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ABSTRACT: Flash droughts (FDs) describe the rapid onset of drought conditions and can have numerous impacts on
agriculture and ecosystems due to rapid desiccation of the landscape. Recent studies into FDs have shown that the surface
variables that drive these events include soil moisture, evapotranspiration, and potential evapotranspiration. However,
studies that use machine learning (ML) to examine flash drought are still limited, despite the skill they have shown at iden-
tifying seasonal-scale droughts. This study is the second part in an investigation of FD representation and prediction using
ML methods. Part I investigated traditional ML techniques, while this part investigated the ability of neural network—based
methods to identify FD events. Key variables (soil moisture, evaporation, potential evaporation, temperature, and precipi-
tation) were incorporated to train the ML models. Artificial neural networks (ANNs) struggled to identify FDs because
they could not learn the surface interactions that characterize FD events. Convolutional U-networks were more capable of
learning FD patterns but still overemphasized spatial patterns. Recurrent neural networks (RNNs), using a long short-term
memory layer, most frequently had the highest skill score when predicting FD patterns and reduced much of the overpre-
diction of FDs that occurred with the standard ML algorithms. RNNs could also recreate regions where FDs were more
frequent as well as the seasonality climatology of FDs better than standard algorithms for some FD identification methods
(but struggled more with the seasonality for other identification methods). However, the RNNSs still struggled with the pre-
cise timing of FD events. Overall, RNNs showed some skill and promise in representing FDs on climatological time scales.
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1. Introduction energy or moisture gradients; Otkin et al. 2018; Christian et al.
2019a; Tyagi et al. 2022). Advances in FD studies have found a

Climatological dry extremes have received a great deal of . . .
& Y 5 feedback process that involves increased atmospheric demand

attention because they are one of the most impactful forms
of natural disasters (Hao et al. 2018; Dikshit et al. 2020;
AghaKouchak et al. 2022), with some of the less resilient re-
gions having impacts as large as food crises (Dikshit et al. 2020;
Krishnamurthy R et al. 2022; Lesk et al. 2022), and they oc-
cur regularly, near a yearly time scale in some locations
(Peters-Lidard et al. 2021). In particular, interest has grown in
the last decade in a subset of drought events, termed flash
drought (FD) for their rapid intensification of drought condi-
tions (on the order of a month; Svoboda et al. 2002; Otkin et al.
2018; Lisonbee et al. 2021; Tyagi et al. 2022). FD events have

via precipitation deficits combined with factors such as in-
creased temperatures, decreased humidity, and increased solar
insolation. Subsequently, surface soils and vegetation become
desiccated due to increased evapotranspiration (ET), which
promotes increased sensible heat flux and increased atmo-
spheric demand (Otkin et al. 2018; Christian et al. 2019a, 2021,
2022, 2023; Osman et al. 2021; Otkin et al. 2021; Tyagi et al.
2022). The key variables that drive the feedback process in-
clude soil moisture, evapotranspiration, and potential ET
(PET). Following Otkin et al. (2018), studies have introduced

proved more difficult and complex to identify in real time and
predict due to their rapid intensification on the subseasonal
time scale (2-week—3-month time scale), seasonality (months
in which FD development is more favorable or more likely),
and favoring certain regions (often agricultural regions, or
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methods of identifying and quantifying FD events; however,
no single definition has been accepted by the community
(Lisonbee et al. 2021; Tyagi et al. 2022). Many of these FD
identification methods follow similar principles; i.e., a proxy
for FD decreases by a certain threshold within a 3-6-week pe-
riod (to quantify the rapid intensification), and then, the proxy
falls below the 20th percentile (to identify the drought). As
such, these methods find similar climatological hotspots (regions
where FDs occur more frequently or are more likely to occur)
for FD activity (e.g., the U.S. Great Plains; Christian et al.
2019b, 2021; Otkin et al. 2021). Ultimately, the definitions are
different via some of the finer details (Osman et al. 2021; Alencar
and Paton 2022).

© 2025 American Meteorological Society. This published article is licensed under the terms of the default AMS reuse license. For information regarding
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2 ARTIFICIAL INTELLIGENCE FOR THE EARTH SYSTEMS

Another new feature in drought studies gaining attention
over the past decade is the use of machine learning (ML) tech-
niques to find and predict drought events (Mohamadi et al.
2020; Dikshit et al. 2022; Hsieh 2022). These ML techniques fall
under the category of statistical models and have been em-
ployed in recent studies to predict droughts via climatologi-
cal and hydrologic metrics that change on the order of
months to years (e.g., Ganguli and Reddy 2014; Rhee and
Im 2017; Mohamadi et al. 2020; Dikshit and Pradhan 2021).
Many ML studies have focused on techniques such as ran-
dom forests (RFs), support vector machines (SVMs), and
boosted trees (Mohamadi et al. 2020; Dikshit et al. 2022).
Other studies have explored neural network (NN)-based tech-
niques to estimate drought indices and have utilized artificial
neural networks (ANNs) often one layer deep. However,
some variations, such as the adaptive neuro-fuzzy interface
system (ANFIS), have also become popular (e.g., Mohamadi
et al. 2020). Overall, these NN methods frequently outperform
other ML techniques. For example, Dikshit and Pradhan
(2021) found that a single-layer ANN model reduced the gen-
eralization error and better represented the temporal trends in
standardized precipitation evaporation index (SPEI) than
SVMs and RFs. Likewise, Mohamadi et al. (2020) found that a
two-layer ANN and ANFIS both outperformed SVMs (and
ANFIS outperformed the ANN), and ANNs better captured
the spatial characteristics of soil moisture than RFs and boosted
trees in southern Asia (Prodhan et al. 2021). Thus, NNs have
generally performed well in predicting drought indices. Other
types of NNs have also been used in drought studies. For
example, recurrent NNs (RNNs) have occasionally been
used to study drought severity (e.g., Dhyani and Pandya
2021), as well as convolutional NNs (CNNs; e.g., Dhyani and
Pandya 2021; Liu et al. 2024). The combination of RNNs and
CNNs and other deep learning methods have also been used
in drought monitoring (Kaur and Sood 2020; Foroumandi et al.
2023). However, these methods are largely unexplored for
FD, except for two known examples. As such, this study aims
to add to this by examining and testing the feasibility and per-
formance of using such techniques for FD identification and
prediction.

Research into FD using ML has thus far been limited, with
only two known publications on the topic (Zhang et al. 2022;
Foroumandi et al. 2024) despite the potential for ML to over-
come many of the challenges in FD prediction (Tyagi et al.
2022). Zhang et al. (2022) predicted rapid intensification from a
set of drought events using RFs, RNNs, and multilinear regres-
sions (MLRs), with RFs outperforming the RNNs and having
the most consistent results. Foroumandi et al. (2024) predicted
standardized soil moisture with a generative adversarial net-
work (GAN), which was then correlated to FD for FD moni-
toring. The GAN was able to learn complex features in the soil
moisture and captured sudden changes in the soil moisture. To
expand further on this research, this project, the second in a set
of projects investigating ML representation of FDs, seeks to
conduct a comprehensive examination of how well different
NN techniques, such as ANNs, RNNs, and convolutional
U-Nets, can represent FD events directly. Edris et al.
(2025, hereafter Part I), focused on the more standard ML
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technique, such as RFs, SVMs, and AdaBoosted trees. The
contributions of Part II is to investigate the capability of
standard NN-based models to represent FD and determine
how well, if at all, they can improve on the predictions
made by the ML models in Part I and what is further
needed to improve FD predictions with ML methods.

2. Datasets

Input and output datasets for the machine learning models
were identical to those used in Part I, with the main addition
being the application of NN techniques. The reader is referred
to Part I for full details and justification of variables. In brief,
this project employed key variables from the North American
Regional Reanalysis (NARR; Mesinger et al. 2006). The input
data include variables known to drive or signal FD events, in-
cluding temperature 7, precipitation P, ET, PET, and the mean
0-40-cm soil moisture (SM). These variables were averaged
over pentads to eliminate day-to-day variability and retain key
signals. Pentad differences in the critical variables that drive the
feedback process for FD development (ET, PET, and SM;
Christian et al. 2019b, 2023; Otkin et al. 2021; Osman et al.
2021; Tyagi et al. 2022) were also calculated and filtered
through a 30-day (six pentads) leading moving average
(referred to as AET, APET, ASM) to represent the rapid de-
velopment of drought conditions. Output data were a binary
label, indicating whether FD occurred at a specific grid point
and pentad (1) or not (0).! Because there is no consensus on
FD identification, multiple output datasets were made using
different FD identification methods, and the NN techniques
were trained to each one individually. The FD identification
methods used in this study include the methods outlined in
Christian et al. (2023; hereafter C23), in Noguera et al. (2020;
hereafter N20), in Pendergrass et al. (2020; hereafter P20),
in Liu et al. (2020; hereafter L20), and in Otkin et al. (2021;
hereafter O21).

Last, Fig. 1 shows the frequency of FD events or the target
climatology for the NN models to predict, according to each
of the five methods listed above. The general spatial trend in
FD was similar for each method (with small variations in the
spatial hotspots), but each method had different FD frequen-
cies and each method highlighted some hotspots more
strongly than others (some omit hotspot regions altogether),
agreeing with the general findings in Osman et al. (2021).

3. ML algorithms and verification

Figure 2 displays the neural network architectures used in
this study. They were built and trained using the TensorFlow
package and the Keras application programming interface
(API) (Abadi et al. 2015; Chollet et al. 2015). A description of
neural networks, some of the standard structures, and
terminologies can be found in Chase et al. (2023). A small
sample of the dataset (10 folds across four rotations) was used

! Similar to Part I, there was a hidden third class (2) for sea grid
points. Sample weights for this third class were set 0 to avoid im-
pacting training.
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FIG. 1. Percentage of years FD experienced according to (a) the C23 method, (b) the N20 method, (c) the P20 method,
(d) the L20 method, and (e) the O21 method (reproduced from Fig. 1 in Part I).

to test different network architectures and parameters, and the
ones with the best validation performance and did the best at re-
constructing the spatial climatology and temporal time series of
FD were chosen for this project. In these tests, the main parame-
ter that affected the performance of the model was not necessar-
ily the architecture of the neural networks but the sample
weights applied to account for the class imbalance. Further, since
the main difference between each FD identification method is
how frequently they identify each FD, the sample weights were
modified according to the FD identification method (supplemen-
tal Table 1 in the online supplemental material), while the net-
work architecture and other parameters were kept the same.
Sample weights are weights that are applied to each grid and
pentad when the loss function to calculated, with higher weights
placing greater empbhasis in the loss function. For this study, grids
and pentads without FD were given sample weights of 1, and
grids and pentads with FD were given larger sample weights
(supplemental Table 1 for precise values) to help emphasize FD
in the loss function and account for class imbalance. Regulariza-
tion is also helpful to prevent overfitting (Marcolongo et al.
2022) and to help account for any spatial autocorrelation in the
dataset (Madakumbura et al. 2021). For these reasons, L2 regu-
larization was applied to each network, as well as dropout to
help further reduce overfitting (supplemental Table 2). Other
general parameters were equally applied for each network and
FD identification method (see supplemental Table 2). Training
results (such as training time and final loss values) can be found
in supplemental Table 3.
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For a description of the verification methods, the reader
is referred to Part I. In brief, ML algorithms were verified
using K-fold cross validation, where the data were split into
43 folds (1 per growing season): 41 folds were used for train-
ing, 1 fold was used for validation, and 1 fold was used for
testing. ML algorithm skill was determined by the true skill
statistic or Pierce’s skill score (Woodcock 1976), whose values
showed similar trends to other skill scores such as the critical
score index (CSI)/threat score and the equitable threat score
(ETS); however, difference in performance was found to
be clearer with fewer decimal places with the Pierce’s skill
score. ML predictions were also statistically compared to
the true predictions via composite mean differences, with
statistical significance determined via the Monte Carlo boot-
strapping method (with N = 5000, without replacement). In-
terpretability of the ANNs was determined via Shapely values
from the Shapley additive explanations (SHAP) package
(Lundberg and Lee 2017) with the same simplifying assump-
tions as in Part I. Shapely values (called SHAP values in the
SHAP package) determine the importance of individual fea-
tures by comparing model performance when “with” the
feature and “without” it. Note that the RNNs and U-Nets
could not be interpreted as easily by Shapely values as their
outputs had too many dimensions (number of spatial pixels
by number of pentads by number of classes for RNNs and
number of pentads by x spatial dimension by y spatial di-
mension by number of classes for U-Nets), yielding ambigu-
ous results when using Shapely values.
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FIG. 2. NN architectures used to identify FD. (a) ANN architecture, (b) RNN architecture, and (c) convolutional U-network. Note that
the U-network had a spatial dropout of 0.2 applied after every convolutional layer (not shown). Shapes for the input layers were
(a) Nspace Ntime X Nfeatures for ANNS, (b) Nspace X Ntime X Nfeatures for RNNS, and (C) Ntime X Nspace X Nfeatures for the U-Nets.
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a. Artificial/densely connected neural networks

ANNSs, sometimes called densely connected NNs (DNNs)
or fully connected networks to distinguish them from 1D
CNN, are the standard form of neural networks and the ones
most commonly used in drought studies (Mohamadi et al.
2020; Dikshit et al. 2022; Hsieh 2022). These networks take
the inputs and connect all of them to each unit in the next
layer, the output of which is connected to all the units in the
next layer, and so on. Interestingly, many drought studies do
not use deep ANNSs but rather tend to stick to ANNs with
one or two hidden layers (Dikshit and Pradhan 2021; Dikshit
et al. 2022; Hsieh 2022). The ANN structure used for this pro-
ject is a standard structure for ANNs, with a large number of
units in the first layer and steadily decreasing number of units
for each layer. A four-layer model was chosen, starting with
80 units in the first layer and decreasing to 10 units in the final
layer (Fig. 2). When testing on the subset of FD data, the
structure of the network did not greatly impact the predic-
tions as much as the number of parameters that are trained
in the NN. If there were too many parameters, the network
would get stuck in a trivial solution (predicting no FD for all
grid points and pentads) and have trouble finding a solution
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that predicts FD and learns FD patterns (i.e., it gets stuck in
a local minimum in the cross-entropy loss function). Con-
versely, if there were too few parameters, the network would
not be able to sufficiently learn anything. From experimenta-
tion, approximately ~2000-7000 parameters struck a balance
where the networks could learn spatial and temporal features
of FD without getting trapped in a trivial solution (however,
approximately 11%-21% of rotations still got trapped in a
trivial solution for the P20, L.20, and O21 methods). However,
the ANNs were the simplest NNs examined and were by far the

TABLE 1. True skill statistic over all grid points and pentads
for each ML algorithm and FD identification method. Numbers
in the parentheses indicate 95% confidence intervals derived
from a one-sample ¢ test (calculated across all pentads). Highest
skill score for each identification method is bolded.

ANNs RNNs U-Nets

0.03 (20.006) 0.25 (£0.034) 0.12 (£0.015)
0.00 (20.002) 0.23 (£0.046) 0.18 (£0.025)
0.00 (£0.000) 0.08 (x£0.025) 0.00 (£0.002)
0.06 (20.023) 0.16 (£0.027) 0.06 (£0.023)
0.18 (£0.050) 0.10 (£0.016) 0.15 (£0.011)

AdaBoosting

0.33 (£0.019)
0.13 (0.007)
0.06 (£0.008)
0.27 (£0.016)
0.28 (+0.016)

C23
N20
P20
L20
021




JULY 2025 EDRIS ET AL. 5
(a) True - Predictions for C23 (b] True - Predictions for N20
50°N 50°N-
40°N 40°N
30°N- 30°N
120°'W 105°W 90°W T5°W 120°'W 105°W 90°W 75°W
(© ()]
50°N 50°N
40°N. 40°N-
30°N. 30°N.
120'W 105°W 90°W 75°W 120°W 105°W w'W W
(© True - Predictions for 021
50°N
40°N
30°N
120°W 105°W 90°W T5°W
—0.100 —0.075 —0.050 —0.025 0.000 0.025 0.050 0.075 0.100

FIG. 3. Composite mean difference (unitless) of true minus predicted FD labels for each FD identification method
using RNNS.

fastest to train (supplemental Table 3). The proposed architec-
ture for this study contained 5023 parameters. For the ANNs in
this project, each grid and pentad in the dataset was treated as
an example, while the input features were densely connected in
the hidden layer. This meant that the input layer for the ANNs
had a shape of NypaceNViime X Nieatures OF 20 580 Nijme X 8 (where
the time dimension was split into different folds and had 1763
pentads for the training set and 43 pentads for the validation and
test sets).

b. Recurrent neural networks

RNNs are networks better attuned for learning temporal
data based on its recurrent or recursive feature. RNNs take
in a time series for each input feature (which are densely
connected in an ANN fashion) and, for a given time frame,
will use the input features to learn the classification. Addition-
ally, the network will also recursively use information from
the previous time frames to learn the temporal features of
the data. However, the weighting of the previous time
frames becomes smaller the further back the recurrent layer
looks, resulting in a standard recursive layer having short-
term memory. Additional recurrent modules have been de-
veloped so that RNNs can have better long-term memory.
The most common modules are the long short-term memory
(LSTM) module and the gated recurrent unit (GRU) module
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(Hochreiter and Schmidhuber 1997; Sak et al. 2014; Zaremba
et al. 2015; Cho et al. 2014). These modules use a series of
gates to regulate what gets remembered and what is forgotten
to help improve memory, with the parameters of the modules
being trained as part of the training process. Drought studies,
and atmospheric studies in general, favor LSTMs exclusively
whenever RNNs are used, as LSTMs are a more complete
form of the GRU modules (Dikshit et al. 2022; Hsieh 2022;
Zhang et al. 2022). While both were tested, LSTM layers were
shown to slightly improve ML predictions and were used in this
study. Thus, this study used an RNN structure with one LSTM
layer followed by a densely connected layer after the time series
has been learned (Fig. 2). Additional LSTM layers (up to five
with over 200000 parameters) were tested but did not notice-
ably improve the performance. The final RNN model had fewer
parameters than the ANN (2563 parameters total) and did not
have as many issues in getting stuck in a trivial solution (though
this still occurred with the N20 method for 11 of the rotations).
For the RNNS, each grid point was treated as a sample, while
the input features were connected in each unit, and the recur-
sive axis was trained along the time axis. This meant that the
RNNs had an input shape of Ngyace X Nime X Nreatures OF
20580 X Ngme X 8. Note that the time dimension/sequence
length was left generic in the model structure since it was differ-
ent between training and validation/test sets.
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FIG. 4. The 95% statistical significance of composite mean differences of the RNN predictions.

c¢. Convolutional U-networks

Convolutional neural networks differ from ANNs in that
not all of the nodes are connected to all of the subsequent no-
des. Rather, only a set of nodes from the previous layer con-
nects to a node in the next layer in a convolutional operation.
In a 2D sense, this means that a rectangular set of grids are con-
nected to a single grid in the next layer, while another grid in
the next layer uses inputs from another rectangle of grids (the
rectangular box is shifted by one or more grids to the right, de-
pending on a parameter termed stride, unless the rectangular
box is at the right end of the map, and then, it shifts to the left
edge and one or more grids down), and so on until all the grids
in the next layer have been filled in. The size of the box used
for convolution depends on the kernel size of the convolution
layer (e.g., a kernel size of 3 X 3 means a sliding box of 3 X 3
grids will be used to derive values in the next layer). In addi-
tion, convolutional networks incorporate pooling layers or
layers that use an n X m kernel and either the average or maxi-
mum value of grids within that kernel (depending on the type
of pooling used) for the pooling layer. For meteorological
purposes, zero padding (adding zeros around the edges of
the map) is typically used so that convolution layers do not
change the grid size (they are set so that the sliding rectan-
gular boxes on slide one grid point at a time, so that the convolu-
tion layer has the same grid as the previous layer), while pooling
is used to reduce the grid size (a pattern this study follows; Liu
et al. 2016; Boulaguiem et al. 2022; Marcolongo et al. 2022;
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Foroumandi et al. 2024). An operation, termed upsampling,
can be used to go in the opposite direction from pooling (in-
creasing the grid size). Using a sequence of convolutional
and pooling layers followed by a sequence of convolutional
and upsampling layers forms a network that gives gridded
outputs and can generate maps and images, termed a U-network
(because the architecture resembles a U).

On the top of the convolutional networks, which are known
to effectively capture spatial patterns, U-Nets have been shown
to effectively recreate maps of meteorological variables, predict
said variables, and learn complex spatial-temporal patterns
(e.g., Liu et al. 2016; Boulaguiem et al. 2022; Marcolongo et al.
2022; Foroumandi et al. 2024). Therefore, this study employs a
convolutional U-Net to identify FD, with the architecture given
in Fig. 2c. This model was deeper than the other networks
explored here and contained a larger number of parameters
to train (257 875 parameters), but the U-Nets were still able
to adeptly identify FD. However, despite the greater number
of parameters, the U-Nets took a similar amount of time (for
half the number of epochs; supplemental Table 3) and compu-
tation resources to train as the RNNs due to the simpler com-
putations for the convolutional layers and the fewer samples
for U-Nets to train on. For this experiment, the convolution
was performed on maps of FD variables (i.e., along the spatial
axes), while the input variables were densely connected to the
“filters” (a third dimension in the U-Nets that densely con-
nects the input variables, to identify patterns and features
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FIG. 5. Predicted frequency climatology of FDs by the RNNs for the (a) C23, (b) N20, (c) P20, (d) L20, and
(e) O21 methods.

relevant to the input variables). The U-Nets used the time
axis as the number of training examples (giving the U-Nets
an input shape of Nyme X Nypace X Nieatures)- Note that this
means the U-Nets had fewer samples to train on than the
other networks (e.g., a training set had 41 folds, with 43 pen-
tads per fold for 1763 samples compared to 20 580 samples for
when each grid point was treated as an example).

4. Results and discussion
a. Statistical performance

The true skill statistic for all NN structures are given in Ta-
ble 1, along with the skill score for the AdaBoosted trees
(best-performing ML algorithm in Part I) for reference. In
this case, the RNN architecture managed to improve the skill
of the ML algorithms (up to a 0.11 increase in the best case)
for two FD identification methods (N20 and P20). As the
RNNs most frequently showed the highest skill scores of all
the NNs, the remaining figures showing ML model perfor-
mance are for RNN predictions. Similar figures using U-Net
predictions can be found in supplemental Figs. 5-12, and
ANN results can be found in supplemental Figs. 13-21. In
comparison, the standard ANN structure struggled to make
FD predictions, and the U-Nets overemphasized spatial pat-
terns (i.e., U-Nets overpredicted FD hotspots, occasionally
at the expense of identifying FD in other locations) more than
the RNNs. ANN results could, in part, be not only due to the
tendency of the ANNs to get trapped in local minima that
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are trivial/null solutions (solution that do not predict any FD)
more frequently than the other ML algorithms but also be-
cause it overemphasized SM above all other variables, similar
to SVMs (supplemental Fig. 15; Part I) and generally did not
learn the surface interactions involved in FD.

In examining the difference between the true and predicted
FD labels for the RNNs (Fig. 3), a widespread improvement
can be seen in the climatology predictions compared to the
AdaBoosted trees for four of the FD identification methods.
In each case, the amount of overprediction of FD in hotspot
regions has been notably reduced, with fewer cases of under-
prediction except for the Great Lakes region and Northeast
in the C23 method and southeastern California in the N20
method. The consistent underpredictions of FD in the O21
method suggest that the RNNs focused heavily on the events
in the southern United States and, therefore, struggled to
identify FD in other regions. Moreover, the composite differ-
ence for the P20 method looks quite good, with only small dif-
ferences compared to the truth labels. However, all of those
differences are statistically significant (Fig. 4), and the predic-
tions using the P20 method had a low skill score, suggesting
that the RNNs predicted similar spatial climatology but might
have struggled with the timing of FD events.

b. Climatological performance

Figure 5 shows the predicted FD frequency climatology by
the RNNs. The RNNs showed notable improvement to the
predicted climatology compared to the AdaBoosted trees in
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FIG. 6. FDs seasonality (percentage of FD occurrence) for true labels (blue) and predicted labels by the RNNs

(orange) for the (a) C23, (b) N20, (c)

Part I, with the overemphasis on hotspot regions reduced in
the RNNs compared to the AdaBoosted trees. This is an in-
teresting note as the RNNs and AdaBoosted trees had com-
parable skill scores. In general, throughout these results, the
RNNs will improve on the climatological predictions of FD
but still struggle with the timing of FD events. Since the true
skill score compares the predictions pentad to pentad and grid
point to grid point, the RNNs and AdaBoosted trees give simi-
lar skill scores. The agricultural regions that the AdaBoosted
trees identified as hotspots were still present in some RNN
predictions (e.g., for the C23 method) and absent in others
(P20). In addition, the overemphasis in Florida was also still
present for some FD identification methods (i.e., C23; L20;
021). Further, while the RNNs created hotspots in some agri-
cultural regions (e.g., eastern Washington and southern
Idaho), the signal there is much more muted compared to
what the traditional ML algorithms (RFs, SVMs, and Ada-
Boosted trees) learned. In exchange, however, the RNNs
learned to identify an additional hotspot in Arizona and west-
ern New Mexico. This is particularly interesting as while this is
not a hotspot for FD in the true labels (Fig. 1), it is a hotspot

Brought to you by UNIVERSITY OF OKLAHOMA LIBRARY | Unauthenticated | Downloaded 07/30/26 05:46 PM UTC

P20, (d) L20, and (e) O21 methods.

for rapid intensification of dry conditions without going into
drought (Edris et al. 2023). This tendency toward identifying
the American Southwest along with the other successes the
RNNs had for the C23 method suggests the models were lean-
ing toward predicting areas of rapid intensification, as much or
more so than FD. In contrast, the RNN predictions for the
021 method focused heavily on this hotspot region but strug-
gled to learn FD elsewhere. The emphasis on the southern
United States suggests that the RNNs, for the O21 method,
may have been over reliant on 7" and/or PET for FD predic-
tion for that FD identification method, given its similarity to
the T and PET climatologies. As the RNNs seemed to over-
predict FD in similar locations as the AdaBoosted trees for all
methods except O21, they may have relied on similar variables
as the AdaBoosted trees to make predictions (SM, P, and PET),
but the performance in overpredictions and emphasis on other
locations also suggest that the RNNs were more effectively in-
corporating information from other variables and were not as
strongly reliant on a select few as the AdaBoosted trees were.
Also in contrast to the AdaBoosted trees, the RNNs may
also have learned the seasonality of FD more effectively. The
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labels were made by the RNNs.

RNNs did not focus on a select few months at the end of the
growing season but predicted varying seasonalities depending
on the FD identification method (Fig. 6). The RNN seasonal-
ities also matched the true labels more closely in some cases
(e.g., C23; N20; L20, though it had trouble finding early sea-
son FDs in C23), but that attempt at learning the seasonality
also resulted in poorer results in the P20 and O21 methods
(Figs. 6¢,e). In addition, the resulting time series of FD cover-
age had more mixed results compared to the AdaBoosted
trees. The RNNs in general did not learn as well which years
had larger FD events as well (Fig. 7), resulting in some years
with much more widespread FD predicted when the true la-
bels show otherwise. Note that years when no FD was pre-
dicted for the N20 method represent rotations when the
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RNNSs predicted trivial solutions (Fig. 7b), further suggesting the
timing of particular FD events was a limitation for the RNNs.

c. Case studies

A case study for the FD of 2012 is given here (Fig. 8) as a di-
rect comparison to the predictions from the AdaBoosted trees
in Part 1. In that case, the boosted trees performed relatively
well and captured much of the spatial extent of the FD but
struggled with the timing, identifying FD prematurely or months
too late. In comparison, the RNNs were also able to capture and
even improve on the spatial coverage of FD (e.g., creating a
more realistic interpolation of FD in the P20 method); however,
it also struggled with the exact timing of the FD onset. Unlike
the AdaBoosted trees, which identified FD too early or too late,
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tions for the entire dataset using RNN models, and (right) true and predicted FD coverage over the domain. FD predictions were made

by RNN models.

depending on the FD identification method, the RNNs consis-
tently identified FD a month or two late in this case study, shift-
ing the bulk of the identification down by four to eight pentads.
In addition, the U-Nets were also able to capture the spatial ex-
tent of FD for the C23 and O21 methods, though not necessarily
the timing (supplemental Fig. 10).

Another case study that is examined here is in 2003, in
which FD developed early in the growing season and then
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propagated into the central portion of the Great Plains in the
summer as SM declined and vegetation desiccation resulted in
decreased ET (supplemental Fig. 3) through the rest of the
growing season, creating substantial crop damage (Fig. 9;
Otkin et al. 2014). This was an interesting case study because
the RNNs learned the coverage and the timing of the FD
more effectively, having the bulk of the FD identified at the
same time as the true labels for the C23 and N20 methods.
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Given that this particular FD was driven more by SM decline
(and resulting decline in ET; supplemental Fig. 3) rather than a
combination of increasing PET, decreasing SM, and decreasing
ET (note most of the FD occurred in June-August, when SM
was declining in supplemental Fig. 3, and after PET had started
to peak), this case study ultimately proved to be a simpler
event that the RNN models were able to capture as com-
pared to 2012 or 2017. However, in the C23 and N20 meth-
ods, the RNNs failed to find the regions where the FD initiated
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early and thus did not necessarily capture the propagation of
FD (Fig. 9, rows 1 and 2). Combined with the good representa-
tion of FD coverage for the same three identification meth-
ods, the RNNs well outperformed the AdaBoosted trees in
this case study (not shown).

The final case study examined was in 2017, in which large
parts of eastern Montana and western North and South Dakota
fell in severe drought for much of the growing season, resulting
in notable agricultural impacts (up to 2.6 billion U.S. dollars in
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agricultural losses; He et al. 2019; Lowman et al. 2023). Rising
temperatures (and evaporative demand) without corresponding
precipitation increase in May resulted in early FD identification
in the N20 method, while the C23, .20, and O21 methods iden-
tified FD in early summer (June) during the rapid decline of
SM and ET, and the P20 method identified the FD at the end
of the growing season, as evaporative demand rapidly increased
(Fig. 10 and supplemental Fig. 4). The RNNs represented FD
fairly well for this event, with the spatial extent of the FD fairly
well captured by the RNNs. While the RNNs had difficulty get-
ting the timing of FD for the C23 and N20 methods (where FD
was predicted about a month late), they were able to capture the
timing of the FD better with the N20, P20, and L.20 methods.

5. Discussion and conclusions

This paper continued on the work from Part I by predicting
FD with NN algorithms. The standard ANN structure had a
surprisingly difficult time identifying FD. U-Nets improved
on the ANNs but were broadly not able to outperform the
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AdaBoosted trees. However, the RNNs showed some improve-
ment at identifying FD over the AdaBoosted trees in Part I, ex-
cept for the O21 method. Specifically, the RNNs reduced the
rate of overprediction of FD in hotspot regions (fewer false posi-
tives) by up to 70.83% for the C23 method, 86.15% for the P20
method, and 40.76% for the .20 method (for the N20 method,
AdaBoosted trees underpredicted FD, so there was no improve-
ment in overpredictions for that method). RNNs also gave more
realistic climatological predictions outside of the hotspot regions.
The RNNSs also learned the seasonality of FD more effectively
for some FD methods than others (i.e., the C23, N20, and L20
methods), and they compared well to the AdaBoosted trees in
specific case studies (i.e., 2012) while outperforming them in
others (i.e., 2003). However, the RNNs struggled to learn the
precise timing of FD events and often identified the initiation of
an FD event 1-2 months later than in verification, resulting in
low skill scores. Interestingly, ML algorithms predicted the C23
and O21 methods better than others, suggesting they may have
an easier time recognizing patterns similar to or correlated with
SM patterns and climatologies.
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Taken together with the results from Part I, our contributions
were an initial look at the capability of ML algorithms to di-
rectly represent FD events (i.e., to directly predict if there is or
is not FD), contributing a proof of concept of the ability of
these standard ML approaches to directly represent FD events.
The ML algorithms showed some promise in representing FD
events as a whole, with AdaBoosted trees and RNNs (using
LSTM layers) showing the most skill. One caveat is that the
standard ML algorithms often over-relied on some variables
(such as SM, P, and PET) to predict FD. RNNs seemed to im-
prove on this but still struggled with the timing of FD events. In
addition, the RNNs also had a difficult time learning the pat-
terns and timing of FD for some identification methods (i.e.,
P20; O21). This is possibly because the RNNs failed to properly
synthesize surface variables and learn surface interactions (e.g.,
the predicted frequency of FDs for the O21 method strongly re-
sembled PET and temperature climatologies, suggesting the
RNNs mostly relied on those variables). As a note, this study
sought to identify FD directly as a classification problem, which
may have different results compared to a regression problem
where an FD indicator is predicted (e.g., in Foroumandi et al.
2024). Regression problems that aim to predict one of the driv-
ing variables for FD [such as the GAN model in Foroumandi
et al. (2024), which was able to represent SM well] may have
differing results and offer different perspectives than a classi-
fication approach that synthesis several difficult to represent
surface interactions. As such, future steps in this research
should examine regression models, as well as investigate
more advanced ML models such as transformers and graph
neural networks.

Another contribution of these studies was a unique opportu-
nity to examine the climatologies and seasonalities of multiple
FD identification methods and how they examine different case
study events. And in general, they showed similar, though vary-
ing, patterns. For example, C23 focused more heavily on agricul-
tural regions and energy transition regions, where the evaporative
stress from vegetation compared to native vegetation is higher.
In contrast, the N20 method focused more on the western
United States and earlier summer due to its emphasis on mete-
orological water deficit (i.e., use of SPEI). The P20 also fo-
cused more on mid- to early summer FDs due to its emphasis
on atmospheric demand [using evaporative demand drought
index (EDDI; Hobbins et al. 2016) to identify drought]. Simi-
larly, the L20 and O21 methods had climatological patterns
similar to SM, identifying hotspots more closely to the C23
method and identifying FD more in the late growing season
(August-October) when SM was lower (Illston et al. 2004)
and in early spring. In general, each FD identification method
gives its own perspective and flavor, on FD, and examining
and comparing their climatologies and how they handle different
FD events can provide useful insights and are recommended for
future studies. Given the plethora of FD identification methods,
each giving its own perspective, a “true” identification of FD or
prediction of FD would likely come from an ensemble approach,
as recommended in Alencar and Paton (2022), or a convergence
of evidence approach combined with expert opinions, similar to
what the U.S. Drought Monitor uses (Svoboda et al. 2002).
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Future studies should also examine some of the select ML
algorithms (viz., the AdaBoosted trees and RNN structures)
with multiple explainable artificial intelligence (AI) (XAI)
methods, to better understand how the ML algorithms use
the input variables and make their predictions, and what is
needed to improve them (e.g., if more variables are needed or
if more samples are needed). Future works, for example, are
recommended to add other variables (such as ENSO, AMO,
or other climatological drivers) or breaking down some varia-
bles (such as PET) into parts to examine if that forces the ML
algorithms to focus on other variables and learn the surface
interactions that drive FD events more effectively. Examina-
tion into these patterns can help make ML algorithms that are
interpretable and improve them, potentially to the point of
being able to predict FD on the seasonal to subseasonal time
scale (a difficult task for which there are few tools).
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