International Journal of Applied Earth Observation and Geoinformation 140 (2025) 104563

Contents lists available at ScienceDirect

International Journal of Applied Earth Observation and
Geoinformation

journal homepage: www.elsevier.com/locate/jag

Check for

Calibration and uncertainty quantification for deep learning-based drought i

detection

Mengxue Zhang *©-*, Miguel-Angel Fernandez-Torres "™, Kai-Hendrik Cohrs *©,
Gustau Camps-Valls?

4 Image Processing Laboratory (IPL), Universitat de Valéncia, Paterna, Valéncia, 46980, Spain
b Department of Signal Theory and Communications, Universidad Carlos III de Madrid (UC3M), Madrid, 28911, Spain

ARTICLE INFO ABSTRACT

Keywords: Droughts are hydrometeorological extreme events influenced by highly intricate land-atmosphere feedback
Extreme climate events mechanisms and climate variability. Deep learning models have recently succeeded in detecting extreme
Drought detection climate events and promise to uncover and understand droughts further. There are two main challenges of

Deep learning
Model calibration
Uncertainty quantification

reliability and trustworthiness limiting their applications: miscalibration and inherent uncertainty. However,
they remain rarely explored because deep learning models are overparameterized and seldom tractable. To
address this shortcoming, we introduce methodologies for model calibration and entropy-based uncertainty
quantification for deep learning-based drought detection. The calibration algorithm can deal with calibration
errors by reducing distributional shifts and alleviating overconfident predictions. The uncertainty framework,
in turn, decomposes and quantifies the total uncertainty according to several components: data uncertainty,
procedural variability, parametric variability, and latent variability. Thus, our method identifies uncertain
predictions and supports robust evaluations, benefiting the credibility of the decision-making process. Empirical
evidence of performance in a wide range of European drought events is given, justifying the effectiveness of our
approach. The calibration methodology yields the lowest expected calibration error (0.31%) and the precision
of the uncertainty-based decision-making is improved from 72.27% to 74.06% and 76.59%, based on ensemble
predictions and rejecting the predictions for the top 20% uncertain negative samples, respectively. In summary,
our approach significantly enhances drought detection’s reliability and classification accuracy, constituting a
key step toward more trustworthy and actionable climate decision-making.

1. Introduction Index-based approaches are mechanistic tools for drought char-
acterization. Among the most frequently used approaches, we can

Droughts are hydrometeorological phenomena driven by complex highlight the Palmer Drought Severity Index (PDSI) (Palmer, 1965), the
climate and weather cycles and processes (Van Loon, 2015). Recent Standardized Precipitation Index (SPI) (McKee et al., 1993), and the

studies reveal droughts are relevant to large-scale atmospheric circula- Standardized Precipitation-Evapotranspiration Index (SPEI) (Vicente-
tion (Trenberth et al., 2014), land—-atmosphere feedbacks (Schumacher Serrano et al., 2010). PDSI measures the wetness and dryness based
et al.,, 2022), and climate variability (Jiang and Zhou, 2023). How- on the supply and demand concept of water balance. SPI incorpo-

ever, the dynamics involved in droughts are highly non-linear, and
a thorough understanding of the key drivers is still lacking (Miralles
et al.,, 2019; Koppa et al., 2024). Meanwhile, droughts are among
the most harmful natural disasters, causing severe damage to the
ecological environment, agricultural production, and socioeconomic
impacts (Mishra and Singh, 2010). The effect of droughts under an
aggravated global warming scenario is likely to be intensified in the
future (Trenberth et al., 2014), thereby effective detection and under-
standing of drought dynamics and the development of management
interventions are becoming more necessary (Haile et al., 2020).

rates multi-scalar characteristics of drought, enabling the monitoring
and managing of different water resources. SPEI combines the water
balance and multi-scalar character to present drought quantification.
Besides, indices based on combined indicators (Sepulcre-Canto et al.,
2012), empirical soil moisture (Carrao et al., 2016), and multi-source
remote sensing data are also used for drought monitoring (Shen et al.,
2019; Zhang et al., 2022; Zhao et al., 2023). They enrich the characteri-
zation of multivariate droughts. However, these indices may carry over
some errors and uncertainties from the independent variables and the
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computational process (Hoffmann et al., 2020). They can be sensitive
to the length and quality of historical data and, by relying on the
Penman-Monteith equation, might overestimate future PET rates (Ault,
2020). Therefore, calibration and uncertainty assessment are required
for their application to assess drought conditions. Notable calibration
efforts include the self-calibrating PDSI (Wells et al., 2004), a frame-
work for integrating water storage changes into the Global Hydrology
Model (Schumacher et al., 2018), and recent work on aerodynamic
resistance calibration for surface energy balance (de Andrade et al.,
2021).

Regarding uncertainty quantification, the PDSI assessment revealed
that the data source variability and the potential evaporation modeling
may cause divergences in analyzing global warming (Sheffield et al.,
2012). SPI is undermined by the effect of climate change, as assessed
in Zargar et al. (2014). The same issue happens with the epistemic
uncertainty on SPI and SPEI (Laimighofer and Laaha, 2022). The for-
mulation of Global Climate Models becomes the dominant source of
spread by the end of the 21st century, especially for soil moisture
drought (Orlowsky and Seneviratne, 2013). Indeed, aleatoric uncertain-
ties are challenging for the reliable drought assessment under climate
variability (Mukherjee et al., 2018).

More recently, deep learning-based (DL) models have exhibited
huge success in Earth science (Camps-Valls et al., 2021) and are in-
creasingly applied to drought-relevant variables estimation and fore-
casting. Validated models include, but are not limited to, Long short-
term memory (LSTM) networks (Xiao et al., 2019), convolutional-
LSTMs (Foroumandi et al., 2023), and transformers (Gonzalez-Calabuig
et al., 2024). Further examples of probabilistic DL. models applied for
Earth science applications are deep auto-regressive networks (Chat-
topadhyay et al., 2020), generative adversarial networks (Ravuri et al.,
2021), variational auto-encoders (Ruvzivéka et al., 2022), and normal-
izing flows (McDonald et al., 2022).

There are two main challenges of reliability and trustworthiness
limiting DL in drought applications: miscalibration and inherent un-
certainty. Existing studies have shown DL models may have poor
calibration (Guo et al., 2017), i.e., their outputs are overconfident
or underconfident and have low operational value, as they cannot
be trusted for further decision-making (Faghani et al., 2023). More-
over, DL models have inherent uncertainty, which can cause errors
in drought detection, forecasting, characterization, and attribution.
Conversely, accounting for uncertainty in water management has led
to lower costs and better decisions (McMillan et al., 2017), as well
as improved hydrological process understanding by enabling robust
reasoning and the identification of spatial and temporal patterns that
relate to the true process rather than just uncertainty (McMillan et al.,
2018).

However, few studies discuss the calibration and the uncertainty
of DL models for extreme climate events because they are complex,
overparameterized, and seldom tractable models, limiting their reliabil-
ity and trustworthiness. A data—model uncertainty coupling framework
has been recently proposed to estimate the predictive uncertainty of
precipitation forecasting (Xu et al., 2021). Parameterized DL models
have also been coupled with Bayesian model averaging for rapid flood
risk quantification (Yosri et al., 2024). Currently, the DL drought litera-
ture lacks investigations on calibration and uncertainty. As the number
of DL models applied for drought detection increases, it is essential to
study the calibration and the uncertainty to make models reliable and
trustworthy (Materia et al., 2024; Camps-Valls et al., 2025).

To address the above research limitations, we propose method-
ologies for the calibration and uncertainty quantification of DL-based
drought detection models, particularly those trained on historical
events. Specifically, the following essential points are concerned: (1)
how to reduce calibration errors; (2) how to measure and quantify the
different sources of uncertainty; (3) how to benefit decision-making through
the estimated uncertainties. To this end, a post-processing parametric
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model calibration algorithm is first introduced to deal with the cali-
bration errors by reducing distributional shifts of both labels prior and
likelihood, alleviating the overconfident predictions. Then, an entropy-
based uncertainty framework is proposed to estimate four types of
inherent uncertainty in DL models, identifying uncertain posteriors and
supporting robust evaluations or comparisons. Last but not least, two
strategies based on the uncertainty framework are explored to improve
the credibility of decision-making.

2. Background
2.1. Data preparation

We exploit ERA-5' as the fifth generation European Centre for
Medium-Range Weather Forecasts reanalysis for the global climate and
weather for the past eight decades. Data is available from 1940 to
the present. It provides physically consistent essential climate variables
(ECVs) (Mahecha et al., 2020). We collected total precipitation and air
temperature covering the period from Jan 2003 to Dec 2018.

The Koppen-Geiger system? is then considered as the reference
for our study of the spatio-temporal heterogeneity of drought events.
This global climate classification includes five main classes and 30
sub-types. The categorization is based on threshold values and season-
ality of monthly air temperature and precipitation (Beck et al., 2018).
We followed the Koppen-Geiger system to split Europe into different
climate-consistent zones (15 sub-types) for calibration and uncertainty
analysis.

To train the drought detection models and evaluate their perfor-
mance, we leverage the International Disaster Database (EM-DAT.?)
EM-DAT is a global database recording the occurrence and effects
of more than 21,000 natural 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. Therefore, all recorded disaster
events are objective and influential (Guha-Sapir et al., 2015). We
utilized the Geocoded Disasters (GDIS) database (Rosvold and Buhaug,
2021), which provides a raster data structure for the historical drought
events in EM-DAT.

Harmonizing data and preprocessing is necessary to conduct the
different experiments. In this sense, all ECVs, climate-consistent zones,
and GDIS were re-gridded to the same spatial resolution (0.5° x 0.5°).
Time-series data are further resampled to a fixed temporal resolution
of 8-days. We split the data into distinct periods for the training,
validation, and test sets to ensure no overlap. 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. Climate-consistent zones and the drought events on the
training and validation subsets are visualized in Fig. 1(a), and the
spatial descriptions of all drought events considered in this study are
provided in Zhang et al. (2024).

2.2. Deep learning for drought detection

Drought detection involves identifying droughts happening geo-
graphically over time to differentiate them from regular conditions
(Camps-Valls et al., 2025). DL-based models for drought detection
incorporate time series of ECVs as input and yield corresponding es-
timated drought probabilities per each location and time step. Our
previous study* introduced two probabilistic generative models for

1 Copernicus ERA5 overview document.

2 www.gloh2o0.org/koppen.

3 https://public.emdat.be/.

4 https://github.com/mengxue-rs/DK-VRN.
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(a) Climate zones with drought annotations
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(b) Total precipitation (mm)
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Fig. 1. Visualization of the extended European study region and data. Climate zones and the locations for the drought events covered by the training and validation subsets are
highlighted in (a), while the distribution of ECVs (total precipitation, air temperature) for six selected climate zones, considering only those spatio-temporal locations where and
when droughts happened, are shown in (b) and (c), respectively. The different climate zones are 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), and ET (tundra). The color map used
follows the official settings. A more detailed description of the climate zones can be found in Beck et al. (2018). (For interpretation of the references to color in this figure legend,

the reader is referred to the web version of this article.)

drought detection: a variational long short-term memory network (VL-
STM) and a domain knowledge-driven variational recurrent network
(DK-VRN). They model temporal dependencies between total precipi-
tation and air temperature variables at their input and are trained on
the historical drought events in EM-DAT, which are identified based
on socio-economic criteria, independent from these ECVs (Zhang et al.,
2024). These networks constitute the basis of this study. Their hyper-
parameters, as well as the data preprocessing techniques used (i.e., the
computation of monthly anomalies and the undersampling strategy for
the training subset) are kept the same. The architectures of VLSTM and
DK-VRN are detailed in Table S.1. As perceived in the following experi-
ments, the outputs of these architectures are uncalibrated probabilities
prepared for model calibration and uncertainty quantification.

2.3. Motivation

Here we motivate the necessity of model calibration and uncertainty
quantification for DL-based drought detection. Let us formalize the
problem of drought detection. Notationally, X is a selection of input
variables, i.e., ECVs, Y € C = {0,1} is the corresponding drought
event label (non-drought and drought, respectively) per time step, and
p denotes the uncalibrated drought probabilities (posterior) provided at
the output of the DL models above.

First, a Bayesian perspective can help us understand the distribu-
tional shifts and justify the need for model calibration:

~ L PX =xINPY)
PR RIYIX =0 = e

where P,(Y|X = x) is the true posterior, P(X = x|Y) is the true
likelihood, P,(Y) is the true label prior distribution, and P(X = x)
is the true data prior distribution. However, the estimated posterior
from DL models is not necessarily consistent with the true posterior, as
distributional shifts are common in the environment. For instance, the
non-stationary variability of ECVs under droughts in different scenarios
(P(X = x|Y)), and the definitive ambiguities or spatial-temporal
heterogeneity of drought events (P,(Y)), to name a few, are possible
reasons for the distributional shifts. Accordingly, the reliability of
the estimated posterior is limited by the distributional shifts without
effective model calibration.

The distributions of drought events are imbalanced and spatio-
temporally heterogeneous, as is exemplified in Fig. 1(a) by the existing
distributional shift of the label prior between the training and the
validation subsets. Besides, the distributional shift of the likelihood be-
tween six different climate zones can be observed in Fig. 1(b)—(c). These

, @

distributional shifts can result in overconfident posterior estimates, as
is shown in the results derived from our experiments.

Second, several sources of inherent uncertainty associated with dif-
ferent components of the DL drought detection model can be identified:
(1) the variability of the ECVs, (2) the training procedures, (3) the
neural network parameters, and (4) the latent variables. These sources
influence the estimated posterior of DL models and consequently result
in uncertainty, which can cause errors in decisions. Analogous con-
clusions are discussed for different DL models in Gawlikowski et al.
(2023). Accordingly, it is necessary to quantify uncertainty to ensure
trustworthy decision-making.

3. Method
3.1. Model calibration

Calibration of DL models intends to maximize the agreement be-
tween the estimated probabilities and true frequencies. Chen and Su
(2023) discovered it is difficult for calibration algorithms to achieve
reasonable results for imbalanced training data, while (Dong et al.,
2024) provided a comprehensive survey about the calibration under
class imbalance data.

As motivated in Section 2.3, uncalibrated probabilities can be af-
fected by two distributional shifts: label prior shift and likelihood
shift. Dal Pozzolo et al. (2015) discovered the label prior shift caused
by undersampling affecting the probabilistic calibration of machine
learning models. Tian et al. (2020) investigated the integration of prior
re-balancing and likelihood flattening. Guilbert et al. (2024) explored
exponential and polynomial families of calibration functions. However,
existing parametric post-processing calibration methods theoretically
rely on distributional assumptions or require a high-quality calibration
set. For drought detection, collecting a consistent calibration subset
may be difficult because historical records of drought events are im-
balanced and scarce, as the event occurrences are spatiotemporally
heterogeneous.

To tackle these issues, we propose a post-processing parametric
calibration algorithm, which is depicted in Fig. 2. Specifically, the
algorithm includes two steps designed to tackle the prior shift and
likelihood shift, respectively. First, we divide the region we analyze
into N climatic zones following Beck et al. (2018). The uncalibrated
probabilities of the DL models trained on the extended European region
are then projected by new climatic calibration functions learned from
their corresponding climate zone locations in the training subset. The
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Fig. 2. Graphical illustration of the proposed calibration and uncertainty frameworks. All maps are depicted with the extended European data on 2003-04-03.

motivation is twofold: (1) climate zones with varying geographical
patterns lead to distinct label priors; (2) under-sampling in the training
subset has little impact on the likelihood. For each climate zone K;,

with i € {1,..., N}, we aim to alleviate the label prior shift caused by

imbalanced classes of spatial-temporal occurrences:

(a".b;") = argmin— 3" 3 ylog(). @
(a;.b)eR?  p. T

o 1

p= 3

1 +exp(—s - a;* — b;*)’

where a; and b; are the learned coefficient and intercept parameters,
respectively; s = log 1% denotes the logarithm of the odds ratio; and
D, denotes the set of samples for each climate zone in the training
subset (before under-sampling). The parameter values are derived by
minimizing the negative log-likelihood (NLL).

Second, the generated probabilities from the first step are stretched
with a non-linear distribution transformation. We assume that, after
rectifying the label prior shift, the validation (or unseen test) subset has
a similar label prior to the training subset, indicating that the likelihood
shift is the primary driver of their distributional discrepancies. In
this context, we extend the equation taken from Dal Pozzolo et al.
(2015) to account for the only likelihood shift caused by the variability
of ECVs conditioning on droughts. To reduce the intractable shift,
a bias-corrected function is optimized on the validation subset as a
regularization to avoid overfitting on the training subset:

M
B
p* = argmin Z A;"' lace(B,,) — conf(B,,)|. @
PEO+0) pmy 1Vt
R B*p
p=— ", 5)
pFp—p+1

where f is a learned parameter, M is the number of bins, N, is the total
number of samples, and B,, is the set of samples whose prediction con-

fidence falls into the interval I,, = ("=, ™ ]. The expected calibration

M’ M

error (ECE) is minimized to achieve the lowest calibration error over
the validation subset.

Ultimately, the proposed parametric algorithm corrects uncalibrated
probabilities, alleviating distributional shifts in drought data to achieve
less calibration error while preserving the classification accuracy.

3.2. Uncertainty quantification

Uncertainty is associated with the mismatch between models and
reality, an inevitable consequence of abstracting perceptions of the
phenomenal world into closed formal constructs (Hall, 2003). Drought
modeling is naturally subject to a range of uncertainties (Beven et al.,
2016), due to either ‘Incomplete knowledge’ or ‘unknowable future
scenarios’ (Ghosh and Mujumdar, 2007). ‘Incomplete knowledge’ arises
from inadequate information and understanding about the underlying
geophysical process, leading to limitations in the modeling, known as
model (epistemic) uncertainty (New and Hulme, 2000). Uncertainty
due to an ‘unknowable future scenario’ is related to the data collection,
the inherent noise, and the unpredictability in the forecast of future
socioeconomic and human behavior resulting in future greenhouse gas
emission scenarios, termed as data (aleatoric) uncertainty (Ghosh and
Mujumdar, 2007).

Uncertainty decomposition of DL models differing in the metrics
includes entropy-based and variance-based (Depeweg et al., 2018).
Entropy is beneficial when the predictive posterior distribution is
Bernoulli or categorical, or when the shape is complex. Depeweg
et al. (2017) first studied the entropy-based decomposition of DL
models. Liu et al. (2019) then separated the model uncertainty into
parametric and structural components. Huang et al. (2024) dissected
the model uncertainty into model approximation error, data variability,
and procedural variability. Last but not least, Gawlikowski et al. (2023)
provided a comprehensive review of uncertainty quantification in DL,
including all kinds of uncertainty sources. However, these methods
address only total model uncertainty (Depeweg et al., 2017) or rely
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on specialized Bayesian approaches (Liu et al., 2019; Huang et al.,
2024). Bayesian approaches provide a rigorous probabilistic framework
but are computationally demanding (Bishop and Nasrabadi, 2006). A
tractable uncertainty framework that accounts for various uncertainty
sources is needed for robust evaluations and comparisons, enabling
actionable climate decision-making.

We introduce an entropy-based uncertainty framework to estimate
four sources of uncertainty in DL models for droughts. First, the prob-
ability P, of a drought conditioned on the state of some ECVs on the
test set is given by:

P(Y|X =x) = / P(Y|X =x,(5,0,2))d5d0d?z, 6)
A,0,Z

where X = x denotes samples of ECVs where data uncertainty is
reflected. The variable 6 denotes DL model training algorithm ran-
domness identified with the procedural variability, § denotes model
parameters that imply the parametric variability, and z denotes model
stochastic variables that give rise to the latent variable variability. In
what follows, we will omit X = x for ease of notation, as each term
will be conditioned on that.

First, we decompose the entropy in order to capture the different
uncertainty terms:

HY) =1(Y;(,0, 2)) + H(Y|(6, 0, 2)), 7

where the first term H(Y) is the total entropy, the second term I
measures the mutual information representing the model uncertainty
(Smith and Gal, 2018), and the third term H represents the conditional
entropy of the data uncertainty. The mutual information is minimal
when the knowledge about the model does not increase the information
in the final prediction. Thus, it can be interpreted as a measure of
model uncertainty (Gawlikowski et al., 2023). However, DL models are
inherent to different uncertainties. The overall model uncertainty is not
enough for comprehensive uncertainty assessment.

In this regard, we construct different sources of uncertainty by
repeatedly introducing conditioning into the mutual information, being
the model uncertainty I(Y; (6, 0, z)) further decomposed as follows:

I(Y;(5,0,2)) =1(Y;(5,0,2)) - I(Y; (8, 6)| z")

latent variable variability I,

+1(Y;(0.6)|z°) - I(Y; 5]z*,6%)
. (8)

parametric variability I,

+  Lyselz50)
procedural variability I

where z* and 6* correspond to ideal cases when their uncertainties
are fully eliminated. The analytical solutions for the conditional mu-
tual information can be obtained using identities from information
theory (Crooks, 2017) as follows:

I = H(Y) - H(Y [2),
I = H(Y) = HY |0, 2) ~ . ©)
I, = H(Y) - H(Y[(6.0.2) - I, - I

Intuitively, these values are non-negative since conditioning always
reduces entropy, and their sum always equals the overall model un-
certainty by construction.

The implementation of the estimators for the uncertainty terms is
described below. Specifically, the procedural variability of the training
algorithm is realized with parallel executions of N; different ran-
domly initial seeds. Each neural network seed triggers a stochastic
optimization process converging to a sample of the posterior. The
parametric variability is obtained via N, samples with Monte Carlo
(MC) Dropout (Gal and Ghahramani, 2016), which approximates vari-
ational inference over the network weights. The latent variable vari-
ability is captured via N, samples from the latent distribution of the
VAE (Kingma and Welling, 2013). The total number of variations tested
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Table 1
Overall calibration errors (%) for different parametric calibration algorithms in the test
subset, given the DK-VRN model.

Uncalibrated Temp Platt Poly Proposed
ECE 4.06 3.64 0.40 0.35 0.31
RMSCE 3.40 2.48 0.32 0.28 0.23
Training (s) - 17.8 30.41 3.17 72.0
Inference (s) - 0.07 0.07 0.03 0.07

is equal to Ns X Ny X N,. The proposed uncertainty framework is
graphically illustrated in Fig. 2. To our knowledge, this framework is
novel in the literature on uncertainty quantification for DL models.

4. Experiments and results

This section presents thorough empirical evidence of the perfor-
mance of the different calibration strategies and the uncertainty eval-
uation framework proposed. The source code to reproduce the experi-
ments is publicly available in GitHub.®

4.1. Experimental setup and evaluation metrics

First, we evaluate the proposed calibration algorithm performance
by considering calibration metrics and analyzing mechanisms. The
proposed algorithm is compared with uncalibrated, temperature scal-
ing (Guo et al., 2017), Platt scaling (Platt et al., 1999), and the polyno-
mial algorithm (Guilbert et al., 2024). Then, we provide overall metrics
for the entire test subset and individual metrics for the fifteen climatic
zones. Quantitative calibration metrics include expected calibration
error (ECE) and root mean square calibration error (RMSCE) (Kumar
et al., 2019). Next, the top-predicted calibration experiments are com-
pleted for imbalanced data. Finally, an ablation study and analyses
based on reliability diagrams and distributional shifts reveal the mech-
anism. It should be noted that all calibration results are only reported
based on DK-VRN, but the analysis is also compatible with the VLSTM
model.

On the other hand, the overall uncertainty is decomposed as data
uncertainty H, latent variable variability I,, parametric variability I,
and procedural variability I;. At first, we analyze the impact of hyper-
parameters on the proposed uncertainty framework. Then, we evaluate
the effectiveness of the proposed uncertainty framework by comparing
different predictions and DL models. Lastly, the benefits of the proposed
uncertainty framework for decision-making are examined based on en-
semble predictions and rejecting uncertain predictions. The equations
of all employed metrics are included in the supplementary material for
clarity.

4.2. Results on model calibration

4.2.1. Analysis of calibration errors

Table 1 presents the overall calibration errors of different calibra-
tion algorithms. Notably, the proposed algorithm achieves the lowest
ECE and RMSCE. About time complexity, the polynomial method is
faster than others because only a linear regression is trained after
feature polynomial transformation. Comparatively, the proposed al-
gorithm comprises two-stage optimizations. Nevertheless, their time
complexities are tolerable and the inferences are fast once their pa-
rameters have been determined. Thus, the proposed algorithm re-
alizes the best overall calibration performance, with computational
considerations balanced against its optimization process.

Fig. S.1 illustrates the calibration errors for the fifteen climate zones
shown in Fig. 1. The proposed algorithm achieves the lowest calibration

5 https://github.com/mengxue-rs/calibration-uncertainty-framework.
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Table 2
Results (%) in the test subset for the ablation study conducted on the different
components of the proposed calibration algorithm, given the DK-VRN model.

Climatic calibration Bias-corrected ECE RMSCE
X X 4.06 3.40
X v 3.98 3.34
v X 0.31 0.26
'4 4 0.31 0.23

X: not applied, v: applied.

errors in the test subset over nine out of fifteen zones, including Csa,
Cfa, Cfb, Dsa, Dsb, Dfa, Dfb, Dfc, and ET. A few exceptions are BWh,
BWK, BSh, and Dsc, where other algorithms perform better. Intuitively,
the reason may be the ECVs likelihood of the validation does not per-
fectly represent the likelihood of the test over particular zones because
the validation set does not cover all climate zones (see Fig. 1(b)—(c),
where validation likelihoods are missing over particular zones, such as
Dsc). In contrast, all the climate zones in the train subset are covered
in the test one, which allows for a comprehensive evaluation of our
procedure.

Fig. S.2 depicts the calibration errors for the top predictions, from
50% to 5% (percentiles). The top predictions represent the exclusive
subset of predictions for which relatively high probabilities (confi-
dences) were estimated by DL models. It can be observed that the
calibration errors of the uncalibrated and the temperature scaling ap-
proaches are sensitive to the top predictions. Conversely, the proposed
calibration algorithm achieves the lowest ECE and RMSCE for the top
predictions. Accordingly, the proposed algorithm can effectively reduce
the calibration errors of imbalanced data and improve the reliability of
crucial predictions.

4.2.2. Mechanism analysis of model calibration

In this experiment, we first perform an ablation study to analyze
the contribution of the different components of the proposed calibra-
tion algorithm to its performance. Results for the variants reported in
Table 2 are established by assessing different combinations of the steps
followed. As can be seen, the climatic calibration functions constitute
the main component contributing to the reduction of ECE and RMSCE.
In contrast, the bias-corrected function decreases the error slightly. In
the end, their combination achieves the best calibration performance.

The distributional shifts before and after calibration are then an-
alyzed for the complete extended European region considered in this
study and the different climate zones. Fig. S.3 depicts reliability di-
agrams and overall distributions for the training and the validation
subset. It is noticeable that the climatic calibration functions rectify
the over-confidence of predictive probabilities on the training sub-
set. Therefore, the label prior shift before and after undersampling is
effectively reduced. Then, the bias-corrected function fine-tunes the
predictive probabilities to achieve the lowest validation error, reason-
ably decreasing the effects of likelihood shift and avoiding the model
overfitting.

4.3. Results on uncertainty quantification

4.3.1. Impact of hyperparameters on uncertainty

The impact of the number of experiments conducted to estimate
the different uncertainty terms is first studied. As shown in Fig. 3, all
the values of uncertainties tend to converge as the sampling size (N)
increases. For their intercomparison, the procedural variability I; and
the data uncertainty H are more stable than the other two. The reason
is that the latent variable variability I, and the parametric variability T,
constitute samplings from a higher-dimensional space. In this context,
the proposed framework demonstrates stable calibration, where uncer-
tainty quantification becomes more robust with larger sample sizes.
This behavior aligns with fundamental statistical principles such as the
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Table 3
Quantified uncertainties of the DK-VRN model for the test subset (%).

Corrected samples Erroneous samples

TP+TN TP TN FP+FN FP FN
L 5.4e-3 2.7e-2 5.4e-3 3.7e=-2 3.8e-2 7.4e-3
Iy 2.5e-5 4.0e-16 2.5e-5 1.8e-3 1.9e-3 9.2e-17
I 3.7e-2 3.3e+0 3.4e-2 3.1e+0 3.2e+0 6.2e—2
H 1.7e+0 2.8e+1 1.7e+0 1.4e+1 1.5e+1 3.6e+0
Total 1.74 31.33 1.74 17.14 18.24 3.77
1071 4.0
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Fig. 3. Impact of the sampling size N (x-axis) on the proposed uncertainty decompo-
sition, given the test subset (%) and the DK-VRN model.

Law of Large Numbers and the Central Limit Theorem, ensuring that
empirical uncertainty estimates converge to their true values. In the
following experiments, N5, Ny, and N, are empirically fixed as ten for
consistency and efficiency.

Then, the effect of the MC dropout rate is reported in Fig. S.4(a).
As can be seen, the MC dropout rate does not affect the uncertainty
associated with the data. Comparably, the rate value affects all three
variabilities related to models. Specifically, the parametric variability
directly controlled by the rate intensely increases as the rate rises. An-
other two variabilities are indirectly affected by the rates and gradually
become stable when the rate surpasses 0.5. In subsequent experiments,
the MC dropout is set to 0.5, following Zhang et al. (2024).

Lastly, the effect of calibration on the uncertainty is shown in
Fig. S.4(b), where uncertainty decomposition for different calibration
algorithms is inspected. It can be found that the values of the estimated
uncertainties are related to the calibration algorithm. Empirically, a cal-
ibration algorithm with higher calibration errors (see Table 1) results in
high uncertainty estimations. For instance, temperature scaling yields
the highest estimation for the data uncertainty and the three model
variabilities. Conversely, the proposed calibration algorithm produces
the lowest estimations for them.

4.3.2. Evaluation of uncertainty

We now separate the entire test subset into exclusive sets based
on the confusion matrix: true positives (TP), true negatives (TN),
false positives (FP), and false negatives (FN), and the uncertainties
are computed for each set. As reported in Table 3, total and data
uncertainty H for FN are higher than those estimated for TN. It makes
sense as the same probabilities but with relatively higher uncertainty
usually imply mistakes. However, these estimated uncertainties are
misleading when dealing with FP and TP. Conversely, I yields higher
uncertainties for FP over TP. The reason may be that the data and
model uncertainty influence predictions differently. The data uncer-
tainty is helpful for FN and TN because FN samples may arise from
unknowable drought samples. The model uncertainty is helpful because
FP arises from the model’s limitations for discriminating drought and
non-drought samples. Similar results disaggregated by climatic zones
can be observed in Fig. S.5. Therefore, the uncertainty framework
permits further processing and analysis for uncertain samples.
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Table 4
Classification performance of VLSTM and DK-VRN for different decision-making strate-
gies, given the test subset (%).

VLSTM DK-VRN
ROC-AUC PR-AUC ROC-AUC PR-AUC
Uncalibrated 66.39 0.91 72.27 2.29
Calibrated 66.39 0.91 72.27 2.29
Uncalibrated ensemble 69.96 1.32 73.61 2.45
Calibrated ensemble 69.52 1.99 74.06 2.59
ROC-AUC: Receiver Operating Characteristic Area Under the Curve.
PR-AUC: Precision-Recall Area Under the Curve.
These two metrics measure the accuracy of drought detection (classification).
VLSTM DK-VRN
80
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Fig. 4. Accuracy-rejection curves (%) for the VLSTM and DK-VRN models, given
uncertain negative samples in the test subset. The x-axis denotes the keeping rate
from 100% to 10%. For example, 80% keeping rate here represents rejecting the top
20% negative samples with higher uncertainty. The y-axis denotes the classification
accuracy (ROC-AUC or PR-AUC). The calculation processes of metrics are included in
the supplementary material. The dashed gray line denotes the raw results (without
rejection).

Last but not least, the estimated uncertainties for VLSTM and DK-
VRN are compared in Table S.2. For each variability considered to
quantify model uncertainty (latent variable, parametric, procedural),
accuracy and standard deviation values are computed given all the
variations tested for the two remaining variabilities (see Section 3.2).
DK-VRN yields lower total uncertainty, procedural variability, and
latent variable variability. Our previous research claimed encoding
domain knowledge as a prior/constraint distribution is beneficial to
reliability and stability (Zhang et al., 2024). Besides, Table S.3 demon-
strates that higher standard deviations of accuracies accompany higher
uncertainties. Therefore, these uncertainties constitute an alternative to
standard deviations for robustness measurements when the true labels
are unknown.

4.3.3. Decision-making based on uncertainty quantification

This subsection discusses two practices to improve decision-making
based on the proposed uncertainty framework.

Ensembling predictions. Table 4 summarizes the results for the
uncalibrated models (the averaging accuracy of individuals), the cal-
ibrated models, the uncalibrated model ensemble (the accuracy of
averaging probabilities provided by all the variations), and the cal-
ibrated model ensemble. First, the calibration algorithm reduces the
calibration error while preserving the classification performance. The
average performance for the uncalibrated models is the same as that
of the calibrated ones, while the accuracy of the model ensemble is
slightly altered. Second, the model ensemble yields higher performance
than single models, which implies that uncertain posteriors from the
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proposed uncertainty framework can be synthesized to achieve more
accurate estimations.

Rejecting uncertain predictions. As depicted in Fig. 4 and Fig. S.6,
rejecting highly uncertain predictions can produce higher ROC-AUC
and PR-AUC. For example, rejecting the top 20% uncertain negative
samples based on data uncertainty H (Burke and Brown, 2008) yields
ROC-AUCs equal to 72.72% and 76.59%, and PR-AUCs of 2.38% and
3.05%, for VLSTM and DK-VRN models, respectively, which are 3.2%
and 2.53%, as well as 0.39% and 0.24% higher than the raw results.
Similarly, rejecting the top 20% uncertain positive samples based on I,
achieves ROC-AUCs of 71.41% and 75.37%, and PR-AUCs of 3.64% and
4.65%, for VLSTM and DK-VRN models, respectively, which are 1.89%
and 1.31%, as well as 1.65% and 2.66% higher than the raw results.
Nevertheless, rejecting predictions means some samples do not have
accessible probabilities for decision. To reject misspecified uncertain
negative samples can promote warning awareness and alleviate risks.
Meanwhile, unaccessible possible positive samples can yield an under-
estimation of losses in hazard-sensitive areas. Incorporating additional
real-time hydrological information or cooperating with expert systems
to make decisions for these samples in real applications is accordingly
necessary.

5. Discussion

Before concluding this study, some important points related to
visualization, limitations, and prospects of the approaches are worth
mentioning.

5.1. Visualizations of aggregated signals

We first visually analyze the spatially aggregated signals of drought
probabilities and uncertainties over time. The analysis overlaps five
drought events across four different regions. For each drought event,
all signals are determined by calculating the average output value of all
pixels within each respective region per time step and then normalizing
this value to lie in the range [0, 1] along the time axis.

The normalized drought probability signals of the uncalibrated, the
calibrated, and the normalized uncertainty signals for the DK-VRN
model are depicted in Fig. 5. First, a few false alarms occurred, such
as false drought events in Afghanistan and Italy in 2014. However,
all the probability signals for droughts are dominant compared to
signals for non-droughts, suggesting the capability of detecting true
drought events. Besides, their signals have little difference because the
proposed calibration does not change the detection performance per
climatic zone. For instance, the uncalibrated and calibrated signals
are close in Afghanistan since the region has homogeneous climatic
properties. In comparison, larger differences may reside when the area
has heterogeneous climatic properties, such as in Russia.

Furthermore, false predictions are reasonably accompanied by ex-
cessive uncertainties. For instance, abnormal procedural variabilities
(I;) can be inspected at the two false positives in Afghanistan, which
indicate the usefulness of estimated uncertainty to ameliorate the de-
tection performance. Moreover, the proposed uncertainty framework
based on entropy can further benefit the rejecting predictions. For
example, procedural variabilities present less uncertainty at the true
positives while data variabilities (H) proclaim high uncertainty at the
false positives in Italy. The integration of different uncertainties may
contribute to better decisions. A similar analysis for the signals resulting
from the VLSTM model can be observed in Fig. S.7. Therefore, we
can conclude that the proposed uncertainty framework provides more
opportunities for the analysis of predictions and can be profitable for
the trustworthiness of models in decision-making.
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Fig. 5. Spatially aggregated signals of drought probabilities and uncertainties for the DK-VRN model, given the period 2011-2018 (test subset).
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Fig. 6. Temporally aggregated (averaging all time steps) drought probability and uncertainty maps for VLSTM and DK-VRN models, given the period 2011-2018 (test subset).
Three drought events occurred in this period: 1 (Russia), II (Italy), and III (Afghanistan). The ground truth is highlighted with blue contours. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

5.2. Visualizations of aggregated maps Maps are presented for the uncalibrated and calibrated probabilities,
as well as the different uncertainty estimates (data, latent variable,

We now visualize the temporally aggregated (averaging all time parametric, and procedural variabilities). As depicted in Fig. 6, maps
steps) maps of drought probabilities and uncertainties over Europe. for the uncalibrated and calibrated probabilities demonstrate dissimilar
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scales and spatial patterns. First, the scales vary from [0, 0.4] to
[0, 0.04], which implies the proposed calibration algorithm generally
decreases the overconfident probabilities. Specifically, the locations of
zones with fewer drought samples (lower label prior distribution) are
re-assigned to lower probabilities by the climatic calibration functions.
For example, the drought probabilities in Northern Europe are de-
pressed based on historical drought data, resulting in less calibration
error of Dfc, as reported in Fig. S.1.

Moreover, distinct ranges and patterns are presented in uncertainty
maps. These ranges correspond to the contribution of each uncertainty
component over the total uncertainty. For instance, data uncertainty
is the most significant, while parametric variability is the least sig-
nificant, where a remarkable logarithmic difference can be observed
based on the scales of the lower left colorbars in Fig. 6. Analogous
conclusions were found for drought indices (Laimighofer and Laaha,
2022). The proposed uncertainty framework allows further understand-
ing and comparison of DL models. For instance, DK-VRN provides
less latent variable and procedural variability than VLSTM, indicat-
ing that the effective incorporation of domain knowledge can reduce
the corresponding uncertainty. Therefore, the proposed uncertainty
framework provides opportunities for uncovering reasons for instability
and supporting robust evaluations or comparisons in unpredictable
scenarios.

5.3. Limitations and prospects

While the calibration and the uncertainty on DL-based drought
detection are investigated, the following limitations should be outlined.
Firstly, different data sources are not taken into account. The proposed
uncertainty framework estimates the data uncertainty only considering
ERA-5 data. Future efforts may count multi-source remote sensing
precipitation datasets (Huffman et al., 2015; Ashouri et al., 2015) with
different temporal and spatial resolutions. Incorporating new input
variables could help to understand or even decrease uncertainty, and
this is an interesting direction to explore in future research, based on
the proposed methodology in this paper. Secondly, the label noise or
error is not considered. Admittedly, the labels of drought events are
published by responsible specialists who undertake periodic quality
control. However, the criteria for drought are controversial. Techniques
like noisy labels or weak supervision may be helpful in this case (Cortés-
Andrés et al., 2024). For instance, label correction can improve model
regularization by adding similar structural labels, making them soft,
and correcting noisy semantic classes. Domain knowledge can also be
encoded, providing multiple sources of weak supervision as signals
for inferring the latent labels. Last but not least, testing the proposed
uncertainty framework on different climate projections can provide
valuable insights into understanding how DL models perform in un-
predictable long-term scenarios with differences in greenhouse gas
emissions (Stocker et al., 2013).

6. Conclusion

We have studied the calibration and uncertainty quantification
for DL-based drought detection, bridging the gap between existing
DL models and trustworthy drought detection. A parametric calibra-
tion algorithm was proposed to mitigate the distributional shift of
probabilities to achieve less calibration error. Then, an entropy-based
uncertainty framework is proposed for uncertainty decomposition and
quantification. Experimental results on ERA-5 data and considering
European drought events have validated the effectiveness of the pro-
posed calibration algorithm and uncertainty framework. We showcased
that the proposed calibration algorithm improves the reliability of
predictive probabilities, while the proposed uncertainty framework
benefits the trustworthiness of the decision-making. Although our ex-
perimental results are encouraging, we plan to investigate further from
two perspectives: (1) quantify data uncertainty for drought detection
given multi-source data; (2) explore model calibration and uncertainty
quantification under different climate projections.
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