knowledge from x;, we take Q(z|x;) in #(x;) as the
approximation to the intractable Q(z|y,xo) of Z(y,Xo). The prior distri-
bution P(z) in Z(y,xo) is now replaced by the learnable posterior dis-
tribution Q(2[x1) in Z(x;), encouraging Q(z|xo) to be close to Q(z|x1), i
e., indirectly close to the true but intractable P(zly,xo). Finally, Z(y, xo)
is computed as:

Z(¥,X%0) = —ADy(Q(2]%0)]|Q(2x1) )

1 K (8
+— ZlogP y|xo, 2% E kZ logP xo\z

k 1
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Fig. 4. Directed graphical model of the proposed DK-VRN. Shaded circles
represent observations (xo, X1, ¥), white circles indicate hidden variables to be
inferred (2o, 21). Xo denotes the ECVs input data, x; denotes the SPEI input data,
%o denotes the latent variables given x, z; denotes the latent variables given x;,
and y denotes the drought labels. The solid lines denote the inference process,
the dashed lines denote the generative process, and the red dotted lines denote
the domain-knowledge regularization process. (For interpretation of the refer-
ences to colour in this figure legend, the reader is referred to the web version of
this article.)

where 2 is added to control the strength of the KL divergence between
the posterior distributions for the ECVs and the drought indices, i.e., as a
way of providing the expert knowledge required as guidance for more
accurate drought monitoring from observational data. # for the whole
DK-VRN system is as follows:

% = P(y,%0) + L(x1). 9)

Finally, the directed graphical model of DK-VRN is shown in Fig. 4,
where their dependencies are revealed.

3.4. Architecture design

The graphical illustration of the proposed DK-VRN for drought
monitoring is shown in Fig. 5. As can be seen, LSTM layers are integrated
into its different encoders and decoders. Specifically, each variational
encoder Q is sequentially composed of two LSTM layers, one batch
normalization layer, and two linear layers. In each encoder, x is trans-
formed into the stochastic variables of the latent space, i.e., Qy(20]X0)
represents the distribution of zo given xo:

Qs(20lx0) = N(y(x0) , 00 (X0) ) (10)

where a multivariate Gaussian distribution is chosen, being its param-
eters u and o the outputs of two linear layers, and ¢(x) constrained to be
diagonal. Then, by applying the reparameterization trick, which initi-
ates o from N(0,1), and after the multiplication and summation oper-
ations, samples from the distribution Qy(2o|xo) can be obtained:

o® = g(xo7€o(k ) = Jty(X0) + €o(k)(7/)(xo)7 (11)
where 20® ~ Qy(20x0).

Next, each decoder P is sequentially composed of one optional LSTM
layer, one batch normalization layer, and one linear layer. In each
decoder, the latent variables are transformed into the target variables, e.
8., P,(y|20) represents the likelihood given z,:

Py (ylz®) = Bern(f, (20®) ), (12)
where 2% ~ Qy(20]x0),

where a Bernoulli distribution is chosen, f; produces the parameter p for
value 1 (i.e., the drought probability), and 1 —p for value 0, imple-
mented as a sigmoid function.

3.5. Training and test stages
On the one hand, the training stage is illustrated in Fig. 6(a). First,

values for drought indices x; given all training time steps constitute the
input data to the encoder Q,, which produces the distribution of latent
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Fig. 5. Graphical illustration of DK-VRN for drought monitoring. At time step t, xo' and x;‘ are the ECVs and the SPEI data, respectively; u', ¢' are the mean and
standard derivation parameters of the distribution of the latent variables, respectively; random variables are denoted by €'; o', 21* are the samples from the latent
distribution Qy(xp) and Q.(x1), respectively; and y* are the drought labels. Note that the above variables are vectors instead of scalars. The CLF loss is the classi-
fication loss given the drought labels, REC Loss is the reconstruction loss given the input data xp,x;, and KL Loss is the Kullback-Leibler (KL) divergence between the
posterior distribution and the prior distribution. Ultimately, the proposed DK-VRN is composed of two variational encoders Qy, Q, and three generative decoders P;,

P:, P,

[y -r@)P |[1x0- 7uz0)? |

i ;

Decoder Docoder | | DING(X0)0(Xo)IN@(X).ox )] | | DIN@x).ox)INO.D] | [Decoder Dijd“
P) P) N N ) &2
N N
N N
N
N N

N N
~

\ ~

Encoder

(©Qy)

(a) Training stage

& from N(0,I)

Encoder

(Q0)

(b) Test stage

Fig. 6. Training and test stages of the proposed DK-VRN. x, denotes the ECVs input data, x; denotes the SPEI input data, € denotes the random variables, y denotes

the drought labels, and D denotes the KL divergence loss function.

variables Q.(z1|x1). Second, the reparameterization trick yields samples
210 ~ Q.. Third, the decoder P, generates the input f;(z;). Fourth,
values for ECVs x( given all training time steps constitute the input data
to the encoder Qy, which produces the distribution of latent variables
Qu(20|x0). Note that Q,(2o|x1) is set to the prior distribution in the KL
divergence term of Qy(2o|xo). Fifth, the reparameterization trick yields
samples zo®) ~ Q. Sixth, the decoder P; and P; generate the drought
probability f; (20) and the input f;(2o), respectively. Finally, Qg, Q«, P,, P;,
P, are updated end-to-end via the mini-batch stochastic gradient descent
for #:

{x,m}{x, 7} +{Vx, ﬁa}ZZ’(Xlg K, )

~ o~ ~ 13)
{60,4,8110.4, &} + {Vo, Vi, Ve} Y 2y, %010, 4,8),

Y:Xo

where the classification loss term between y and f;(z0 ) is set to the
Binary Cross-Entropy (BCE), the reconstruction loss terms between xg
and f; (2" ), and x; and f; (20 ), are both set to the Mean Squared Error
(MSE) and the KL divergence loss term is computed between the pos-
terior distribution and the domain knowledge prior distribution, as
mentioned above.

On the other hand, the test stage is shown in Fig. 6(b). First, xo and e
of all time steps (till the current time step) are the input data, and the
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encoder Qy produces the distribution of latent variables Qy(zo|xo). Sec-
ond, the reparameterization trick yields samples zo® ~ Qy. Third, the
decoder P, produces the distribution of the drought probability. Finally,
the estimated expectation of the drought probability and of the uncer-
tainty are computed by means of importance sampling, being S the
number of generated outputs:

s
Z (S)

|EQ[f Zo

C/)I'—l

(14)

Varolfi(20) ] ~ [fi(2®) — Eqlfu(z0)]]",

»nl-
iMe L

where 2, ~ Qu(2o]x0). It should be noted that the uncertainty essen-
tially derives from the uncertain nature of the data and how well the
model is fitted (Gawlikowski et al., 2023a). For drought monitoring, the
observational errors (aleatoric uncertainty) represent the noise of the
processed input data and the noise of the recorded drought events.
About the model, the predictive errors (epistemic uncertainty) include
errors in the model structure, errors in the training process, and so forth.
In this context, we perform variational inference on the latent variables
2o to estimate the predictive errors, while the uncertainty from the data
and from the model parameters are ignored here.

Furthermore, it is noteworthy that time-series SPEI x; is only
required at the training stage of DK-VRN, not during the test stage, and
the monitoring resolution is only constrained to the resolution of the
ECVs xg, which is therefore applicable for drought monitoring with a
finer temporal resolution or short-term drought prediction when
monthly SPEI is not available.

4. Experimental results
4.1. Experimental setup

A) Evaluation metrics. Standard quantitative metrics based on
recorded drought events, including the Area Under the Receiver
Operating Characteristic Curve (ROC-AUC), the Area Under the
Precision-Recall Curve (PR-AUC), Macro Fl-score (Macro F1),
and the Intersection over Union (IoU), also known as Ruzicka
similarity (Cha, 2007), are adopted for evaluation purposes.
Additionally, training and test running times are computed to
quantitatively analyze the computational efficiency of the
different methods considered in this study, while the number of
parameters (Params) for each model is reported as a complexity
measure. Then, we establish three categories for evaluation
purposes: the event evaluation, the climate classification evalu-
ation, and the overall evaluation. In the event evaluation, the
quantitative metrics are computed by only considering specific
locations where droughts happened (Afghanistan, Italy, Moldova,
Russia). In the climate classification evaluation, the quantitative
metrics are computed by considering samples belonging to
different Koppen-Geiger climate zones (Beck et al., 2018). In the
overall evaluation, the quantitative metrics are computed by
considering all locations of the entire European drought-affected
region (Europe-0) and all locations of the entire European region
(Europe-1). The final test results are reported by averaging the
outputs of 5 independent runs under different random seeds.

B) Model baselines. We compare the proposed DK-VRN with the SPEI-6,
as well as three deterministic neural networks: Multi-Layer Percep-
tron (MLP), Recurrent Neural Network (RNN) and Long Short-Term
Memory Network (LSTM). We also consider three variational neural
networks: variational MLP (VMLP), variational RNN (VRNN) and
variational LSTM (VLSTM). The prior distribution for these varia-
tional models is set by default, i.e., as a multivariate Gaussian dis-
tribution with zero mean vector and identity covariance matrix, and
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Fig. 7. Performance of DK-VRN for different prior indices in this study. Final
results are reported by averaging the outputs of 5 independent runs under
different random seeds. The error bars denote the one standard deviation. ‘DK-
VRN denotes the variant of DK-VRN (SPI-6 prior). ‘DK-VRNY denotes the
variant of DK-VRN (FAPAR anomaly, FPA prior). For each method, bars for all
event regions (Afghanistan, Italy, Moldova, Russia) are sorted following the
order of the legend of the figure. Dots are used to show the overall (Europe-0,
Europe-1) scores.

no reconstruction loss is used to train these models (only classifica-
tion loss). Specifically, their architectures are detailed in Table A.2.

C) Hyperparameters. The network optimizer is set to Adam (Kingma
and Ba, 2014), being the learning rate equal to le — 4 and the
gradient clip set to 1e — 5. The batch size is 32, the number of
epochs is equal to 200, and the early stopping technique is
applied to select the best model based on the validation ROC-
AUC. The above setting is kept the same for all data-driven
methods.

D) Implementation details. Ubuntu 20.04.4 LTS, AMD Ryzen 75,800 h
with Radeon graphics x 16, 64GiB Memory, 2.5 TB Disk Memory,
NVIDIA GeForce RTX 3070 Laptop GPU (8192MiB) with PyTorch
1.10.2 (Paszke et al., 2019), Python 3.9, CUDA 11.3, and cuDNN
8.2.0. The source code for DK-VRN is publicly available on
GitHub."

4.2. Analysis of drought indices

First, we investigate the impact of different x; as prior domain
knowledge (see Eq. (7)) on the performance of DK-VRN. SPI, FAPAR
anomaly (FPA) (European Commission, 2021), and SPEI are selected as
prior domain knowledge candidates for drought monitoring. Then, three
variants of DK-VRN are designed and evaluated. The results are given in
Fig. 7. Overall, all DK-VRN models significantly outperform pure
drought indices. Among all DK-VRNs, DK-VRN with SPEI prior (our
proposal) achieves the best performance, which suggests its effective-
ness for meteorological drought monitoring. Nonetheless, a few excep-
tions can be observed in Afghanistan, which indicates the choice of
drought indices may be location-dependent. Similar observations can be
found when comparing pure indices. In this way, SPEI is set as the prior
domain knowledge for the rest of the experiments.

4 https://github.com/mengxue-rs/DK-VRN
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4.3. Analysis of 4 Hyperparameter

Second, we analyze the impact of the 1 parameter (see Eq. (8)) on the
performance of DK-VRN. To this end, 4 is set to logarithmic values lying
in the range[10~%,10°]. The experimental results in terms of ROC-AUC
are reported in Fig. 8. As can be appreciated, a best 1 value for all
drought events does not exist, whereas a moderate 4 is appropriate for all
situations. For instance, DK-VRN with A = 10° achieves the best ROC-
AUC in Moldova, while performing worst in other regions. Similarly,
DK-VRN with 4 = 107> does not perform not well in Afghanistan and
Moldova. Similar results for PR-AUC and F1 metrics are shown in Fig.
A.3. As for the overall evaluation, DK-VRN with A = 10~2 perform best
in Europe-0, whereas DK-VRN with 1 = 10~2 perform best in Europe-1.
The differences are related to the distribution of drought samples:
Europe-1 has much more non-drought samples than Europe-0, which
affects the results and reduces the difference between methods.
Although a flexible 1 may bring better results, our goal in this paper is to
provide a generic model that is suitable for different regions. In this
context, we set a global 4 to 1072 for the rest of the experiments.

4.4. Results on drought monitoring

Then we report the Drought monitoring performance obtained by
DK-VRN and the baseline methods mentioned above. The ROC-AUC, the
PR-AUC, and the F1 scores of the different methods can be found in
Fig. 9 and Fig. 10. ROC and PR curves are shown in Fig. A.4 and Fig. A.5,
respectively.

As for the event evaluations, DK-VRN achieves the highest perfor-
mance in Afghanistan, Italy, and Russia (ROC-AUC of 79.7 + 0.5, 84.3
+ 0.6, and 89.4 £ 0.2, respectively). However, a few exceptions can be
observed in Moldova, where RNN achieves the highest ROC-AUC, and
also SPEI-6 and LSTM outperform variational models, including DK-
VRN. This can be explained by the potential blurs caused by these
models, which may hamper the recognition performance, particularly
when attempting to capture drought events of a small extent like the one
happening in Moldova.

As for the climate classification evaluation (see Fig. A.6 for the
visualization of the climate classification map), DK-VRN achieves the
best results over 11 out of 15 climate zones across the whole of Europe,
occupying over 74% of the land. Some exceptions can be noticed: SPEI-6
performs better in BWk (cold desert), BSk (cold semi-arid), Dsc (dry-
summer subarctic), and ET (tundra). This can be partly explained by the
imbalance when given the drought events in the training, validation,
and test subsets (see climate zone proportions in Table A.3), which
impacts the performance of data-driven models and hybrid models on
the BWk (3.46% train, 3.88% val, 9.22% test), BSk (15.40% train,
15.18% val, 10.54% test), Dsc (5.21% train, no locations in val, 0.23%
test), and ET (0.88% train, 0.02% val, 5.48% test).

Overall, DK-VRN achieves the best ROC-AUC, PR-AUC, and Macro F1
in both Europe-0 and Europe-1. Moreover, the standard deviations of
DK-VRN are remarkably lower than others. In contrast, MLP and VMLP

95

~90 Afghanistan

= Italy

9 85 Moldova

2 .

S 80 Russia

o =@- Europe-0
75 =de= Europe-1
70

-5.0 -40 -3.0 -2.0 -1.0 0.0
A(10%)

Fig. 8. Performance of DK-VRN for different 4 values and the drought events
considered in this study.
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Fig. 9. Drought monitoring performance obtained for the test subset. Final
results are reported by averaging the outputs of five independent runs under
different random seeds. The error bars denote the one standard deviation. For
each method, bars for all event regions (Afghanistan, Italy, Moldova, Russia)
are sorted following the order of the legend of the figure. Dots are used to show
the overall (Europe-0, Europe-1) scores.

are inferior in all evaluations, demonstrating the advantages of a
recurrent architecture for time series modelling. RNN versus VRNN and
LSTM versus VLSTM achieve comparable results, indicating the
improvement of DK-VRN is little related to the VAE architecture.
Comparably, the significant improvement achieved by DK-VRN over
VLSTM justifies the effectiveness of the proposed domain knowledge
prior. In the end, all the results demonstrate the superiority of DK-VRN
compared to the other baseline methods, thus DK-VRN is more appli-
cable for drought monitoring.

4.5. Temporal cross-validation test

In this experiment, we shift the order of the training, the validation,
and the test subsets to simulate the data uncertainty from the period
selection. The final results of the three-fold cross-validation test ob-
tained by the proposed and baseline methods are reported in Fig. 11.
Except for MLP and VMLP, the degradation of performance for almost all
methods is distinct. This deterioration can be explained: first, the un-
balanced spatio-temporal distribution of drought events makes moni-
toring challenging for models trained on regions of different climate
zones; second, the non-drought labels of some locations may be noisy,
which hampers the performance of the systems; third, the shift operation
may be unbeneficial for processing temporal information by means of
recurrent architectures. Although DK-VRN also experiences perfor-
mance degradation, it still achieves the highest ROC-AUC, PR-AUC, and
Macro F1 scores, which are markedly higher than others. As a result,
when considering the inherent uncertainty from the data period, which
constitutes a challenging scenario to evaluate drought monitoring, the
performance of DK-VRN is better than other baseline methods.

4.6. Generalization analysis

Now we analyze the generalization improvement achieved when
encoding SPEI as the prior distribution. To this end, we compare the
results of the variational approaches with those obtained by using SPEIs
directly as input features. Two variants of VRNN and VLSTM (all
incorporate SPEIs as input features) are designed to be compared with
DK-VRN. Their results are given in Fig. 12. Overall, both the perfor-
mance of VRNN? and VLSTM? are inferior to DK-VRN (only VRNN¢
performs better than DK-VRN in Moldova). However, VRNN? is even
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inferior to the original VRNN in Russia and Italy. Similar results can be
observed for VLSTM?. All the results demonstrate that directly using
SPEI as input features may be prone to over-fitting and, therefore, is
unsuitable for large-scale monitoring over Europe. It should be noted
that the network architecture and training process are kept the same for
a fair comparison. In these circumstances, VRNN® and VLSTM? did not
provide better performances compared to VRNN and VLSTM. This may
be attributed to the different temporal manifolds for ECVs, which

{100
é 80{
& 60
o]
€ 40
=
o 20{-
>
w
0—VISTMT VLSTM® _ VRNN _ VISTM _ VRNNT _ VRNN® _ DKVRN
—60[- T 204
g [ %
< - 162
Q4si- g T ST S - g
%30 —3‘"—— §§~“;—""€F 23
S 0‘_"_.———&;.’ - "~ 8 &
§1s - - N IR - = N ;- S
e} = - — X
A A b A A A & =
O™—VISTMT VLSTM® — VRNN  VLSTM — VRNNT — VRNN®  DKVRN
Py -] I S SE—— - DS 1720
9 = <
= R o I — 1668
Eoor—— = T —% E
2 45{-— Trls i e . 0=
2 . = 548
= 301-——1=8 § - W S
Y R~ = 48
., S~ A a4
015 N @ W O O ®m O =®mE m= 023
i} o4 X
5 2

VLSTMT  VLSTM® VRNN
Afghanistan

VLSTM
Italy Moldova

VRNNT VRNN? DK-VRN
Russia ={=Europe-0 - {) -Europe-1

Fig. 12. Performance when using SPEIs as input features versus as prior dis-
tribution (DK-VRN, our approach). Final results are reported by averaging the
outputs of five independent runs under different random seeds. The error bars
denote the one standard deviation. ‘VRNN'" denotes only using SPEIs as input
features in VRNN. ‘VRNN" uses concatenated ECVs and SPEIs as input features
in VRNN. ‘VLSTM" only uses SPEIs as input features in VLSTM. ‘VLSTM® uses
concatenated ECVs and SPEIs as input features in VLSTM. For each method,
bars for all event regions (Afghanistan, Italy, Moldova, Russia) are sorted
following the order of the legend of the figure. Dots are used to show the overall
(Europe-0, Europe-1) scores.

constitute raw low-level, local features, and drought indices. They could
be understood as high-level features derived from ECVs, able to capture
global information. The performance of VRNN® and VLSTM® can be
further improved using a multi-branch architecture (Zhang et al., 2022).
In this architecture, two different branches are implemented for ECVs
and drought indices, respectively, using convolutional lateral
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Table 2
Ablation study on the use of different loss terms when training the proposed DK-VRN (%).
CLF-Loss REC-Loss KL-Loss ROC-AUC PR-AUC Macro F1
v X standard 71.6 +£5.3 18.7 + 4.7 51.2+21
Afghanistan v X domain knowledge 77.0 £ 4.3 26.1 £3.9 53.5+ 3.0
v v standard 73.4+29 19.9 £ 35 49.3 + 3.1
v v domain knowledge 79.7 + 0.5 26.4 +1.3 53.5 + 0.7
v X standard 68.5+ 7.2 15.8 £ 6.5 54.4 £ 4.0
Ttaly v X domain knowledge 74.7 + 8.3 159 £ 9.6 56.7 = 5.1
v v standard 76.0 + 5.1 121 +26 521 +£1.9
v v domain knowledge 84.3 +£ 0.6 242+ 2.4 55.1 +1.1
v X standard 97.1 +3.3 28.6 + 3.0 59.1 £9.1
Moldova v X domain knowledge 98.2 + 3.1 41.1+£7.2 75.9 £ 9.5
v v standard 92.1 +9.4 21.5+8.5 64.6 + 11
v v domain knowledge 94.6 + 1.1 43.0 + 4.0 715+ 0.4
v X standard 80.6 + 2.8 143 + 2.7 57.6 £ 1.0
Russia v X domain knowledge 825+ 2.7 13.7 £ 0.0 57.4+23
v v standard 86.0 + 3.0 17.7 £ 2.8 60.5+1.6
v v domain knowledge 89.4 + 0.2 18.5 + 0.4 63.2 + 0.2
v X standard 74.8 + 3.5 13.2+09 56.2 £ 1.0
Europe-0 v X domain knowledge 80.2 + 3.2 14.4 £ 3.9 58.0 + 1.9
v v standard 79.6 + 0.9 16.7 +1.3 58.1 + 1.0
v v domain knowledge 84.3 £ 0.1 17.4 £ 0.3 61.1 £ 0.3
v b 4 standard 70.9 + 5.5 0.5+ 0.2 48.8 +1.6
Furope-1 v X domain knowledge 76.9 + 4.7 0.5+ 0.2 48.4 +£0.7
v v standard 76.5+ 5.0 0.4+0.1 49.2 +0.9
v v domain knowledge 82.8 +£ 0.4 0.7 + 0.1 50.2 + 0.1

connections for blending the data. The improved results are given in Fig.
A.7, being the superiority of DK-VRN over these variants still observed.
In the end, DK-VRN exploits SPEIs as the prior distribution and the KL
term acts as a regularizer in the training process, which is beneficial to
model generalization.

4.7. Ablation study

In this ablation study, we evaluate the contribution of the different
loss terms to the performance of DK-VRN. As shown in Table 2, the
integration of the classification loss, the reconstruction loss, and the
domain knowledge-based KL-divergence loss yields the highest ROC-
AUC, PR-AUC, and Macro F1 scores for the overall evaluation, which
claims the superiority of DK-VRN. Only a few exceptions appear in
Moldova, where DK-VRN without the reconstruction loss achieves the
highest ROC-AUC and F1 scores. The performance of the models with
the domain knowledge-based KL-Loss is always superior to the perfor-
mance of the models with the standard KL-Loss, which demonstrates the
effectiveness of the domain knowledge prior in DK-VRN. The improve-
ment in stability (lower standard deviation) can be partially observed
when using the REC-Loss. Accordingly, the standard deviation of DK-
VRN is lower than the standard deviations of other variants, indi-
cating the integrated losses are beneficial to the stability of the model.
All the results demonstrate that the domain-knowledge KL and REC
losses cooperatively contribute to the performance improvements ach-
ieved in DK-VRN.

4.8. Architecture complexity analysis

Table 3 shows the running training (in minutes) and test times (in
seconds), as well as the number of parameters (Params), of the different
drought monitoring models in this study. SPEI-6, whose computation
has been accelerated with multi-thread CPU processing, has the shortest
test time in Afghanistan, Italy, Moldova, and Russia. Nevertheless, for
large-scale data, as for Europe-0 and Europe-1 regions, the inference of
deep learning models is certainly improved using GPU processing, which
allows for lower computational times when using models such as RNN
and LSTM. Among data-driven models, MLP is the quickest at 28.19 min.
DK-VRN takes longer at 86.09 min due to its dual-branch operations
during training. Regarding test times, RNN is the most efficient, with
LSTM slightly slower than VRNN due to the complexity of LSTM cell
operations. DK-VRN’s test time is comparable to VLSTM as both share
the same architecture at this stage. As for model parameters, all methods
have a limited parameter size to avoid over-fitting. It should be noted
that, although the number of parameters for DK-VRN is higher than in
VLSTM, the extra parameters for SPEIs modelling in DK-VRN can be
discarded at the test stage, as shown in Fig. 6(b), which demonstrates
that DK-VRN achieves superior performance than VLSTM without
increasing the test complexity.

5. Discussion and qualitative evaluation
5.1. Visualizations of detection signals

Now we visually analyze the spatially aggregated drought signals
through time and their uncertainty for some of the methods: SPEI-6,

Table 3
Computational complexity and number of parameters of the different drought monitoring models in this study.
SPEI-6 MLP RNN LSTM VMLP VRNN VLSTM DK-VRN
Training time (min) - 28.19 42.34 42.39 44,98 54.64 57.24 86.09
Afghanistan 2.16 3.92 3.26 3.28 4.55 4.11 4.21 4.26
Italy 2.94 4.00 3.21 3.06 4.46 4.04 4.33 5.19
Test time (s) Moldc?va 0.18 1.35 1.29 1.64 1.00 1.42 1.55 1.92
Russia 10.36 12.44 12.04 12.94 17.58 14.97 15.80 15.27
Europe-0 19.67 22.37 18.37 20.55 26.30 22.67 23.75 23.23
Europe-1 485.59 489.95 460.79 466.74 815.78 713.31 732.60 736.34
Params - 3905 4417 14,209 8721 7715 23,843 56,392
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Fig. 13. Spatially aggregated drought detection signals for the different models
considered in the experiments. Note that the drought event-based signals are
obtained by computing, for each time step, the average value of all pixels
belonging to their corresponding regions, being the values later normalized to
[0,1]. The shaded area shows the estimated uncertainty (one standard devia-
tion) based on 10 runs under different latent variables. The IoU (see legend) is
computed based on the ground truth curves (green) and the prediction signals
for the different models. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

VRNN, VLSTM, and DK-VRN. Given a drought event, these signals are
obtained by computing, for each time step, the average output value of
all pixels belonging to its corresponding region, normalized later to a [0,
1] scale. The IoU is computed to measure the similarity between the
prediction and the ground truth signals (higher is better). Variational
models incorporate uncertainty estimation by learning the distribution
of latent variables, allowing for different predictions based on several
latent variable samples. As depicted in Fig. 13, DK-VRN excels in
recognition and demonstrates lower uncertainty than other methods. It
effectively identifies the onset, duration, and conclusion of drought
events in Afghanistan, Italy, Moldova, and Russia. In contrast, SPEI-6
tends to yield more temporal false alarms, VRNN encounters chal-
lenges in Afghanistan and Italy, and VLSTM exhibits substantial moni-
toring uncertainty in these regions. SPEI-6, being based on physical PET
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estimation and a fixed probabilistic distribution, lacks direct uncertainty
estimation, which arises from variations in PET estimates and distribu-
tions. In summary, DK-VRN, enhanced by domain knowledge, offers
superior regional monitoring performance in terms of accuracy and
stability.

5.2. Visualizations of probability maps

We then visualize the drought probability maps together with the
uncertainty ones for some methods, including SPEI-6, VLSTM, and DK-
VRN. As shown in Fig. 14, SPEI-6 maps exhibit more spatial false
alarms than others. In contrast, DK-VRN determines fewer false alarms
without sacrificing true positive rates. For instance, SPEI-6 identified
influential drought events on 2012-07-07, both in Saudi Arabia, while
DK-VRN provides a lower probability, which is more accurate based on
drought labels. Another example is given on 2011-12-07, when VLSTM
identified a severe drought in Norway whereas DK-VRN did not, also
aligned with annotations. Besides, DK-VRN maps present lower uncer-
tainty compared to VLSTM, which suggests the validity and reliability of
DK-VRN. Additional example drought probability maps for DK-VRN can
be found in Fig. A.8. In summary, DK-VRN provides superior overall
drought monitoring performance in terms of generalization and reli-
ability. However, there are some misclassification drought samples
around the southeast region of Italy and the northeast region of Russia,
suggesting the risk of over-fitting. This may be relevant to the imbal-
anced positive-negative samples of the training set. Overall, DK-VRN
provides superior drought monitoring performance in terms of gener-
alization and reliability.

5.3. Domain knowledge prior analysis

Next, we uncover the role of the proposed SPEI-based domain
knowledge prior in DK-VRN. The measurements observed for the vali-
dation process are plotted for analysis, and consistent observations can
be appreciated during the training process illustrated in Fig. A.9(a)-(f).

First, the domain knowledge prior distribution of the latent variables
implies generative knowledge. As shown in Fig. 15(a), the KL divergence
term for introducing the domain knowledge prior conveys the infor-
mation of generating SPEIs to the posterior distribution. When using a
large A, the validation MSE between the SPEIs generated by P,(x1|20)
and the true SPEIs x; is relatively low, and vice versa. These results
demonstrate that 1) the encoding preserves the essential information of
SPEIs, and 2) the KL term between ECVs and SPEIs effectively transfers
that information.

Second, the KL term acts as a regularizer. The effects of this regula-
rization are inspected in Fig. 15(b)-(d). It can be observed that when
using a large 1, KL loss is controlled at a low level. Meanwhile, the
reconstruction loss of x; is kept at a relative level, and the validation
classification loss is relatively stable and converges to a low level.
Conversely, a low A results in high KL loss, as well as low reconstruction
loss but high and rickety validation classification loss. The results indi-
cate that the new KL term turns into a domain knowledge-based regu-
larization item, which can guide the training process, and consequently
strengthen the model generalization and stability.

Finally, Q. (2|x1) reserves the prior anomalous information presented
in time-series SPEIs, and the KL term encourages Qy(z|xo) to perform
consistently. The Mean Absolute Error (MAE) of quartiles Q; and Qs for
the mean parameters of the two distributions is shown in Fig. 15(e)-(f). It
can be observed that using a small to a large 4, the mean parameters are



Remote Sensing of Environment 311 (2024) 114252

M. Zhang et al.

(*S[o1Ie SIY} JO UOISIOA (oM ) 0} PALIJX
ST 19peal 9y} ‘puadal 2SIy SIY) UI INOJOD 03 SIDUIJAI 3y} Jo uonelaidiajur 10,) "sdewr Ajurerrsoun ay3 apraoxd JoU S0P 9-THJS IBYI P2IoU 29 PNOYS I] "SAUI] PAYSep aN[q YIM PIIYSIYSIY oI SJUA JYSnoip [e 1oy sdewr
[euo18a1 ay) pue ‘(umoys a1e A1 J1 dais swn remonted e je uaddey s3y8nop) saury or[q YIIM PIyIeUI ST YInI) punoid YL ‘€10 Je]A 01 1107 uer woiy Suruueds (uelstueysyy) 111 pue ‘(ATeir) 11 ‘(erssny) I :S3uaad 1y3noip
Qa1 SurAuedwodde (Z0-€0-ST0T $£0-40-CT0T £0-CT1-110Z ‘SO-T0-110Z) sdais awm JuaIoyjIp Inoj e paydId ore sdeur 9s9y ], ‘S[Ppowt JUISJIP Aq papraoid sdewr Ljurelrodun pue Aiiqeqoid 3ydnop sarres-owl], “p 1 “314

SZ°0 0z'0 ST'0 010 S0°0 000 0T 8'0 9'0 0 0 00

—— Coumeon o

SN T T T T I Umvl 29 i T TS el i T TS
- 1 e 2= 1 I 1 Ak At = i 8 LA s =0 I 11,
m,/m il 1 T o 1 1 4 ol _ e Y __m_;w.w 1l
I =l I I % Tl g I gl ‘
| e S Do | S Y | iy ) oy S [ o LY (o S O el L e O et e =
R 7 N 5> ke =77 N
i’ ” / i 3 at® |
g -l AR A/.,WHW e
PrEy m,wﬂm\."‘_\mt 20-€0-€10C
[ ' ==
[ .
Im }
L0O-LO-TI0T
— . - .
I~ T IESTTT T 3T TR i T T ISR T T Iy |_:|,.Vﬂiduﬁhu,4 TR I T T IS T Ty :j e ==L
| __,/w,//m, 1 1 __M/M/m _“ 1 __//r __ e, 1 _ﬁwzm _“ 162 My 3 _“
| I <71 1 I 51 1 [T | ¥ 1 1
L_I||L_|||L_. |||||| L_IL,.rIL_I%&lPlL_.IFAII._||L_I||Lml‘HlL_.ln.||_|||LmI||L ...xl?.xl
N, N , " n YA N = R xu%\
I} B | 3 it .
4 a/n% g A Loy LD Sl N L0-TI-110T
-3 FR—— "0_,% ; (1 O o).
SR M\ | e 3
= D -
I | . .
I~ TSt T T3 T T ST T ST T
| || 1 S = |
L LIS Lo MR S _
TS| ([ T |
e o | A e s (e
/ -y \.&x
SO
b Ny
e /A/Tru $0-10-110T
y P -
) A ' aruth Pl mme et ol
= . =as ]
g = R gl
7 - a4 > =]
e B B = o s I — = . — e
(Kurepooun) NYA-MA (Kimqeqoxd) NIA-MA (Ayurepsoun) INISTA (Kmiqeqoxd) WISTA (Lmqeqoid) 1AdS

12



M. Zhang et al.

6.0
" 1E.0 — o0
| [} 0.100 Tel
Mt e |
+51-1 8 15 162
o [ le-3 s le3
8301 f le-4 3 le-4
o] If 105 0.050 /, = le-5
L5ff 0,025/
e
0020 80 120 160 200 2099 40 80 120 160 200
(a) MSE Error (b) KL Loss
0.15 0.30
i 1=10) m— 1e0
0.12 le-1 0.25 lerl
le-2 le-2
0.09 le-3 le:3
w w
8 leq | 8% heig
0.06 —1E-5 G U (825
’ !
0.03 4 &'lm [
i 010 ;.;m, —
] 40 80 120 160 200 0 40 80 120 160 200
(¢) REC Loss (d) CLF Loss
3.0 2.0
m— 1e0 lﬁ — 1e0
2.4 le-l, 1.6 '*y mﬁ MM le-1
; #"Mw"" 1e2') % i #\"* Y le-2 !
O1s &" le3’| SQizfy le3
o le4 o e le4
< aaaar - T <0. T
g1z { le-5 £08 le-5
0.6 0.4
0.0l A
0 40 80 120 160 200 0 40 80 120 160 200
(e) MAE of 0, (f) MAE of 05

Fig. 15. Evolution of the metrics observed during the validation process for
different 1 values. The evolution of the validation MSE between the SPEIs
generated by P, (x;|2o) and the true SPEIs x; is depicted in (a), the evolution of
the different validation loss terms (KL, reconstruction and classification) is
plotted in (b)-(d), and the evolution of the validation MAE of quartiles Q; and
Qs of the mean parameters is shown in (e)-(f).

pulled together for the first and the third quartiles at the beginning steps,
varying from a large MAE to a low MAE. For example, with 1 = 1le — 2,
the MAE of Qs is one-third of the MAE of Q3 when 1 = 1e — 3. In other
words, when the statistics of Q.(z|x;) are abnormal (away from the
median), the KL term stimulates the statistics of Qu(2|xo) to become
consistently anomalous, revealing that prior anomalous information
provided by multi-scalar SPEIs is learned by Qa(2|xo).

5.4. Limitations and potentials of DK-VRN

Let us finish commenting on the main potentials and limitations of
the proposed hybrid methodology, which is generic and could be
transferred to other disasters, such as floods, wildfires, and heatwaves.
Particularly for drought events covered in this study, we should first
mention the limitations associated with the considered input variables.
Droughts are complex phenomena involving numerous geophysical
variables. In this research, we used the total precipitation and air tem-
perature of ERA-5 data because of the physical consistency and the long-
term records that are required for the computations of multi-scalar SPEIL.
For instance, a time series over 20 years is recommended for fitting the
parameters of SPEL. However, ERAS is updated daily with a latency of
five days, which restricts the real-time applications for drought moni-
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toring. Alternatively, satellite data such as GPM (Huffman et al., 2015)
could provide real-time large-scale estimations of precipitation within
an hour. Accordingly, the incorporation of multi-sensor data can be
beneficial for real-time drought monitoring.

Second, regarding the limitations of the target variable, it should be
noted the ambiguity of the drought definition itself, which hassles the
evaluation of algorithms. Understandably, various stakeholders have
different interests relevant to droughts. Meteorological departments are
more concerned about the precipitation deficit drought, agricultural
sectors care more about the soil moisture deficit drought, and farmers
are more worried about the impact on crop production. In this research,
we relied on the EM-DAT and the GDIS definitions for meteorological
purposes. Compared to SPEL, the EM-DAT and the GDIS provided
objective evaluations regarding actual and influential drought events.
However, bias and incorrectness may affect the data quality. Moreover,
the duration and severity of droughts are lacking in the used data, which
are dependent on the atmosphere and the hydrologic processes that feed
moisture to the atmosphere (Bravar and Kavvas, 1991). Fortunately,
with advanced sensors, more physical-consistent or expert-consistent
data can be obtained for drought exploration. Empirically, the perfor-
mance of DK-VRN could be improved with drought event annotations of
higher quality. Furthermore, droughts are extreme climate events that
cause imbalanced problems for data-driven models. Operative strategies
for data and training processing can alleviate this issue, such as data
augmentation, data under-sampling, and balanced loss, to name a few. It
is therefore important to tackle the imbalanced problem of drought
labels.

Finally, there are limitations associated to the very same methodol-
ogies. As a hybrid model, DK-VRN synthesizes the drought index- and
deep learning-based features to estimate the joint distribution of climate
variables and drought events, which represent the captured latent pro-
cess of the drought dynamics. However, DK-VRN is a neural network,
and thus a black box model difficult to interpret and understand.
Enhancing the transparency and interpretability of DK-VRN is an
essential step for the deployment of a monitoring system into real ap-
plications. Besides, uncertainty analysis and quantification are indis-
pensable for a trustworthy monitoring framework. For instance,
different train/val/test splitting affects the monitoring results which is
clarified in the temporal cross-validation test. Similarly, different period
lengths may discriminate the model training process and the test results.
The influences can be analytically estimated with the quantification of
the uncertainty. In the future, it would advisable providing explain-
ability scores and appropriate uncertainty quantification associated to
both the hybrid and non-hybrid approaches (Vilone and Longo (2020);
Gawlikowski et al. (2023b)).

6. Conclusion

In this paper, we have proposed a novel framework, DK-VRN, which,
to our knowledge, is the first hybrid variational model for drought
monitoring. DK-VRN realizes the synergy of deep learning models and
prior domain knowledge from climatic indices in a probabilistic
framework, and the entire architecture is learnable end-to-end. Experi-
mental results on several representative regional droughts and the
overall European drought have validated the superiority of DK-VRN
compared to SPEI-6 and data-driven deep learning methods of MLP,
RNN, LSTM, VMLP, VRNN, and VLSM. DK-VRN achieves the best ROC-
AUC (%) results: Afghanistan (79.7 + 0.5), Italy (84.3 + 0.6), Russia
(89.4 £+ 0.2), Europe-0 (84.3 £ 0.1), Europe-1 (82.8 £ 0.4), effectively
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capturing the starting and ending times of drought events with higher
accuracy and lower uncertainty, and also generalizing better for unseen
locations. Moreover, we showcased that the proposed framework is
generic and could be easily adjusted to use other remote sensing data
sources as input, such as FAPAR anomaly. In future work, we plan to
investigate the uncertainty of the input data, model parameters, and
labels. Apart from the uncertainty estimates, we plan to explore the
inconsistency among multiple drought indicators and integrate satellite
observations and physical hydrological models involved in drought
formation to build a more credible and accountable system while
learning the relative relevance of all the data streams and variables.
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Fig. A.1. ECVs and target drought events for an example time step. Maps of Total Precipitation and Air Temperature at 2 m on 2003-04-03, processed based on the
computation of monthly anomalies, are depicted in (a) and (b), respectively. The three accompanying drought events on 2003-04-03 are marked with black lines: I
(Russia), IT (Bosnia; Croatia; Hungary), and III (Mauritania). Regional maps of drought events are highlighted with blue dashed lines, zooming in the ECVs for each
drought location. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

14



M. Zhang et al. Remote Sensing of Environment 311 (2024) 114252

20°W 0° 20°E 40°E 60°E 20°W 0° 20°E 40°E 60°E

—=3:2 -2.4 —1:6 -0.8 0.0 0.8 1.6 2.4 32 i i 0.30 0.45

(a) SPEI-6 (raw) (b) SPEI-6 (processed)

Fig. A.2. SPEI-6 and target drought events for an example time step. Maps of raw SPEI-6 and processed SPEI-6 at 2 m on 2003-04-03 are depicted in (a) and (b),
respectively. The three accompanying drought events on 2003-04-03 are marked with black lines: I (Russia), II (Bosnia; Croatia; Hungary), and III (Mauritania).
Regional maps of drought events are highlighted with blue dashed lines, zooming in the SPEI-6 values of each drought location. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)

Table A.1
Spatial description of the drought events in the EM-DAT database considered for the experiments.

Country DisNo. Locations

Afghanistan 2006-9570 Badakhshan, Badghis, Baghlan, Balkh, Bamyan, Daykundi, Faryab, Ghor, Jawzjan, Kunduz, Samangans, Sar-e-Pul, Takhar, Uruzgan provinces
Afghanistan ~ 2008-9475 Kunduz, Balkh, Faryab, Badghis provinces

Afghanistan ~ 2011-9312 Balkh, Samangan, Takhar, Sar-e-Pul, Hirat, Badghis, Faryab, Jawzjan, Baghlan, Kunduz, Badakshan, Bamyan, Daykundi, Ghor provinces
Bosnia 2003-9784 Republika Srpska province, Federacija Bosne I Hercegovine province, Federacija Bosne I Hercegovine province

Croatia 2003-9784  Bjelovar-bilogora, Dubrovnik-Neretva, Grad Zagreb, Istra, Karlovac, Koprivnica-krizevci, Krapina-zagorje, Lika-senj, Medimurje, Kota, Osijek-baranja,

Pozega-slavonija, Primorje-gorski Sibenik, Sisak-moslavina, Slavonski Brod-posav, Split-dalmatija, Varazdin, Virovitica-podravina, Vukovar-srijem,
Zadar-Knin provinces

Hungary 2003-9784 Bacs-kiskun, Baranya, Bekes, Borsod-abauj-zemplen, Budapest, Csongrad, Fejér, Gyor-moson-sopron, Hadju-bihar, Heves, Jasz-nagykun-seolnok,
Komarom-esztergom, Nograd, Pest, Somogy, Szabolcs-szatmar-bereg, Tolna, Vas, Veszprém, Zala provinces
Italy 2012-9290  Abruzzi, Basilicata, Calabria, Campania, Emilia-romagna, Friuli-venezia Giulia, Lazio, Liguria, Lombardia, Marche, Molise, Piemonte, Puglia, Sardegna,
Sicilia, Toscana, Trentino-alto Adige, Umbria, Valle D’aosta, Veneto provinces
Lithuania 2006-9411 Alytaus, Kauno, Klaipedos, Marijampoles, Panevezio, Siauliu, Taurages, Telsiu, Utenos, Vilniaus provinces

Mauritania 2010-9292 Assaba, Brakna, Gorgol, Guidimakha, Hodh Ech Gharbi, Nouakchott, Tagant, Trarza provinces; Amourj, Bassikounou, Djigueni, Nema, Timbedra
districts (Hodh Ech Chargi province) (Southern Mauritania/Sahel region)

Moldova 2012-9478 Falesti district (Balti province), Vulcanesti district (Cahul province) Chisinau, Criuleni, Ialoveni districts (Chisinau province), Ciadir-Lunga district
(Gagauzia province), Basarabeasca district (Lapusna province), Orhei, Rezina, Telenesti districts (Orhei province), Ungheni district (Ungheni province)

Russian 2003-9777 Vladisvostok city (Primorskiy Kray province)

Russian 2010-9318 Adygeya Rep., Astrakhanskaya Oblast, Bashkortostan Rep., Belgorodskaya Oblast,Bryanskaya Oblast, Chelyabinskaya Oblast,

Ivanovskaya Oblast, Kalmykiya Rep., Kaluzhskaya Oblast,Krasnodarskiy Kray, Kurskaya Oblast, Lipetskaya, Moskovskaya, Moskva, Orenburgskaya
Oblast, Orlovskaya Oblast, Penzenskaya,Rostovskaya Oblast, Ryazanskaya, Samarskaya, Saratovskaya Oblast, Smolenskaya Oblast, Stavropolskiy Kray,
Tambovskaya Oblast, Tulskaya, Tverskaya Oblast, Ulyanovskaya Oblast, Vladimirskaya, Volgogradskaya Oblast, Voronezhskaya Oblast, Yaroslavskaya
Oblast provinces

Russian 2012-9395 Adygeya Rep., Astrakhanskaya Oblast, Bashkortostan Rep., Belgorodskaya Oblast, Bryanskaya Oblast, Chelyabinskaya Oblast, Kalmykiya Rep.,

Krasnodarskiy Kray, Kurskaya Oblast, Lipetskaya Oblast, Name Unknown, Orenburgskaya, Orlovskaya, Penzenskaya, Rostovskaya, Samarskaya Oblast,
Saratovskaya Oblast,Stavropolskiy Kray, Tambovskaya, Ulyanovskaya Oblast, Volgogradskaya Oblast, Voronezhskaya Oblast provinces
Syria 2008-9755 Damascus, Homs, Hama, Raqqah, Hassakeh provinces
Tajikistan 2008-9456 Badakhshoni Kuni, Khatlon, Sogd, Tadzhikistan Territories provinces
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Table A.2

Architecture details for the DL models considered in the experiments.

Remote Sensing of Environment 311 (2024) 114252

MLP LSTM VMLP VLSTM DK-VRN
Input T, Ko T, Ko T, Ko T, Ko T, Ko T, Ky
Layer O MLP, 32 LSTM, 32 MLP, 32 LSTM, 32 LSTM, 32 LSTM, 32
Layer 1 MLP, 32 LSTM, 32 MLP, 32 LSTM, 32 LSTM, 32 LSTM, 32
Layer 2 MLP, 32 MLP, 32 MLP, 32 + 32 MLP, 32 + 32 MLP, 32 + 32 MLP, 32 + 32
Layer 3 MLP, 1 MLP, 1 REP REP REP REP
Layer 4 - - MLP, 1 MLP, 1 MLP, 1 LSTM, 32 LSTM, 32
Layer 5 - - - - - MLP, K, MLP, K;
Output T, 1 T, 1 T, 1 T, 1 T, 1 T, Ko T, Kg

LSTM and RNN share the same hyperparameters, while LSTM layers are replaced by RNN ones. VLSTM and VRNN share the same hyperparameters, while LSTM layers
are replaced by RNN ones. The number after’,” indicates the output dimension of the layer, e.g., LSTM, 32 + 32 means the output is a tuple with the dimensions of 32
and 32. ‘REP’ means the reparameterization step. The last layers are highlighted in bold. T is the length of the input and output time series, Ko represents the number of
climate variables used as input, while K; does the same for the number of drought indices (Ko=2 and K; =3 in our experiments, respectively). Note that output [T, 1]
corresponds to the classification loss, output [T, Ko] corresponds to the reconstruction loss of ECVs, and output [T, K;] corresponds to the reconstruction loss of the
multi-scalar SPEL
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Fig. A.4. ROC curves for the different drought monitoring models in this study and the test subset.
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Fig. A.5. PR curves for the different drought monitoring models in this study and the test subset.

Table A.3

Training, validation, and test subsets for the climate classification evaluation. The first number denotes the number
of samples, and the second number in parentheses denotes the proportion of each climate zone given all locations.

Training

Validation

Test

4, BWh
5, BWk
6, BSh
7, BSk
8, Csa
9, Csb
14, Cfa
15, Cfb
16, Cfc
17, Dsa
18, Dsb
19, Dsc
25, Dfa
26, Dfb
27, Dfc
29, ET
30, EF
Total

1411 (12.80%)
381 (3.46%)
489 (4.43%)

1698 (15.40%)
639 (5.80%)

8 (0.07%)
335 (3.04%)
90 (0.82%)
330 (2.99%)
613 (5.56%)
574 (5.21%)
227 (2.06%)

4120 (37.37%)
14 (0.13%)
97 (0.88%)

11,026 (100.00%)

662 (2.14%)
1202 (3.88%)
451 (1.46%)
4704 (15.18%)
229 (0.74%)
243 (0.78%)
26 (0.08%)

1 (0.003%)
3701 (11.94%)
19,407 (62.64%)
352 (1.14%)
5 (0.02%)

30,983 (100%)

76,740 (18.51%)
38,223 (9.22%)
4703 (1.13%)
43,690 (10.54%)
18,603 (4.49%)
2701 (0.65%)
3900 (0.94%)
21,780 (5.25%)
3419 (0.82%)
4642 (1.12%)
933 (0.23%)
7384 (1.78%)
82,196 (19.83%)
82,947 (20.01%)
22,732 (5.48%)

414,593 (100%)
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Fig. A.6. Climate classification map for the climate classification evaluation. The map shows all the different climate zones across an extended European area and the
proportion of each zone given all locations, where BWh (hot desert), BWk (cold desert), BSh (hot semi-arid), BSk (cold semi-arid), Csa (hot-summer mediterranean),
Csb (warm-summer mediterranean), Cfa (humid subtropical), Cfb (subtropical highland), Dsa (hot, dry-summer continental), Dsb (warm, dry-summer continental),
Dsc (dry-summer subarctic), Dfa (hot-summer humid continental), Dfb (warm-summer humid continental), Dfc (subarctic), ET (tundra). Note that there are two
climate classifications Cfc (subpolar oceanic) and EF (ice cap) that do not have test samples because their corresponding locations are all non-drought. The colour
map follows the official settings. A more detailed description of the Koppen-Geiger climate classification can be found in Beck et al., 2018.
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Fig. A.7. Performance when using SPEIs as input features versus as prior distribution (DK-VRN, our approach). Final results are reported by averaging the outputs of
5 independent runs under different random seeds. The error bars denote the one standard deviation. ‘VRNN' denotes using SPEIs as input features in VRNN. ‘VRNN®’
uses concatenated ECVs and SPEIs as input features with a multi-branch VRNN. ‘VLSTM® uses SPEISs as input features in VLSTM. ‘VLSTM¥" uses concatenated ECVs
and SPEIs as input features with a multi-branch VLSTM. For each method, bars for all event regions (Afghanistan, Italy, Moldova, Russia) are sorted following the
order of the legend of the figure. Dots are used to show the overall (Europe-0, Europe-1) scores.
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probability:

0.0 0.2 0.4 0.6 0.8 1.0

Fig. A.8. Example drought probability maps provided by DK-VRN. These maps are provided with a temporal resolution of 8 days across the extended European area
and span from Apr 2012 to Sep 2012. Three drought events: I (Russia), II (Italy), and III (Afghanistan) are included. The ground truth is marked with black lines
(droughts happen at a particular time step if they are shown), while regional maps for all drought events are highlighted with blue dashed lines. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. A.9. Evolution of the measurements observed during the training process for different A values. The evolution of the validation Mean Square Error (MSE)
between the SPEI generated by P, (x;|2o) and the true SPEI x; is depicted in (a), the evolution of the different validation loss terms (KL-divergence loss, reconstruction
loss, and classification loss) is plotted in (b) - (d), and the evolution of the validation Mean Absolute Error (MAE) of quartiles of the mean parameters is shown in (e)
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