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Abstract

The incidence of droughts has increased markedly in the recent years and their adverse impact has significantly
disrupted the ecosystem. Therefore, there is a compelling need to address these alarming challenges. Drought
prediction tools can aid in mitigating the effects of droughts. Artificial intelligence methods and data driven models
have enhanced the predictive capabilities of the complex drought models. This study presents the application of
Kolmogorov Arnold Network (KAN) model to predict the drought events using the Standardised Precipitation
Evapotranspiration Index (SPEI). This model is compared to the Artificial Neural Network (ANN) model using the NASA
POWER data for the drought prone regions of Bankura, Bagalkot, Mewat and Jaisalmer. The target variable SPEI is
derived using the Pen Montieth equation for potential evapotranspiration and precipitation. A custom weighted
Huber Loss function is used to emphasize the drought episodes in the prediction. Results demonstrates that both the
models successfully capture the nonlinear relationships between the SPEI and the input variables. The developed
models show a similar predictive capability with high RMSE (0.09-0.21) and R? (more than 0.94) values. The difference
in the performances of the model is very negligible. This study highlights that KAN can be robust alternative to ANN
for regional drought forecasting. The findings of the paper will help the agricultural community and the government
agencies to monitor droughts and aid in mitigating its induced effects.
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Highlights:
e Kolmogorov — Arnold Network (KAN) is applied for the prediction of regional droughts.
e KAN and ANN are compared for drought forecasting using Standardised Precipitation Evapotranspiration
Index (SPEI).
e Bothe models effectively capture the non- linear relationship between the input data and SPEI

® The study finds that KAN is a robust alternative to ANN for drought prediction.

1. Introduction induced the occurrence of droughts. In the semi-arid

. regions of Iran, the climate change has significantl
Drought is one of the most hazardous events of g g g ¥

. . affected the severity, duration and frequency of the
nature. The impact of droughts, causes an imbalance y q y

in the demand and the supply of water, affecting the droughts [3]. The increase in the frequency of drought

due to climate change has affected the plant growth in
water needs of the ecosystem. The occurrence of

. . . Central Poland [4]. Furthermore, an ensemble of 9
droughts in the recent years is attributed to reduced [4]

rainfall and the abnormalities in the temperature [1]. CMIP& models, show that in the large parts of Africa,

. . . Asia and America, the anthropogenic activities also act
There is an increase of 0.2°C in the global temperature pog

per decade in the past 30 years [2]. The climate as the drivers of the drought [5]. Accurate prediction

o . of droughts is essential for water resource
variability and the anthropogenic activities have
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management and agricultural activities. Therefore,
drought forecasting becomes an indispensable tool to
monitor and mitigate droughts

Droughts are defined as the prolonged period of
dryness due to lack of rainfall in its natural climate.
According to Wilhite and Glantz, there cannot be a
universal definition of drought [6]. The lack of single
definition of drought, makes it difficult to determine
its onset and termination. Droughts can be classified
based on its intensity as meteorological, agricultural,
hydrological and socio-economic droughts [7].

Drought prediction involves using appropriate input
data, a suitable drought index and an accurate model
[8]. The input data can be broadly classified as station-
based data, satellite-based data and remote sensing
data. With the increasing climate change, the use of
datasets from Climate Research Unit (CRU) and CHIRPS
has enhanced the regional drought prediction
[9,10,11]. Using one of the drought indicators such as
temperature, precipitation, soil moisture etc. or a
combination of it, the drought index is obtained. Some
of the common drought indices are the Standardised
Precipitation Index (SPI), Standardised Precipitation
Evapotranspiration Index (SPEI), China Z-Index, Aridity
Index, Palmer Drought Severity Index (PDSI), etc [
12,13,14,15]. SPI is the index which is recommended
by the World Meteorological Organisation due to its
simplicity in its computation. It requires only
precipitation as the input variable. Though the
precipitation is relative same over the years, due to
the rise in the temperature, the frequency of droughts
has increased leading to the decrease in the
agricultural productivity [16]. The SPEI index combines
precipitation and temperature and is sensitive to
global warming, is also widely used to evaluate
droughts [17]. SPEI was able to estimate the soil
moisture with higher accuracy, when compared to SPI
with the accuracy of 36% [18].

The drought models can be physical models or data
driven models. The physical models are based on the
physical process like the atmospheric water cycle, soil
type and runoffs. Data driven models learn patterns or
relationship between the variables using the historical
data. With the advancement of artificial intelligence,
the complex non-linear patterns in the variables of the
droughts can be identified using statistical or machine
learning techniques. Some of the data driven models
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used are the regression models, Artificial Neural
Network models, Support Vector Machines (SVM),
Random Forest, Long Short-Term Memory model, etc
[19,20,21,22,23]. The deep learning models such as
the ANN is widely used for the prediction of droughts
and other extreme events. ANN has been effectively
used to predict the floods in India [24]. Other models
such as Gaussian mixture model and a non-Gaussian
model are applied to predict floods and drought in the
coastal regions of Karnataka using ANN models
achieving good accuracy [25,26,27]. To understand the
intensity, variability and the seasonal patterns the
probability distributions of the rainfall of the region of
Karnataka is studied [28, 29, 30,31]. Although many
models such as ANN, SVM, Random Forest are widely
used, Kolmogorov-Arnold Network (KAN) based on the
Kolmogorov-Arnold representation theorem is rarely
used to explore droughts [32,33,34]. Therefore, the
primary objective of this study aims to study and
compare the KAN and ANN models to forecast
droughts using SPEI across four drought prone regions
in India.

2. Materials and Methods
2.1. Study Area

Jaisalmer is a city located in Rajasthan, in the western
part of India. It is an arid region, bordered by Jodhpur,
Bikaner, Barmer, and Pakistan, and is part of the Thar
Desert. The region lacks perennial rivers, and the
Indira Gandhi Canal is utilized for irrigation [35].
Mewat district is situated in Haryana, in northern
India. It is bordered by the districts of Gurgaon,
Rewari, and Faridabad, as well as Rajasthan. The
topography is characterized by upland lowland, and
agriculture is primarily rain-fed, resulting in a
comparatively low production per hectare with
variable climate [36]. Bankura, a district in West
Bengal situated in the western region of India and is
prone to frequent droughts [37]. It holds the highest
rank among the districts in West Bengal in terms of
drought susceptibility. The area is characterized by
high evaporation rates and low precipitation, resulting
in reduced moisture levels. The Bagalkot district of
Karnataka is one of the drought-prone regions of the
state, situated in the southern part of the country [38].
Table 1 presents the geographical co-ordinates and
the climate of the regions.
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Table 1: Study regions and their geographical locations. The table lists the selected study regions along with their

corresponding states, geographical coordinates (latitude and longitude in degrees), and dominant climatic

conditions.
Region State Latitude(°N), Longitude (°E) Climate
Jaisalmer Rajasthan 26.92 and 70.93 arid
Mewat Haryana 27and 76.9 Semi- arid
Bankura West Bengal 23 and 87 Wet & dry
Bagalkot Karnataka 16.18%and 75.7 Semi-arid

2.2. Methodology

DATA DATA

COLLECTION PREPROCESSING

COMPUTATION & TESTNG

MODEL TRAINING MODEL
EVALUATION

Figure 1. The general framework of the research is presented. It presents the overall workflow of the study,

including data acquisition, preprocessing, SPEl computation, model training, and performance evaluation.

2.2.1. Data

The datasets employed in this research originated
from 0.5° x 0.5° datasets at a specific location,
determined by the latitude and longitude coordinates
accessible via the National Aeronautics and Space
Administration (NASA) "POWER Single Point Data
Access Widget," which offers access to data [39]. The
agency uses ground-based sensors, computational
models, and a network of satellites to gather data.
This approach enables NASA to provide information
regarding climate change and trends. The datasets for
the years 1984-2023, encompassing 40 years is used
in this analysis.

2.2.2. Standardised Precipitation Evapotranspiration
Index (SPEI)

The Standardised Precipitation Evapotranspiration
Index considers precipitation and evapotranspiration
as the drought indicators. The inclusion of
temperature in quantifying drought makes it more
responsive to the climate change, while SPI uses only
precipitation and is not considering the dry effects,
due to rise in the temperature [40]. SPEI is calculated
by considering the water balance which is the
difference between the precipitation and potential
evapotranspiration. Potential evapotranspiration is
obtained using Pen-Montieth equation given by
equation (1)

900
0.408A(R, — G) + Yt 273) Uz(es — eq)
ETo = A+y(1+034U,) M

Where ET,: reference evapotranspiration (mm/day),
A: slope of saturation vapor pressure curve (kPa/°C)
Rn: net radiation at the crop surface (MJ/m?/day), G:
soil heat flux density (MJ/m?/day) — often = O for daily
time steps, T: mean daily air temperature at 2 m
height (°C), Uz: wind speed at 2 m height (m/s), es:
saturation vapor pressure (kPa), ea - actual vapor
pressure (kPa), y: psychrometric constant (0.0677)
((kPa/°C)

The water balance, which is the difference between
the precipitation and evapotranspiration obtained is
fitted in a log logistic distribution and the cumulative
distribution function is obtained. Then the values are
normalised to obtain the final SPEI values. The SPEI
values are classified to be extreme droughts, if SPEI < -
2, Severe drought, if -2<SPEI<-1.5, mild drought, if -
1<SPEI<-0.5 and no droughts if -0.5 < SPEI<0.5 and wet
for the remaining values [ 41, 42].

2.3. Data Preprocessing and Exploratory Analysis

The dataset obtained from NASA is analysed for
missing values and the infinite values. The target
variable SPEI, is derived for the monthly timescale
[43]. The required time series including the input
variable and the target variable is prepared for this
study.

To understand the strength of the linear relationship
between the input variables and the target variable
SPEI, the correlation matrix is obtained. Figure 1,
represents the correlation matrix of Bankura district.
The correlation coefficient of SPEI with precipitation,
specific humidity and temperature are 0.81, 0.87 and
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0.085 respectively. Similarly, for the Mewat region the
correlation co-efficient for precipitation, specific
humidity and temperature are found to be 0.67, 0.52
and -0.35 respectively. In the Bagalkot district of
Karnataka, the correlation coefficients are 0.82, 0.77,
and -0.55 for precipitation, specific humidity, and
temperature with SPEI-1, respectively. For the
Jaisalmer region, the correlation values are 0.27, -0.33,
and -0.77 for temperature, specific humidity, and
temperature respectively [44]. Further, the data is
normalised using the Standard scalar scaling technique
for data analysis. The data was split chronologically to
maintain the temporal dependencies [45].
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Figure 2. Correlation matrix for Bankura district of
West Bengal of the climate variables and SPEI. The
heat map summarises the interaction pattern among
the temperature, relative humidity, windspeed
temperature, precipitation, radiation and SPEI

2.4. Modelling
2.4.1. Artificial Neural Network Model (ANN)

ANN is a computational model based on the structure
and the function of the human brain. Just as the
information is passed through the neuron in the brain,
ANNs are interconnected layers of neuron to process
the data and learns the complex non-linear patterns
and the relationship between the variables [46]. It
consists of three layers- the input layer, hidden layer
and the output layer. The input layer receives the pre-
processed and the normalised data. The hidden layer
performs non-linear transformations using weights
and the activation functions. The output layer predicts
the model values [47]. Determining the optimal
number of neurons and the number of hidden layers is
the challenge in designing a neural network. The
weights and biases are optimised using back
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propagation algorithms. The various activation
functions used are the Relu, sigmoid function, swish
function and so on [48]. The Adam optimiser is
employed to optimise the parameters. There is no
standard method to select an appropriate
architecture. If the network is too small then the
model suffers from underfitting. And if it is a complex
architecture, then it suffers from overfitting [49].

/ MMQ

HIDDEN LAYERS

Figure 3. Architecture of a feedforward artificial
neural network (ANN). The network consists of an
input layer two hidden layers with nonlinear
activation function, and an output layer producing
the predicted output.

2.4.2. Kolmogorov — Arnold Network (KAN)

Kolmogorov — Arnold Network (KAN) is a recently
developed neural network, based on Kolmogorov —
Arnold Theorem. It states that any continuous
multivariate function can be expressed as the finite
sum of the univariate functions applied to linear
combinations of the input co-ordinates [50,51,52].
Mathematically, a continuous function f:[0,1]" - R,
can be expressed in KAN as (2)

2n+1 n
f(xl,xz,x3, o Xp) = Z 9q Z ‘pp,q(xp) 2
q=1 p=1

Where x; € [0,1] are the inputs, g, represents the
outer transformation applied to each block and each
®p.4(x,), represents inner univariate transformation.
Each input passes through the univariate non-linear
map given by (3)

Pp.q (xp) = Qpq tanh(xp) + bpq 3)

Where a,, and b,, are the weights and biases
applied to input variable. For each g, the transformed
co-ordinates are summed given by (4)

Sq(x) = Z Pp.q (xp) = P1q (x1) + ‘Pz,q(xz) + <P3,q(X3) +- (4)

p=1
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Each of the sum, is passed through the non-linear
outer transformation as

9q (sq (x)) = ¢4 tanh (sq (x)) +d, (5)
Where ¢, and d, are learnable weights and biases.
The final output is the sum of outer functions g,(.),

2n+1

F@) = ) gq(s000) ©)

q=1

This is the Kolmogorov additive decomposition of the

model
Intl n
f{leijxHJ S .‘JC,,) = Z Oq wi’afr(xﬂ)
g=1 p=1

(7)

/ OUTER FUMCTIONS \\

Figure 4. Schematic representation of the
Kolmogorov—Arnold Network (KAN) architecture
showing the inner univariate spline functions
¢p,q(Xp), summation layer, and outer function g,

Each input feature x,, is processed through inner
transformation ¢, ,(.) generating the non-linear
response. That is, the function applies non-linear
‘tanh’ transform to the input x,, to form one inner
univariate component of the KAN decomposition as
given by equation (3). Then for each block ‘q’, the co-
ordinates are added and a sum is obtained,
represented by equation (4). This is the structure of
KAN theorem. Each sum is then passed on through the
univariate non-linear function given by g,(.) given by
equation (5). They capture the interactions among
different dimensions from the previous step. The
overall output is obtained by summing all the outer
transformations as represented by equation (6). They
capture the non-linear mapping by combining the
transformed representations generated by the inner
and the out layers.

2.4.3. Model Training
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The model is trained on 80 % of the data and
remaining 20% is used for testing. A chronological split
is considered for temporal dependencies. The input
variables and the target variable SPEI are standardised
using the Standard Scaler. Both the models ANN and
KAN use the Adam optimiser with the learning rate of
0.001 for a better optimisation. A custom weighted
Huber loss function is used to emphasise the negative
values of SPEI. Weights of 3.0 is applied to negative
SPEI values to penalise the underestimation [53].

Both the models are trained for 200 epochs and with a
batch size of 32, and validation was done using the
test dataset with three input feature — temperature,
precipitation and specific humidity. The KAN model
considered had 5 inner univariate function and 3 outer
functions with tanh as the activation function. The
ANN model consists of two hidden layers with 64 and
32 neurons respectively, with ‘tanh’ as the activation
functions. For the KAN model, the activation function
is replaced by learnable univariate functions which act
as the neural approximations. Back propagation is
used to update weights and reduce the custom
weighted Huber loss. The model was implemented
using Python with NumPy, Scikit and Keras on Google
Colab platform

2.4.5. Model Evaluation

The performance of the KAN and ANN models are
evaluated using the metrices: Root Mean Square
(RMSE) and the co-efficient of determination (R?) [54]

RZ—1_ i1 (i — y)?
i i — w2

RMSE = (®

where ‘n’ is the total number of observations, y; is the
actual value, ¥; is the predicted value and y, is the
mean of all the actual values. The models with lower
RMSE and MAE, and higher R? is considered to be a
better predictive model.

The loss curve is another tool to evaluate the learning
behaviour and the generalising capacity of the model
during the training period. It is a visual tool to gauge
how well model performs during the training and the
validation.

Scatter plots between observed and predicted values
during the testing period is used to visualize model
performance
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3. Results and Discussion

This paper involves the study of the predictive
capabilities of KAN model and ANN model with
the  Standardised
Evapotranspiration Index (SPEI).
trained with 80% of time series with the same input

respect to Precipitation

The models are
variables- Precipitation,

temperature and specific

humidity for both the models. The model was
evaluated using the metrics; Root Mean Square Error
(RMSE), Co-efficient of determination (R?) and Mean

Absolute Error.

In KAN, each input feature is passed on to learnable
‘tanh’
approximations of the univariate mapping. Then these

dense network, with functions, that are
outputs of these are summed across all input features.
Each of these sums are passed on the second dense
block of ‘tanh’

transformations.

functions performing the outer
the
nonlinear interactions among the summation of the

The outer units produce
univariate transformation. The final output is obtained
by combining all the responses of the outer functions.
KAN helps to detect the influence of a single variable
and the group of variables that influence the output.
In this paper, ‘tanh’ is used for the transformations,
while other transformations such a wavelet is used

instead of the traditional spline function. [55].
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The ANN model consisting of input layer, two hidden
layers with 64 and 32 neurons and the output layer.
The activation function ‘tanh’ is considered to capture
the non-linear patterns. Custom weighted Huber loss
and the higher penalties for negative SPEI is applied.
ANN provides a non-linear approximation for the
relationship between the input variables and the
target variables focusing on drought episodes.

The performance of the model during the training
period is presented in the Table 2. Both models have
captured the relationship existing between the input
variable — temperature, precipitation and specific
humidity and SPEI. The RMSE during the training
period for the four regions are between 0.09 and 0.20
and the R? values range between 0.99 to 0.95,
explaining more than 95% of the variance for both the
models. The correlation co-efficient is as high as 99%
in both the cases during the training period. Bankura
and Mewat has lowest of the RMSE capturing the
drought pattern effectively, while Jaisalmer has the
highest RMSE due to the variability in the climate, the
model performance is robust. The predictive accuracy
is more than 95%, indicating that both the models are
performing equivalently well across all regions in
replicating SPEI, with minor deviations during extreme
dry or wet events.

Table 2: Training performance metrics of KAN and ANN models across four regions

KAN ANN
Regions RMSE R? Correlation RMSE R? Correlation
Bankura 0.0990 0.9901 0.99 0.0923 0.9914 0.99
Jaisalmer 0.2039 0.9561 0.98 0.1970 0.9590 0.98
Mewat 0.1402 0.9806 0.99 0.1270 0.9840 0.99
Bagalkot 0.1308 0.9816 0.99 0.1340 0.9807 0.99
This table compares the training performance of the performance indicators include RMSE, R? and

KAN and ANN models for drought prediction in

Bankura, Jaisalmer, Mewat, and Bagalkot. The

correlation coefficient (r), indicating how well each
model fits the training data.
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BANKURA : Comparison of Training vs Validation Loss Curves (ANN vs KAN)

ANN Training Loss
AN Validation Loss

—— KAN Training Loss

~=- KAN Validation Loss

Weighted Huber Loss
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100 125
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(a)

MEWAT - Comparison of Training vs Validation Loss Curves (ANN vs KAN)

150
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BAGALKOT - Comparison ef Training vs Validation Loss Curves (ANN vs KAN)

ANN Training Loss
ANN validation Loss

—— KAN Training Loss
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100 125 150 200
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(b)

JAISALMER - Comparison of Training vs Validation Loss Curves (ANN vs KAN)
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Figure 4. Training and validation loss curves for ANN and KAN
Weighted Huber Loss for Artificial Neural Network (ANN) and
epochs for (a) Bankura, (b) Bagalkot,

15 150 15 0

The training and the validation loss represented by
Figure 4, indicate the both the models converge
with
indicating good generalisation to the

smoothly, stable learning and minimum
overfitting,
unseen data. The loss decreases quickly and stabilises
at the lower values, concluding that the both models

are not suffering from high bias or variance.

100
Epachs

(d)

models across the four study regions. Comparison of
Kolmogorov—Arnold Network (KAN) models over 200
(c) Mewat, and (d) Jaisalmer

123 150 175 200

The performance of the KAN and ANN models during
the test period is presented in the table 2. The RMSE is
the lowest for the Bankura region and is highest at
Jaisalmer for both the models. With all the R? values is
more than 94% of the variance is explained by the
model. The correlation co-efficient is more than 98%
for the models. The difference in the RMSE values for
both the models is minimal, indicating that ANN is
sufficient for the drought prediction, when compared
to KAN model

Table 2: Testing Performance Metrics of KAN and ANN Models Across Four Regions

KAN ANN
Regions
RMSE R? Correlation RMSE R? Correlation
Bankura 0.0952 0.9882 0.99 0.1009 0.9867 0.99
Jaisalmer 0.2158 0.9466 0.98 0.1922 0.9576 0.98
Mewat 0.1717 0.9661 0.99 0.1486 0.9746 0.99
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Bagalkot 0.1739 0.9700 0.99

0.1572 0.9755 0.99

This table presents the testing results for KAN and
ANN models across the same four regions. It highlights
the predictive capability and generalization

BANKURA Training Set: Actual vs Predicted SPEI

performance on unseen data, showing that both
models perform consistently with minor regional
deviations.

BANKURA - Testing Set: Actual vs Predicted SPEI
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Figure 5. Comparison between observed and predicted SPEI values using ANN and KAN models for the Bankura

region

Both models show a close agreement with observed
data during the testing period, indicating strong

BAGALKOT -Training Set: Actual vs Predicted SPEI

predictive capability in capturing regional drought
variability.

BAGALKOT - Testing Set: Actual vs Predicted SPEI
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Figure 6. Observed and predicted SPEI trends for the Bagalkot region

Both ANN and KAN models show high predictive
capability and temporal consistency, successfully

replicating observed drought dynamics in the testing
period
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MEWAT -Training Set: Actual vs Predicted SPEI
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MEWAT - Testing Set: Actual vs Predicted SPEI
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Figure 7. Time-series comparison of observed and predicted SPEI for the Mewat region

The KAN model exhibits
transitions compared to the ANN, indicating enhanced

smoother temporal

JAISALMER -Training Set: Actual vs Predicted SPEI

ability to model drought persistence and recovery
phases.

JAISALMER - Testing Set: Actual vs Predicted SPEI
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Figure 8. Observed versus predicted SPEI comparison for the Jaisalmer region

The KAN and ANN models effectively capture the
fluctuations in drought intensity, demonstrating high
accuracy and strong correspondence with observed
values.

The time series plot for the different regions during
the training and the testing period for the ANN and
KAN model successfully captures the variations in the
SPEI. It compares the observed SPEI with predicted
SPEI from both the models with respect to time.
During the training period both the models follow the

true SPEI, capturing the temporal variations. During
the testing period, the models predict SPElI with
greater accuracy, indicating that the model works well
with the unseen data. The predicted SPEls are closer
to the actual SPEls. The presence of small deviations
can be observed for the extreme values of the SPEI,
but the overall pattern is well captured.

The scatter plot further confirms that; both the
models have similar and high predictive capability
deviations can be

reproducing the SPEl. Small
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observed when SPEI is around -2, indicating the need

of more training samples. The values are clustering

around the diagonal indicating that neither model

BANKURA - Scatter plot of Actual vs Predicted KAN & ANN SPEI (Test Data)
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exhibits major bias concluding that the ANN and KAN
model performances are equivalent.

BAGALKOT: Scatter plot of Actual vs Predicted KAN & ANN SPEI (Test Data)
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Figure 9. Scatter plots of observed versus predicted SPEI values for four study regions using KAN and ANN models
during testing:(a) Bankura, (b) Bagalkot, (c) Mewat, and (d) Jaisalmer

The red and blue markers represent predictions from
the KAN and ANN models, respectively. All plots show
strong alignment to the diagonal, indicating that both
models effectively capture drought variability with
high predictive accuracy.

4. Conclusion

This study establishes the Kolmogorov Arnold Network
as another learning framework for drought prediction.
There are very few applications of KAN models for the
drought prediction. The application ‘tanh’ as the
activation function is introduced in this study to
reduce the computation difficulties instead of using
spline functions and still preserving the KAN additive

structure This research compares the performance of
the ANN and the KAN models for drought prediction
for the districts Bankura,

Mewat, Bagalkot and

Jaisalmer of India which are highly vulnerable to

droughts using Standardised Precipitation
Evapotranspiration Index. Both the models
successfully captures the non-linear relationship

between the input variables and the target variable,
SPEI. The evaluation metrics including RMSE (less than
0.21) and R? (more than 0.94) indicates both ANN and
KAN model achieves high degree of accuracy. Despite
KAN being a recently developed model, it shows a high
accuracy and is a robust alternative to traditional ANN
model. Although the KAN and ANN model shows
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promising results, the study uses only three inputs, we

can
moisture, land

include other input variables, such as soil

surface temperature into the

framework. Other deep learning models can be

developed to predict droughts.
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