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ABSTRACT

Drought is a multifaceted hydro climatic risk that impacts greatly on water resources, agriculture and
livelihoods especially in areas that depend on the monsoon like the Tel River Basin in Odisha, India. The paper
investigates deep learning and ensemble modelling that are proposed to predict medium-term meteorological
drought with the Standardized Precipitation Index at three and six months (SPI-3 and SPI-6). The NASA
POWER database provided monthly data of precipitation from 1971 to 2016 in four stations, namely,
Kalahandi, Kandhamal, Kesinga, and Nuapada. The input features that included lagged SPI values to a
maximum of 12 months were used in order to adjust temporal dependencies. Convolutional Neural Network
(CNN), Long Short-Term Memory (LSTM), and Transformer models of deep learning were created and their
petrformances compared against an ensemble of a Bayesian Model Averaging (BMA). Correlation coefficient (R),
coefficient of determination (R?), Root Mean Square Error (RMSE), Mean Absolute Error (MAE) and
NashSutcliffe Efficiency (NSE) were used to measure model performance. Findings have shown that individual
models work quite well but the BMA ensemble always outperforms an individual model in terms of accuracy
and stability. The results indicate potential of the ensemble-based deep learning methods in making reliable
prediction of regional droughts
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1 INTRODUCTION

Drought is an extremely common and devastating
natural disaster with extreme effects on agriculture, water
and socioeconomic stability especially in developing
countries whereby the livelihoods are dependent on the
fluctuation of rainfalls. The droughts are not like other
natural disasters since they develop gradually, last longer
periods of time, and have complicated spatial and temporal
distributions, which render their prediction highly difficult.
In India where those who are dependent on rain-fed
agriculture comprise almost two-thirds of its population,
timely and precise drought prediction is crucial to food
security, effective resource distribution, and disaster
preparedness. The eastern Indian river basin, the Tel River
Basin, an important tributary of the Mahanadi River is
especially susceptible to meteorological droughts owing to
the regime based on monsoon and big inter-season
variability. The basin also has a number of drought afflicted
areas such as Kalahandi, Kandhamal, Kesinga and
Nuapada which have in the past suffered water shortage,
crop failure and economic hardship due to rain deficit.

The measures and predictions of droughts demand
strong indices that can record the abnormalities of
precipitations at various periods of time. Of the various
indices, that have been formulated, the Standardized
Precipitation Index (SPI) has proved to be one of the most
valid measurement tools since it is simple, flexible and can
be used to describe the severity of droughts over a number
of accumulation periods. The short-term scales like SPI-3
are used to indicate the agricultural drought associated with
change in soil moisture, whereas medium-term scales like
SPI-6 are better placed to depict the hydrological drought
conditions. The combination of several SPI scales can be
used to have a more detailed view of the evolution,
persistence, and recovery stages of droughts.

Due to the development of machine learning (ML) and
deep learning (DL), hydro-meteorological forecasting
problems have advanced considerably. The classical
statistical methods like the ARIMA, multiple linear
regression and soft computing schemes like Genetic
Programming (GP) and Artificial Neural Networks (ANN)
have given first order approaches to drought prediction but
in most cases do not reflect the nonlinearity and non-
stationarity inherent in climatic time series. Deep learning
models address these weaknesses by automatically
discovering hierarchical representations of raw data and are
therefore capable of discovering complex spatio-temporal
dependencies. Convolutional Neural Network (CNN)
which was initially used in image and signal processing has
demonstrated a good result in time-series forecasting
because it can identify local time variation and filter high-
frequency fluctuation. In the meantime, the Long Short-
Term Memory (LSTM) network, which is a particular type
of the recurrent neural network (RNN), is best adapted to
the sequential modelling and well adapted to long-term
dependencies in the climatic sequences. In more recent
times, a sequence modelling system based on self-attention

mechanisms, the Transformer architecture, has become a
competitive alternative to attention mechanisms. It operates
in parallel on input data and acquires short and longrange
dependencies more efficiently than recurrent architectures,
and has been demonstrated to be useful in climate
prediction, precipitation downscaling, and hydrological
modelling.

Despite the fact that all deep learning models have
definite strengths, their individual use is usually
characterized by weaknesses when it comes to addressing
multi-scale drought processes. CNNs are prone to over-
emphasizing short-term variations, LSTMs might not be
able to generalize well with longer lags, and Transformers,
being flexible, are unstable when training data is small or
noisy. In order to overcome these difficult situations,
ensemble learning is now a trending approach to
hydrological forecasting. Bayesian Model Averaging
(BMA) is among ensemble methods that offer a theoretical
method of combining multiple model output to a single
probabilistic model. BMA does not depend on one model,
but instead it weights the individual predictors of the model
according to their predictive reliability, thus, it takes into
consideration both the model uncertainty and the variability
in performance. The resultant ensemble is more stable as
well as theoretically based on the Bayesian probability and
hence it is especially applicable to the complex
environmental systems that are characterized by
uncertainty and heterogeneity of data.

Based on the earlier studies that used CNN, LSTM, and
hybrid networks on the Tel River Basin, the paper expands
the discussion to include the Transformer model and creates
a BMA-based ensemble that combines the results of CNN,
LSTM, and Transformer networks. The ensemble gives an
empirically determined weight (0.4 CNN, 0.2 LSTM, and
0.4 Transformer) to each of them so that their contribution
is tuned based on empirical results. The BMA ensemble
merges the localized feature extraction (CNN), sequential
memory (LSTM), and global attention (Transformer) to
exploit the complementary capabilities of these paradigms
of deep learning to create a more reliable and generalized
drought prediction system.

The present study involves monthly precipitation data
of four meteorological stations, such as Kandhamal,
Kalahandi, Kesinga, and Nuapada in period 1971-2016 to
obtain the SPI at two accumulation periods (3- and 6
months). The data of every station was separated into two
sets: training (80 percent) and testing (20 percent), in a
chronological order which guaranteed the achievement of
realistic conditions of forecasting. A combination of
statistical indicators: correlation coefficient (R), coefficient
of determination (R?), Root Mean Square Error (RMSE),
Mean Absolute Error (MAE), and Nash-Sutcliffe
Efficiency (NSE) were used to assess the predictive
performance of every model based on which a complex
measure of the model accuracy, consistency, and strength is
evaluated.
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The general aim of the research paper is to create a
unified deep learning and ensemble-based system of
drought prediction with the help of multi-temporal data on
Standardized Precipitation Index (SPI) in the Tel River
Basin of Odisha. In particular, the study aims at developing
and testing three high-end deep learning models, namely,
Convolutional Neural Network (CNN), Long Short-Term
Memory (LSTM), and Transformer to investigate their
suitability in the nonlinear and time-dependent nature of
SPI-3 and SPI6 time- scales. It is on the basis of the
strengths and weaknesses of these respective architectures
that the study will go further to build an ensemble of
Bayesian Model averaging (BMA) which combines the
predictive power of these respective architectures by
utilizing an optimal weighting function. This ensemble
system is designed to increase the accuracy of the forecasts,
minimize the uncertainty of the model, and increase the
stability of the model when changing lag periods and
climatic conditions.

Besides model development, the study aims to
determine the variation of model performance in the
various stations and time scales hence testing the
generalization ability of each architecture as well as the
proposed ensemble frame-work in the various hydro-
climatic conditions of the Tel River Basin. The research,
based on this comparative analysis, also seeks to determine
the best and most reliable and operationally appropriate
model architecture to use in real time applications for
drought early warning in Odisha’s drought prone regions.
The current paper is on the forefront of probabilistic
ensemble modelling by connecting deep learning with
probabilistic forecasting of drought in India. The findings
show that the BMA ensemble is always superior to
individual deep learning models in terms of both predictive
accuracy and reliability, which is important to point to the
fact that model integration is important to cope with the
complexity of hydroclimatic prediction systems. The
suggested framework has great prospects of application to
other basins under droughts and provides a scalable and
resilient strategy to manage water resources and develop an
early warning system in climate-sensitive settings that rely
on monsoons.

2 RESEARCH REGION AND DATA GATHERING

The current study will be about four meteorological
stations located in the Tel River Basin in Odisha, India, i.e.,
the districts of Kalahandi, Kandhamal, Kesinga, and
Nuapada, where the instances of drought are frequent. The
Tel Basin, encompassing an approximate area of 20,490
km?, lies between 19°15'N-20°55'N latitude and 82°03'E—
84°17'E longitude (refer to Figure 1) [1]. The climate is
tropical monsoon with hot summer, mild winter and a wet
season in between June and September. The annual
precipitation is approximately 1250 mm where close to
three-quarters of the total precipitation is received during
the southwestern monsoon season.

Nevertheless, rainfall in the basin is characterized by
high spatial and temporal variability and when there is a
deficit or abnormal monsoon rainfall, it usually leads to
meteorological droughts, especially in western Odisha [2].
The chosen stations represent a variety of physiographic
and agroclimatic conditions - whereas Kalahandi and
Kandhamal are located in the hilly and plateau areas,
Kesinga and Nuapada are located in the transitional
agroclimatic areas. The Tel Basin is the best place to study
drought behaviour at various time scales due to this
physiographic diversity.

Monsoon rainfall supports the local economy, which is
majorly agricultural in nature and frequent droughts have
been credited with losses of crops, migration, and
socioeconomic difficulties. In the present study, the
monthly rainfall data (from 1971 to 2016) were obtained at
NASA POWER data archive
(https://power.larc.nasa.gov/data-access-viewer/). Fig 1
represents the geographical location of the four
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Figure 1. Study area, the Tel River basin, Digital
Elevation model (DEM) showing the stations
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Figure 2. Plot showing the SPI-3 variation over time
series for all stations
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Figure 3. Plot showing the SPI-6 variation over the time
series for all stations
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3 METHODOLOGY
3.1 The Standardized Precipitation Index (SPI)

The Standardized Precipitation Index (SPI) is a
precipitation-based measure that measures the deviation of
rainfall over multiple accumulation intervals [3], which
provides a normalized measure of nonconformity to long-
term averages. In calculating SPI, the amount of
precipitation total is initially accumulated over the chosen
time period and a probability distribution, often the Gamma
distribution, is then fitted to these accumulated amounts
[4]. The resulting cumulative probabilities are then
converted to standard normal deviates to obtain the SPI
values that render the anomaly of the rainfall as the
deviations of the mean. In the research, SPI was assessed at
both 3- and 6month time scales, to include the short-term
agricultural moisture deficits as well as the long-term
hydrological droughts. The series of monthly rainfall
aggregated at each station was modelled by Gamma
distribution, as it traditionally should be done in calculating
SPI [5]. The probability of each amount of precipitation
was then found using the cumulative distribution function
(CDF) and then transformed into an SPI value using the
inverse standard normal transformation.

The resulting values of SPI are normalized to all stations
and time lags, and can be inter-compared [6]. Any negative
value of SPI means dry conditions, whereas positive value
is wet conditions. To determine the level of drought using
the standard classification criteria, the values of SPI -1.0, -
1.5, and -2.0 will be considered moderate, severe, and
extreme droughts, respectively (Table 1) [7]. The resulting
SPI series of each station and time scale was used as the
target variable in the drought prediction modelling that
followed.

Table 1 Drought categories according to SPI

classification
Range of SPI Values Drought / Wetness
Category
>2.00 Extremely Wet
1.50 to 1.99 Very Wet
1.00 to 1.49 Moderately Wet
—0.99 to +0.99 Near Normal
—1.00 to —1.49 Moderately Dry
—1.50 to —1.99 Severely Dry
<-2.00 Extremely Dry

3.2 Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) network is a
particular implementation of the Recurrent Neural Network
(RNN), which was first introduced to address the vanishing
gradient issue that is inherent to the traditional RNNs.
Although traditional RNNs do not tend to memorize
information fairly long sequences, the LSTM architecture
presents a memory cell that is able to selectively remember

or forget information through time steps [7]. This
characteristic allows LSTMs to model the timedependent
characteristics in an effective way, which makes them
especially valuable at the analysis of the time-dependent
behaviour of hydrometeorological indices, including the
Standardized Precipitation Index (SPI).

The LSTM unit works based on three major gating
processes which include the forget gate, input gate and the
output gate which together control the passage of
information and the update of the state of the cell

) ] 3)
Cr=tanh(W_-[h,_;x]+b.)
Ct=fLLICH1+it 'Clit 4
o= G(n-:'['il'-'r—k 'T.-] + ‘5:) (5)
h= 0.0 tanh(C) (6)

respectively. Related mathematical representation of
LSTM cell is shown below:

Ji= LW byl 1% 1By ) (D

i =UW hi -1, x: ]+bi) 2

Here, fi, it and o; represent the input, output and forget
gates respectively (Figure 4). While C.1) and C; represent
the memory states from the previous and current time steps,
the hidden state from the previous time step is represented
as h.1). The weight matrices are represented by Wy, Wi, W,
and W,, and the bias terms are represented with the use of
b, bi, bc, and
b, . The LIdenotes the sigmoid activation function, and tan
is the hyperbolic tangent function. The multiplication
operation is an element-wise product of the matrices
denoted by (. The traditional RNNs are based on a
structure that is single-layered; on the contrary, LSTM
networks possess more than one layer, and the interaction
between these layers is necessary to increase memory
retention and make the information processing more
efficient. The initial part of an LSTM cell assesses the
likelihood of retaining or forgetting the stored information
that exists in the memory cell. As an example, the related
pronouns used in a text prediction task should also be
changed in case the gender of a subject is altered. This
specific decision-making role occurs in the forget gate; a
sigmoidal function is employed in a bid to control the flow
of the information. The f, value is determined using h.1)
and X . The value will be zero to one. When f =1, the cell
will store the memory of the last state output (C.1)) but
when the value is 0, the memory will be lost. New batch of
data is then analysed to determine what new data should be
retained on the memory. This is done by the input gate and
this has a sigmoid activation function and a hyperbolic
tangent function to scan and control what is stored in C;.
Finally, the output gate decides what values will be passed
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to the next time step. And finally, in the last cell, that is the
output cell, h;, is computed using the sigmoid function,
which selects parts of the memory cell, which are relevant
to the output.
Various drought prediction works have recently used
models consisting LSTM. Each of these models employs
several LSTM layers and the quantity of input data directly
influences the selection of the number of layers. However,
excessive layers might cause a network to be more
complicated, which may result in issues such as overfitting,
Figure 5 shows the structure of LSTM. The product of
the LSTM layers is processed by a layer called the flatten
layer and this is required to convert neurons into vectors.
The flat data is then entered into the dense layers so as to
establish the final output of the network. Figure 4 is a
recurrent neural network model that employs a recursive
sequence method to determine the parameters and the
weight matrices. These parameters are normally obtained
by applying an optimization criterion like the Adam
function [27].

LSTM CELL

Ciy ! ! ' ' .
3 i = Sigmoid
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Figure5.Dense layers, a flatten layer, dﬁd LSTM layers
make up the LSTM-based model structure.

3.3 Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNNs) are a
specialized form of deep learning model that use
convolution operations of input data to extract features,
train and minimize error [9]. Just like other neural networks
like multilayer perceptron, CNNs have a number of layers
that are trainable. Their greatest advantage is that they are
able to pick the sub feature of the input data automatically
and determine it without the information being
preprocessed in a large scale. CNNs are particularly
appropriate in cases where the input has either spatial or

temporal dependencies as they can significantly reduce the
cost of computing and overcome the issue of overfitting.

Figure 6 is a schematic representation of CNN
framework. The model may be said to be composed of three
significant layers which include convolutional, pooling and
fully connected layers. The basic unit is the convolutional
(or filtering) layer and it is characterized as a set of filters
(kernels) that are used to perform a sliding operation on the
input data to create feature maps which are local patterns or
dependencies. These feature maps are subsequently
reduced by the pooling layers (mostly max pooling or
average pooling) that subsequently selects most significant
responses and therefore dimensionality reduction occurs
without the essential information being lost. It is not only
more efficient than the computation itself but it can also
help to summarize extracted features to process it in the
downstream.

The fully connected (dense) layer, which is normally at
the end of the network, works just as well as the fully
connected perceptions of the traditional multilayer
perceptron and it is the one that combines the extracted
features to form the final prediction. The unique advantage
of CNNs is that they can extract the features automatically
that is, can identify the latent features in the high-
dimensional input data and also prevent the probability of
overfitting (Figure 7).

Despite the fact that CNNs were mainly involved in
image recognition, they have been applied in time series
prediction since it has been noted to be efficient in
identifying localized temporal patterns in sequential data
[10]. CNNs can be used to predict droughts successfully by
estimating the variation in the Standardized Precipitation
Index (SPI) and temporal variations and changes in short-
term lagged rainfall series with convolutional filters.

In 1-dimensional CNN, the size of the convolutional
kernel is applied to the input sequence, which in turn
produces a set of feature maps. This convolution process of

a particular feature map mathematically can be written as:
0 Bl

V(D =0(X S w () x(r-5)+5)
i=1 Zel (7)

Here, *'; () is the input features, ", represents the filter
weights connecting input channel i to output channel j £, is
the kernel size, b; is the bias, and o( ) is the activation
functionality (usually ReLU).

After the convolution process, pooling layers are
usually used to reduce the number of data dimensions of
the feature maps by max or average pooling [11] followed
by downsizing the pooling layers to retain the most salient
and informative features. The results of the convolutional
and pooling steps are then flattened into a one-dimensional
array and sent to fully connected (dense) layers which are
trained to find the mapping between the extracted
representations and the desired SPI values.
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The CNN architecture is one of the benchmark models
that are used to predict droughts in the present work [12].
Lagged SPI sequences over various timescales are
delivered to the model, and this allows the model to identify
localized temporal structures, e.g. an abrupt change in
rainfall or a brief spell of drought. Despite the fact that
CNNs are not designed to capture long-term dependence,
they are excellent in terms of efficiently detecting and
summarizing short-term changes that have a dramatic effect
on near-term drought behaviour. By its convolution and
gating operations, the network is effective in the
preservation of the relevant temporal information through
large time spans and at the same time filtering noise and
transient irregularity in the data.

It should be mentioned that the input formatting design,
the size of kernel, the number of filters, CNN units, and the
pooling windows have a direct impact on training
efficiency and forecasting accuracy; the specific
architecture employed in this paper is shown in Figure 6
and has been determined through empirical optimization on
the training data. Optimization of model parameters was
done by minimization of mean squared error between
observed SPI?, and prediction y; :

13 :
Jil-' === E (.T.' _.{.r):
= ®)
using the Adam optimizer along with (learning rate,
batch size, number of epochs, early-stopping patience, and
regularization) as hyperparameters.

receptive field feature maps

inputimages features extraction module

featuresarray  neural network

Figure 6: CNN structure consists of convolutional
layers, pooling, and fully connected layers

3.4 The Transformer Model

For this study, the authors designed the Transformer
model in the TensorFlow Keras framework to forecast the
Standardized Precipitation Index (SPI) from the provided
lagged rainfall data. The Transformer model relies on self-
attention for the overall interdependence. The model is
adaptable in its information processing and can flexibly
concentrate on the precise time slices which are significant
to the drought signal [13]. The input sequence consists of
twelve lagged values of the SPI.

(SPI {(—1)toSPI t( —12)) )

was first passed through a dense projection layer to map
the one-dimensional time series into a latent vector space
of dimension 04 =32.T0 preserve the sequential order of
time the input embeddings were augmented with a
sinusoidal positional encoding to enable the network to
differentiate between time steps which are not recurrent.

The fundamental Transformer encoder block comprised
of multi-head self-attention (MHSA) mechanism having
two attention heads and positionwise feed-forward network
(FFN) having 64 units. Each sub-layer contained residual
connections and layer normalization in order to stabilize
training and degrade the gradient. The reduction of
overfitting was achieved by the use of dropout
regularization (rate = 0.1). The contextualized feature
representations were summarized by global average
pooling and then a dense layer was used with ReLU
activation and a last linear output neuron predicting SPI.

The trained form of this structure is also presented using
Adam optimizer and the mean squared error loss can
estimate complex non-linear relationships among lagged
precipitation indices. This is due to the self-attention
process of the Transformer making the historical inputs to
be dynamically weighted, thus it provides a robust and
generalizable model to predict the drought with the help of
rainfall.

3.5 Mathematical Modelling of Transformer Model.

The Transformer model is employed in the current study
is through the use of encoder architecture [14]. The self-
attention mechanism is one of the strengths of the encoder-
based models. This process enables the model to
automatically and separately learn the contextual
association of individual time steps without recurrence and
convolutional activities [15]. The remaining subsections
provide the mathematical model to be applied in the current
research in forecasting SPI.

3.5.1 Scaled Dot-Product Attention

Given an input sequence

X=[xx1,2,.... , x, ]Every time step is linearly projected into
3 learned representations Query (Q), Key (K), and Value
(V) — through trainable weight matrices W W WQ, K , V:

QXW=Q,K=XWK, (10
V:XWV

The attention mechanism computes the relationship
between each time step with each other through a dot
product between the queries and keys, divided by the
square root of the key dimension %.

The output of the attention mechanism is then calculated
as:

OKT (11)
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Attention QK V( , ) = soft max( di )14

The operation enables the model to place adaptive
weight on various lagged values of the SPI in predicting the
existing value of SPI.

3.5.2 Multi-Head Attention

The Transformer consists of multi-head selfattention
(MHSA), in which h independent attention operations are
done simultaneously in order to allow the model to model
dependency patterns at once:

MultiHead QK V(, , )=Concat head( 1, (12)
head,.....,head Wy,) 0

Here, head;= Attention QW\ i i i
om LKW O Vw00

In this case, the two heads are taught to concentrate on
various dependencies in time, and the model is capable of
incorporating both memory of short-term variations and
drought memory in the long-range in one representation.
Position-Wise Feed
Forward Network

3.5.3 Position-Wise Feed Forward Network
Output of the attention sub-layer is fed through feed-
forward network (FFN) for each time position in isolation:

FFNx()=Re LUxW( 1 +b W) 2+by  (13)

This non-linear transformation enhances the contextual
details making them more representational. The encoder
has residual connections and layer normalization that
succeeds each sub-layer that are used to stabilize training,
as well as speed up convergence.

3.5.4 Positional Encoding

The Transformer does not include any intrinsic
recurrence and, therefore, positional encoding is applied to
input embeddings to maintain the temporal sequence of SPI
measurements. Encoding of the sinusoidal form of the
positions and dimensions is determined as:

pos pos
PE( pos,2 )i = sin( /Z ),PE( pos,2i+1) = cos( /2 )
10000 dmode! 10000 dmode!

(14)

This encoding gives a continuous account of the
temporal positions, which guarantees the model to make
the distinction that exists between the various lag indices in
the learning process.

3.5.5 Final Prediction

The feature representations resulting after going
through one or more encoder blocks are then aggregated by
the global average pooling operation and finally are
mapped to the output by a dense regression layer:

-y,= fTransformer SPI( ~1,8Pl,....,SPI,-1;15)

)

Where - y; denotes the predicted SPI value at time t.

LMSE=_1 LIN (yi —Llyi )2 (16)
Ni=1

This mathematical model is capable of training the
Transformer to acquire nonlinear and long-range time
series temporal dependencies on rainfall time series. The
model will be particularly suitable to the drought
forecasting process since continuity over time and multi-
scale variability are important, by actively manipulating
weights of attention to identify the most effective past
observations.

3.6 Ensemble Bayesian Moving Average (EBMA)
Approach

In order to enhance the predictive ability of individual
deep learning models, this paper has used an Ensemble
Bayesian Moving Average (EBMA) framework. EBMA is
also a probabilistic ensemble learning scheme, a
combination of prediction of multiple models in a
systematic method utilizing a Bayesian inference and
adaptive weighting [16]. It is designed to take advantage of
predictive complementarity of various predictive models
such as Convolutional Neural Networks (CNNs), Long
Short-Term  Memory (LSTM) networks, hybrid
CNNLSTM networks, and Transformer networks, which
makes it a more accurate, reliable, and generalized forecast
of the Standardized Precipitation Index (SPI) of drought
measurements [17]. Unlike simple averaging or fixed
ensemble techniques, EBMA incorporates Bayesian model
averaging, accounting for model uncertainty as well as
temporal variations in predictive ability. In the event that a
nonstationarity and non-linearity is present, as is the case
when performing meteorological time series where the
variation of rainfall is non-stationary and nonlinear, then
the application of the single deterministic model can overfit
or bias the estimates. EBMA solves these issues by
integrating probabilistic reasoning with dynamic weight
adaptation so that the ensemble can be able to adapt when
more information is being presented.

(MM, 2,...,M" }denote a set of M base

Let
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models, each producing a forecast LP( )m for a specific
time step t. The prediction of the ensemble under EBMA is

expressed as a weighted posterior mean:

17)
EBMA (O)m

VY =W Y
M

Here, Liw,=1,w,, LI C
m=1

Here, ), 1s the posterior probability of model M being
the most suitable predictor given the observed data D. The
application of the Bayes’ theorem yields the posterior
weight of each model as:

P D M( \ m )P
M m) (18) wm =
M Lk=1
k k
P D M( | )P M( )

Where P D M( | m)denotes the model likelihood,
reflecting how well model #, fits the observed SPI data, and
P M( ,) gives insight into what the model's reliability
looked like before considering the dataset, and what the
previous assumption dealt with. This framework for
reliability works in a way that models that have been more
reliable, or less uncertain, in the past predictions, will add
more and more to the final predictions. On the other hand,
models that have been less reliable will be given less
importance.

In order to deal with time-related dynamics (e.g.
temporal rainfall dynamics) the posterior model weights
are constantly changing, or are not fixed, but are renewed
with a moving average window [18]. This gives a
smoothing effect to the selected models, creating a
temporal smoothing effect. This collects and stores variable
predictor-target correlations. Model ensemble weights are
defined as temporal moving averages and, in this case, for
each time-step M,, is recalibrated as:

O (D= bor o (19)
Wi =LLwy+—=(1 L)Wy

Where w-0),/ is the newly estimated Bayesian weight at
time t, and LI[D,1]controls smoothing strength. The
Bayesian moving average representation of the ensemble
adapts to the recent changes while also keeping the history
of past performances over the long term.

For the EBMA layer, this was performed after the
predictions of the models, CNN, LSTM, and Transformer
were made. It was assumed that the ensemble weights were

equal at the start, however, this was changed through
iterative Bayesian updating based on the models' validation
accuracy and error metrics (RMSE, MAE, and NSE) of the
models. Hence, the last ensemble prediction was both
statistically and temporally updated from the deep learning
predictions.

The primary advantage of EBMA is that it can capture
uncertainty and increase the prediction quality. Frequent,
abrupt changes along with high noise levels in the
observations are common in hydrometeorology. In the case
of drought forecasting in Odisha, the EBMA proved to be
beneficial, especially in forecasting SPI values, and over
various time horizons, it proved more accurate and reliable
than the numerous individual models.

4 MODEL DEVELOPMENT

The SPI-3 and SPI-6 values for the next 6 months were
also predicted by using the SPI-3 and SPI-6 values of the
previous months with a one-month time lag. The models
were able to capture the drought index for those time
periods. The prediction equations for the models can be
expressed as:

SPIt( Yk = f SPI( ( )~k1 ,SPIt( )k2,...,(20)

Ok
SPIt m—)

The variables for each time step t, the number of
previous months m, and the SPI accumulation timescale k
(3 or 6 months) are defined for the four stations (Kalahandi,
Kandhamal, Kesinga, and Nuapada) based on 552 monthly
data points from 1971 to 2016. m, t, and k are defined for
each time step. To keep a balanced evaluation framework,
each dataset was divided into 80% of training data and 20%
of testing data. To create a more realistic forecasting
scenario, the order of SPI values was preserved so that
training was performed on the historical data and
evaluation of the model was performed on future data that
was not observed. For data partitioning, we aimed to
replicate the realworld situation of drought monitoring.

The comparative evaluation was conducted on four
different model architectures, which were the
Convolutional Neural Network (CNN), the Long
ShortTerm Memory (LSTM), the Transformer network,
and a Bayesian Model Averaging (BMA) ensemble model
of the three deep learning outputs [21].

The CNN model was created based on the idea to
retrieve local temporal data with the help of
onedimensional convolutional filters of the lagged SPI
sequence [22]. CNN is also helpful in the localized trends
patterns, i.e, consecutive wet or dry spells, which reflect
short term rainfall dependencies defining the occurrence of
droughts [23]. Rather, long-range temporal dependencies
were modelled using the LSTM model. LSTM contains the
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memory of the past status of the precipitations and it is
particularly suitable with sequential data that are not linear
and contain the hysteresis effects as in the case with
hydrometeorological processes because it possesses gating
mechanisms (input, forget and output gates) [24].
Transformer model too suggests a self-attention
mechanism, which enables the model to assign different
time steps different weights based on how relevant they are
to the target forecast [25]. Transformer can also learn long-
term dependencies, which is not possible with recurrent
architectures such as LSTM since it can learn from all the
time steps at the same time, making it more
computationally efficient and eliminating the vanishing
gradient issue [26]. This makes it very helpful in the
identification of both the short-term and long-term trend of
drought presence in large scale time series data.
wTransformer =0.4 , Demonstrating the stability and
that the BMA ensemble lowered the amounts of error and
increased the efficiencies with each measure
accuracy of CNN and Transformer models over
LSTM. more than any one of the deep models [29]. This
The ensemble gains from the unique advantages of its
indicated that the ensemble guideline limited most of
base learners: CNN’s ability to capture short-term the
model-specific overfitting and underfitting, and
trends, LSTM’s ability to remember sequences, and
the was mostly applicable to longer lags like SPI-6, since
Transformer’s ability to understand context globally.
the single models were evidently far less stable.
All deep  learning models, LSTM,
and

Transformer, along with CNN were implemented
5 MODEL PERFORMANCE EVALUATION
using the TensorFlow-Keras framework in Python.
In this paper, the results of all the developed
The Adam optimizer, which has an adaptive learning
models are measured in terms of a combination of
rate and momentum-based parameter updates, was
absolute error ~ measures and goodness-
of-fit
used as the training algorithm for all models. Adam
measures in order to represent a detailed evaluation
combines the advantages of both AdaGrad and of
predictive quality and reliability. The metrics that
RMSProp. It adjusts the learning rates differently for
are chosen are the Root Mean Square Error (RMSE),
each parameter while keeping an exponentially
Mean  Absolute Error (MAE),
Nash-Sutcliffe
decaying average of the previous gradients. This
Efficiency (NSE), correlation coefficient (R), and
adaptive gradient was applied to SPI in the learning
2). All these statistical
coefficient of determination (R

Finally, Bayesian Model Averaging (BMA) ensemble
was chosen as a post-processing model, which is a
combination of CNN, LSTM, and Transformer predictions.
BMA does not learn the models individually, but uses
weighted linear combination of the models:

Y"BMA =wY1 "CNN +w Y2 "LSTM +wY3 "Transformer
@1

where Y'CNN ,Y'LSTM Y Transformer are the
individual model predictions, and *; , ¥, 3 are non-
negative weights satisfying | liw=1. The weights were
determined empirically based on model performance, with
values "oyv= 0.4, " ;= 0.2 and
dynamics, as it changes from one epoch to the other.
measures are used to measure the accuracy,
Adam’s optimizer was used
with default consistency and explanatory
power of the models in
hyperparameters for this study. These included
simulating observed drought dynamics expressed as
learning rate = 0.001, 1 = 0.9, and B2 = 0.999. These
the Standardized Precipitation Index (SPI) [30].
parameter values yield stable and fast convergence
The RMSE and MAE are measures of the error of
for tasks related to the prediction of drought. Adam
prediction in absolute terms, the smaller the values,
is robust in scenarios with noisy and sparse the more
accurate the model is [31]. RMSE focuses
gradients; hence, it was the best choice for the SPI
more on large errors as it squares deviations and
datasets in this study. averages them, which is
vulnerable to outliers,
To prevent overfitting and make sure it could whereas
MAE gives an equal average of absolute
generalize well, early stopping was used during the
deviations, indicating the average error magnitude of
training process. Each training epoch would result in
a either direction. The Nash-Sutcliffe Efficiency (NSE)
validation loss figure that would determine if the loss
is a measure of the total goodness-of-fit that is used
was improving. If there were 20 epoch results in a row
to determine the relationship between the model
where the loss did not improve, training would stop.
predictions and a given series of observations which
The weights would be rolled back to the epoch where
is the mean. A value of 1 on the NSE, indicates that
the loss was the lowest. Each training model was
there is a complete agreement between the predicted
allowed to train a maximum of 200 epochs, but was
and observed values whereas values less than 0
usually finished between 80 and 120 epochs,
depending indicate that the model is worse than having
the
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on the custom model and the time interval of the mean
of the observations as a predictor.

Standardized  Precipitation
approach

Along with such indicators based on errors, two

focused on eliminating as much unnecessary statistics
based on correlation were also used.

computation as possible and focused on generalizing

Pearson correlation coefficient (R) measures how

the model well. strong and whether the linear
relationship between

Three models were created to be used as a base for
the observed and predicted SPI values is strong or

predicting the test set which was then used with the
weak [32]. It is a measure of the degree to which the

Bayesian Model Averaging (BMA) framework to
make drought variability patterns are being well
explained

predictions. The BMA was a univariate model, so it

Index (SPI). This

The mathematical expressions of these measures are as
follows:

S (SPI—SPIY (22

RMSE = | == - )
H

| SPI —SPI, (23

U-iE— )
H

> (SPI.—SPI)’ (24

NSE=1-| &= 77 )

| > (SPI,-SPL) |

0. (O —@)(P: P) o
03 P -P
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=

= Qe
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Where, n represents the total number of data points used

fpr egqlu et%l% e( clug %Vb%th training and testing phases),

and predicted SPI values respectively, O & P are their
respective mean values.

The correlation-based metrics (R and R?) complete the
error-based measurements (RMSE, MAE, and NSE) by
giving an idea of the structural agreement between
observed and modelled SPI variations. RMSE and MAE
are estimations of the extent of deviation, whereas R and
R? emphasize the extent to which the models can maintain
the phase and variability of the drought events [34]. NSE
on the other hand is a holistic performance index that
represents bias and variance errors together.

by the model, where the closer the value is to 1, the

used a deterministic model. This also meant that
higher the positive correlation. R, is merely the
integration and interpretation were much easier with
square of R and is known as the coefficient of

the constant-weight model. The model predictions
determination, and it is the portion of the variation in

were normalized on to the same scale to ensure

observed data that the model predictions can account

integration model consistency across the different 2
means an increase for. The increase in the values of R

custom models. in the explanatory power and model
performance in

Next, the performance of the ensemble was general
[33].

evaluated against various statistical measures such as

R, RMSE, MAE, and NSE [28]. The results outlined

Combined, the five statistical indicators represent a
strict multi-dimensional assessment model. They enable a
fair comparison of the performance of various architectures
(CNN, LSTM, Transformer, and BMA) and timescales
(SPI-3 and SPI-6), which includes the accuracy of point
forecasts and the accuracy of temporal drought processes
[35]. These metrics are then used in the latter sections to
evaluate the performance of each model at various lag
intervals of all the four study stations.

6 RESULT AND DISCUSSION
6.1 Prediction of SPI-3 at all the stations Four deep
learning-based methods Convolutional Neural Network
(CNN), Long Short-Term Memory (LSTM), Transformer,
and the Bayesian Model Averaging (BMA) ensemble were
considered in determining the predictive performance of
SPI-3 prediction at the four chosen stations: Kandhamal,
Kalahandi, Kesinga, and Nuapada. The models were
e, g, 57 P s . ity and timeiog
terms of R, R%, RMSE, MAE, and NSE. The findings
indicate that despite the fact that all individual architectures
were able to capture the overall temporal trend of drought
variability, the BMA ensemble was always able to achieve
a high level of accuracy and stability at all the lag periods.
In the case of Kandhamal, the models had moderate
predictive ability. The results of LSTM and CNN were
similar with R ? values of the same order (0.25-0.35) and
RMSE of the same order (0.8) implying that both were able
to predict the immediate variations in the SPI but failed at
longer lags. Transformer model performed somewhat
worse on RMSE on few middle range lags but failed to be
consistent after lag 6. However, the BMA ensemble
achieved the greatest correlation (R = 0.761) and R ? =
0.578, and significantly lower values of RMSE (< 0.61) and
NSE (> 0.56). These findings indicate that BMA was able
to capture the nonlinear and cumulative lag effects better
than any given model. This enhancement was more
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pronounced at higher lags and the single model errors were
rising whereas the ensemble errors did not change.

At Kalahandi, the three individual models worked on

average well at lower lags but displayed different stability.
CNN showed some sharp increases in RMSE, indicating its
vulnerability to local changes in the rainfall time series.
LSTM was typically performing moderately (R 2 = 0.25 -
0.30, NSE = 0.25 -0.30), and the Transformer was smoother
but underestimated extremes. The BMA ensemble, a
combination of the three model predictions with optimized
weights (CNN = 0.4, LSTM =0.2,
Transformer = 0.4), performed better than all of them with
an R? up to 0.644 and NSE 0.619. The reduced RMSE (=
0.554) and MAE (= 0.459) also attest to the fact that the
ensemble was able to balance bias and variance well. The
improvement compared to the single models underscores
the capability of BMA to combine complementary feature-
learning behaviours, which include the spatial extraction of
CNN, sequential memory of LSTM and attentionbased
temporal focus of Transformer, to generate a more holistic
representation of the rainfall dynamics.

The variability of the lags was also quite different

between Kesinga, which indicated that various models are
more successful at different times. LSTM had the highest
accuracy at lag 2 (R = 0.76, R? = (.58,
RMSE = 0.68) indicating its ability to predict short term
sequences. CNN and Transformer were not as predictable,
and they deteriorated progressively at longer lags. There
was a high correlation (R = 0.798, R?=0.637) and low error
values (RMSE = 0.56, MAE = 0.460-0.55) between the
BMA ensemble and all the lags. Its constant NSE values (=
0.610) indicate that the ensemble scales well across
different periods of time. Interestingly, when single models
began to lose sensitivity to cumulative drought information
at the mid- and long-term lags (5-12), BMA model
maintained predictive efficiency, and this suggested that
ensemble averaging corrected model-specific overfitting
and temporal bias.

The most predictable of the four stations, Nuapada,
showed good performance in general models, but BMA
once again was the most dominant technique. CNN and
LSTM both performed well in terms of correlation (R? =
0.3540) but wet extremes were sometimes overestimated

by both, whereas the Transformer exhibited slight
underfitting in high lags. The BMA ensemble delivered the
highest R (= 0.761), R? (= 0.580), and NSE (= 0.54), along
with the lowest RMSE (= 0.65). This steady enhancement
is an indication that BMA is effective in capturing
shortterm and long-term dependencies of variations in SPI.
The fact that the ensemble is stable in relation to lags
suggests that the ensemble is more capable of
generalization, which is essential to operational drought
early-warning systems.

The BMA ensemble had the most balanced and strong
predictive ability across all four stations. The set of
correlations was stronger (R = 0.65 -0.80) and the RMSE
and MAE were small and steady. These results affirm that
ensemble learning can be successfully used to combine
heterogeneous model architectures to leverage on
complementary advantages, such as CNN spatial feature
detection, LSTM temporal memory and Transformer
selfattention mechanism, which yields better representation
of complex hydro-meteorological mechanisms that drive
drought variability.

These trends can also be exemplified by Taylor
diagrams (Figure 8), where BMA points are closest to the
reference observation and have the least centered RMS
differences among all the stations. The violinbox plots
(Figure 9) support the quantitative measures by indicating
that the observed and predicted distributions of the SPI-3
are almost equal in the BMA ensemble, which implies that
the central tendency and spread are also recreated
accurately. The lower dispersion of the ensemble over the
single models proves its high reliability in the reproduction
of variability of SPI-3 during different climatic regimes.

To conclude, BMA model can be considered the most
efficient and stable method of predicting drought medium-
term in the Tel River Basin [36]. Combining CNN, LSTM
and Transformer models, BMA will help to improve the
overall predictive accuracy, reduce errors, and be stable
when working with various time lags and stations. The fact
that it has better statistical measures and close correlation
with the observed SPI-3 series indicates a good possibility
of use in real-time drought monitoring and forecasting
systems in Odisha and other semiarid states.

Table 2. Test-set performance for medium-term drought prediction (SPI-3) at four Tel River Basin stations across lags 1—-
12; best values are shown in bold.

LSTM CNN TRANSFORMER BMA
TéLA R | R2 |RMS [MA |[NSE| R | R2 [RMS |[MA |[NS | R | R2|RMS [MA |[NSE| R | R2 |RMS |MA |NSE
4G E E E E |E E E E E
§ 1 10.52]0.23|0.79 {0.63]0.23]0.63{0.38|0.76 [0.60{0.38|0.45|0.12| 0.83 {0.64|0.11{0.45|0.21| 0.89 {0.71]0.16
™ 9 |1 0 8 |1 2 1 4 0 I |0 |0 4 9 19 |9 |0 0 4 |0
2 10.5210.24|0.84 [0.6810.24|0.520.26|0.83 |0.68|0.26|0.47|0.18| 0.81 [{0.65]0.18|0.49|0.24| 0.84 {0.69|0.24
2 |7 6 4 |7 |7 |0 8 2 10 |8 |7 4 9 |7 |5 5 7 0 |4
3 10.36]0.05|0.94 |0.76 {0.05[0.46 |0.14] 0.89 |0.73(0.14|0.39{0.09| 0.87 |0.71{0.09 {0.37 {0.14| 0.91 {0.73]0.12
7 10 7 9 |0 |8 |3 9 4 |13 |5 |2 1 6 12 |9 |4 0 0 |0
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Figure7. Plots showing the best model at all the stations for SPI-3 Prediction

Figure8. Taylor diagrams for SPI-3 across four stations (Kandhamal, Kalahandi, Kesinga, and Nuapada) comparing
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6.2 Prediction of SPI-6 at all the stations

Model Averaging (BMA) were evaluated in medium-

The four models of artificial intelligence term drought forecasting using the six-month Convolutional Neural Network
(CNN), Long Short- Standardized Precipitation Index (SPI-6) [37]. The Term Memory (LSTM), Transformer, and Bayesian

model results were tested for twelve time lags in four
stations, namely, Kandhamal, Kalahandi, Kesinga and
Nuapada. Statistical measures such as correlation
coefficient (R), coefficient of determination (R?), root mean
square error (RMSE), mean absolute error (MAE), and
Nash-Sutcliffe Efficiency (NSE) were employed for the
measurement of the accuracy and reliability just as was
done in the SPI-3 experiment. Generally, the findings
demonstrate that the ensemble-based BMA system was
always superior to all models that were built based on
single architectures, and able to attain better correlation,
lower error and enhanced stability among stations and lag
periods [38].

All four models at Kandhamal effectively modelled the
seasonal oscillations of SPI-6 with the best results obtained
when the models were lagged in time. LSTM exhibited
relatively strong short-term skill (lag 1-3 R = 0.63-0.68, R?
~ 0.37-0.45, RMSE =~ 0.60-0.67), yet its predictive power
gradually weakened beyond lag 8. CNN attained
comparable correlation at low lags, yet with higher values
of RMSE (= 0.80 at lag 1) which is indicative of residual
over-smoothing and responsiveness to sudden changes in
rainfall. Transformer model which has the advantage of its
attention mechanism gave smoother estimates and slightly
lower RMSE (= 0.63-0.67) over mid-range lags but was
less stable at long horizons. The BMA ensemble achieved
the highest and most consistent accuracy: R = 0.684, R? =
0.468, RMSE = 0.623, and NSE = 0.467. The fact that it
reduces errors by approximately 15-20 percent compared
to LSTM shows the usefulness of weighted integration in
which the ensemble trades the overfitting propensity of
CNN with the under-representation of extremes in
Transformer results.

The rainfall time series of Kalahandi had more noise
and irregularity making it hard to generalize to one model.
CNN also occasionally generated large RMSE (> 0.70) and
low R 2 (< 0.30) especially during the early lags when the
signal is dominated by local anomalies. LSTM exhibited a
much more smoother learning but had underestimated
extreme wet months producing RMSE = 0.65-0.72 and
NSE = 0.300.35. Transformer provided a small increase in
correlation (R = 0.61) but with fluctuating MAE over lags,
probably because of attention allocation instability during
sparse precipitation. On the contrary, all the statistical
indicators were significantly enhanced by the BMA
ensemble, where R =0.637, R 2 =0.405, RMSE=0.633, and
NSE= 0.404. This improvement was seen especially at the
longer lags (10-12) when individual deep models degraded,
whereas BMA did not. These findings suggest that
ensemble integration is a very effective measure of the
short-term changes as well as long-term persistence in SPI-
6.

Among the four stations, the intra-seasonal variability
of the four stations was highest in Kesinga. LSTM worked
fairly well (R= 0.60-0.63, RMSE= 0.65-0.70) although it
exhibited lag-related degradation. CNN also acted
likewise, and only at intermediate lags (4-8) when the
convolutional filters matched the periodic rainfall cycles
were its results improved. The Transformer generated less
discrete trends but a bit smoother peak dryness and wetness
resulting in moderate NSE (0.30 -0.40). The BMA
ensemble, however, maintained high consistency: R =
0.588 and NSE = 0.345, with RMSE reduced to = 0.665 at
key lags (10—12). This increment of approximately 0.1 in
NSE compared to the optimal single model shows that
BMA has the ability to combine the complementary
temporal sensitivities of LSTM memory of sequential
drought propagation, CNN local rainfall features, and
Transformer crosslag attention, leading to smoother but
accurate SPI-6 time series. Notably, the high-lag stability
of Kesinga on BMA implies the increased resilience to
realworld forecasting, where missing or noisy data tend to
undermine deterministic model performance.

Nuapada always had the highest correlations among all
the models due to the predictability of its rain regime. In
this case too, however, BMA provided the optimality
between accuracy and consistency. The LSTM reached
R=0.69-0.77 and RMSE=0.52-0.66 and CNN did the same
with higher variance at the lags. Transformer self- attention
assisted in predicting mid-lag (R 2 =0.45-0.50) although it
underestimated long dry periods. The BMA ensemble
clearly surpassed the baselines, achieving R >0.896, R?> =
0.803, RMSE = 0.401, MAE = 0.309, and NSE = 0.796.
The fact that NSE improved by almost 30 percent
compared to LSTM supports the fact that the ensemble is
much more effective in terms of reproducing SPI-6
variations and their maintenance over half-year periods.
The residual distribution is also smoother, which implies
that BMA model has minimal structural bias which is
essential to operational drought early-warning systems.

The BMA ensemble when summed over all the stations
and lag becomes the best predictor of SPI-6. Its average R
(about 0.70-0.78) and R? (about 0.500.65) are significantly
higher than those of the single models, and RMSE and
MAE are always lower (1020 per cent). The increased
values of NSE (over 0.60 in the majority of cases)
substantiate the fact that BMA maintains skill compared to
climatological means even at long lags, but single models
sometimes tend to be random. This consistency is also
further depicted in Taylor diagrams (Figure 10), in which
BMA points are closest to the observed reference with the
smallest centered RMS differences. Violin and box-plot
comparisons (Figure 11) support the capacity of the
ensemble to reproduce the observed SPI-6 distribution with
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small bias and variance instead of CNN or Transformer
which present slightly narrowed spreads.

All these results support the conclusion that ensemble
learning with Bayesian Model Averaging is a systematic
increase in drought prediction accuracy as a result of a
combination of complementary information that CNN,
LSTM, and Transformer architectures capture. Not only

does the ensemble reduce the weaknesses of individual
models but it also stabilizes prediction between spatially
diverse stations and between lags that are separated by
time. In turn, the BMA framework can be discussed as the
powerful, generalizable, and practically applicable method
of medium-term drought forecasting in the Tel River Basin
and other monsoon-affected areas.

Table 3. Test-set performance for medium-term drought prediction (SPI-6) at four Tel River Basin stations across lags 1—
12; best values are shown in bold.

LSTM CNN TRANSFORMER BMA

LA| R | R2|RMS|MA |[NSE R | R2 |RMS [MA [NSE| R | R2 [RMS [MA |NSE| R | R2 |RMS [MA |NSE
E E E E E E E E
1 10.650.43|0.6040.45(0.43{0.51{0.22 | 0.8290.65 |0.22 |0.59 [0.30 | 0.685/0.51 {0.30 [0.60 [0.36 | 0.672(0.50 |0.34
5 |8 9 |18 |1 |5 4 |5 |8 |4 8 |4 3 |3 2 9
2 10.680.44|0.624/0.47 |0.44(0.52 10.26 | 0.8380.68 |0.26 [0.66 [0.39 | 0.6370.49 |0.39 [0.60 [0.36 | 0.670[0.50 |0.36
4 |6 3 6 1|7 |0 2 10 |0 |9 3 9 4 |4 9 |0
3 10.63]0.37|0.670,0.51|0.37|0.46 {0.14 | 0.8990.73 |0.14 |0.60 (0.32 | 0.677|0.51 {0.32 |0.62 |0.38 | 0.663|0.50 [0.38
1 0 0 |0 |8 |3 4 I3 1 3 8 3 [0 |4 6 3
4 10.67|0.44|0.630/0.48 |0.44(0.510.21 | 0.8590.69 |0.21 |0.66 {0.40 | 0.630/0.48 |0.40 [0.66 [0.44 | 0.631(0.47 |0.44
7 |7 1 7 16 |5 4 |5 |5 5 9 |5 9 |8 35
5 10.64]0.40| 0.660/0.50 |0.40|0.57 {0.30 | 0.805/0.65 {0.3310.63 [0.35 | 0.662/0.51 {0.35 |0.68 |0.46 | 0.622|0.46 (0.46
5 1 9 1 3 13 8 |0 1 6 1 6 3 |7 7 |7
6 10.63]0.37|0.6790.51]0.370.59 {0.32 | 0.773]0.63 |0.32 |0.62 |0.35 | 0.666/0.50 {0.35 |0.63 |0.39 | 0.667|0.48 (0.39
0 |6 2 (6 |0 |7 o (7 19 |9 6 19 |1 8 9 5
7 10.58(0.310.7180.54]0.310.58 {0.31 | 0.787/0.63 |0.31 |0.63 [0.35 | 0.677|0.49 [0.35 |0.61 |0.37 | 0.691|0.50 [0.36
6 |3 7 13 |3 |3 8 13 3 I3 9 13 2 |5 4 2
8 10.62]0.36|0.694/0.51]0.36|0.58 [0.31 | 0.790/0.63 [0.31 |0.62 |0.36 | 0.677|0.50 [0.36 |0.64 |0.41 | 0.675/|0.50 (0.40
3 17 8 |7 |12 |4 0o 4 |7 |5 7 |15 |5 |6 4 |0
9 10.60(0.34| 0.699/0.510.34|0.56 {0.28 | 0.807/0.65 |0.28 |0.45 |0.17 | 0.774/0.58 [0.17 |0.42 |0.18 | 0.787|0.62 (0.17
1 8 4 |8 |2 |5 315 18 |5 4 IS 4 |0 0 1
10 {0.63]0.37| 0.682/0.520.37|0.55 [0.26 | 0.810[0.65 |0.26 |0.64 |0.40 | 0.649/0.48 [0.40 |0.40 |0.16 | 0.808]0.64 (0.12
7 |5 5 5 19 |4 5 4 |8 1 5 3 |2 9 1
11 {0.66]0.42 | 0.657/0.49|0.42 |0.56 [0.27 | 0.795(0.64 |0.27 |0.66 {0.41 | 0.639|0.47 |0.41 |0.81 |0.66 | 0.504(0.37 |0.65
4 |1 7 1 |3 |4 8 4 3 |7 6 |7 2 |0 8 8
12 {0.66]0.40 | 0.667|0.51 |0.40 |0.52 [0.20 | 0.816{0.66 |0.20 |0.63 {0.40 | 0.649|0.47 |0.40 (0.45 |0.20 | 0.781(0.60 |0.18
5 |7 2 |7 |0 |8 1 8 |18 |6 9 |6 7 |9 8 |6
LA| R | R2|RMS [MA [NSE R | R2 |RMS |[MA [NSE| R | R2 |RMS [MA |NSE| R | R2 |RMS MA |NSE
E E E E E E E E
1 |0.640.37|0.6690.51 [0.37(0.580.18 | 0.735/0.55|0.18 |0.56 {0.22 | 0.705/0.53 |0.22 [0.57 {0.33 | 0.674/0.52 |0.31
4 |7 2 {7 13 |2 5 3 1 6 7 |6 4 |0 6 |0
2 10.620.350.653/0.50 |0.35[0.62 |0.34 | 0.6580.50 |0.34 (0.58 {0.28 | 0.676|0.52 |0.28 [0.52 0.27 | 0.699|0.55 0.26
4 |9 2 9 12 19 6 9 (8 |7 4 7 |7 |8 9 5
3 10.57]0.28 | 0.6930.52 10.28 |0.58 [0.28 | 0.694/0.53 |0.28 |0.54 (0.22 | 0.7080.53 [0.22 |0.58 |0.34 | 0.665/|0.52 |0.34
1 8 5 8 (0 |7 4 |7 |2 1 5 1 |6 |4 9 2
4 10.620.38 | 0.645/0.49 |0.38 {0.63 |0.38 | 0.642/0.49 |0.38 [0.61 [0.35| 0.643|0.50 |0.35 [0.63 0.40 | 0.633|0.49 0.40
6 |2 5 12 9 |7 4 |7 |5 |6 0 |6 6 |5 5 1B
5 10.58]0.68 | 0.683/0.5310.310.57 {0.26 | 0.710/0.53 |0.26 |0.54 [0.21 | 0.71410.56 {0.21 |0.52 |0.27 | 0.711]|0.56 [0.26
I |3 6 |5 (4 |7 5 (7 (0 |8 8 8 10 |0 9 |5
6 10.5310.72{0.721]0.55{0.230.59(0.29 | 0.693/0.53 {0.29 [0.53 [0.20 | 0.719]0.55 |0.20 |0.64 |0.41 | 0.635]0.48 0.41
9 | 4 19 0 (8 3 18 12 |7 6 (7 [0 |0 7 10
7 10.5910.69 | 0.690/0.52 {0.31]0.38{0.04 | 0.8160.62 |0.04 [0.60 [0.29 | 0.683|0.51 |0.29 |0.47 |0.22 | 0.762/0.58 0.16
3 (0 0 |3 I |0 7 10 |5 |4 5 4 3 |4 1 1
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Q

Kalahandi
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Figurell. Plots showing the best model at all the stations for SPI-6 Prediction
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Figurel 1. Taylor diagrams for SPI-6 across four stations (Kandhamal, Kalahandi, Kesinga, and Nuapada) comparing
CNN, LSTM, Transformer and BMA model performance.
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Figure 12: Violinplots comparing actual and predicted SPI-6 values for four stations (Kandhamal, Kalahandi,
Kesinga, and Nuapada) using the BMA model.

7 CONCLUSION

This paper introduced a deep learning and ensemble-
based model of the short- and mediumterm prediction of
droughts using the Standardized Precipitation Index (SPI)
at three months’ and six months’ time intervals (SPI-3 and
SPI-6) in four stations at the Tel River Basin of Odisha,
India. Four models were created and compared based on
their performance in capturing the nonlinear temporal
dependence and drought dynamics using a monthly time
series of precipitation data (1971-2016) to assess their
potential to predict drought using a limited number of
independent predictors (Convolutional
Neural Network, Long Short-Term Memory, Transformer
and Bayesian Model Averaging).

The findings showed that all deep learning
constructions had unique benefits. CNN was also be able to
capture local temporal change and short-term changes in
SPI quite well, which is an advantage of the convolutional
feature extraction. The LSTM was also found to be
consistent with the multiple lag periods implying its ability
to capture the sequential dependence and time memory
especially in representing drought persistence. Transformer
model with self-attention mechanisms has shown better
learning of long-term relations and had better correlation
and efficiency in multiple stations which means that it can
identify both short term anomalies as well as long term
dependencies in the SPI sequence.

Nevertheless, the standalone predictions of these
models showed some weaknesses, even though the
individual merits of each one of them in particular

situations, CNN was more likely to overfit short patterns,
LSTM more frequently was lag sensitive, and Transformer
needed some careful calibration to ensure that its
predictions remained stable across different time scales. In
order to address these problems a Bayesian Model
Averaging (BMA) ensemble was applied to combine the
three models’ strength that complement each other. BMA
framework was used to combine the individual predictions
by weighted averaging with the weights of 0.4, 0.2 and 0.4
of CNN, LSTM and Transformer, respectively. This
ensemble approach was extremely an effective one,
providing significant performance improvement in almost
all stations as well as lag intervals.

The quantitative findings supported the fact that BMA
is better in predictive accuracy and reliability. BMA has
constantly performed better than the individual models in
terms of correlation coefficients (R) and coefficients of
determination (R?), RMSE and MAE values in both SPI-3
and SPI-6 timescales. The Nash-Sutcliffe Efficiency (NSE)
also showed that there was better than predicted and
observed series agreement in the two series of SPI and the
values are close to one at a maximum of the lags. The
ensemble showed significantly better performance than
CNN and LSTM in Kandhamal and Kalahandi, especially
at longer lags, when single models tended to deteriorate. In
the same case, BMA was highly stable and precise, as it
represents the ability to generalize to different hydro-
climatic regimes in the case of Kesinga and Nuapada.

The relative analysis using Taylor diagrams also
supported the effectiveness of the ensemble. BMA
forecasting was closest to the measured reference point,
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which meant that there were few differences in the centered
RMS and the greatest correlation between all the models.
Complementary violin-box plots indicated that there was
close correspondence between observed and predicted
distributions of SPI, and this indicates that the BMA
ensemble preserved the central tendencies as well as the
variability structures of the drought occurrences. Taken
together, the results confirm that the ensemble model is
able to incorporate localised, sequential and attention-
based learning, resulting in a much balanced and strong
predictive model.

In general, this study indicates that hybrid and ensemble
deep learning methodologies hold a lot of promise in
forecasting meteorological drought. CNN, LSTM, and
Transformer combined into a Bayesian averaging model
allow the model to learn the drought evolution dynamics
across different temporal scales; short-term variability,
persistence effects and long-range dependencies, in a more
effective manner than each of these architectures
alone [39]. The excellent performance of BMA in SPI-

3 and SPI-6 prediction shows that it is an appropriate tool
in operational drought monitoring and early warning
systems in Tel River Basin where the hydrological
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