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Abstract

Drought modeling is an important issue because it is required for curbing or mitigating its
effects, alerting the people to its consequences and water resources planning. The moni-
toring and forecasting of droughts plays a key role in the assessment of ecosystem health
and mitigating the impact of extreme weather events on human society. This study in-
vestigates the capability of a deep learning method, Long Short-Term Memory (LSTM),
in forecasting drought calculated from monthly rainfall data of Palakkad, Kasaragod and
Punalur in Kerala. Due to the complexity of the drought phenomena and the requirements
for its assessment, several indices have been developed and used in assessing drought events.
Among these indices, SPI (Standardized Precipitation Index) is recommended by the WMO
(World Meteorological Organization). Root Mean Square Error (RMSE), Mean Absolute Er-
ror (MAE) , Mean Square Error (MSE), Coefficient of Determination (R²) , Radar Plot,Box
Plot and Violin Plot of SPI-1, SPI-3, SPI-6 and SPI-12 for different models like Random
Forest, Support Vector Regression (SVR) and LSTM are compared with each other in order
to find the best model. The overall results showed that the LSTM method performed su-
perior to the Random Forest and SVR in forecasting drought based on SPI-1, SPI-3, SPI-6
and SPI-12. From the study it is proven that SPI-12 shows better performance in LSTM
time series prediction.
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Chapter 1

Introduction

1.1 General

Precipitation is a field that is random in character and as such makes drought prediction
a complex task. Drought materializes from a deficiency of rainfall over a period of time.
Drought can be classified as a meteorological drought, agricultural drought, hydrological
drought and socio-economical drought. Drought over short timescales (months) character-
izes meteorological drought, whereas long-term scales (years) showcase hydrological drought.
Drought causes immense damage to the environment, economy and society. Agricultural
droughts can lead to agricultural losses which in turn result in higher suicide rates among
farmers, higher cost of food production, lower hydrological energy output and depleted water
supply and tourism. They are also responsible for excessive heat waves, limitation of water
supplies for consumption, high stress due to failed harvests, etc. Research-based knowledge,
monitoring, prediction, management and mitigation have proven invaluable in reducing the
extent and impact of drought on our economy and society. Therefore, there is a vital re-
quirement to give an accurate prediction of drought occurrence. An early prediction can
help in an early warning for drought management.

Droughts begin with a deficiency in precipitation, which then slowly propagates to a re-
duction in soil moisture conditions, causing agricultural drought and declines in streamflow,
leading to hydrological drought and finally impacting society’s social and economic aspects.
Generally drought can be classified into four categories are (a) meteorological drought due
to precipitation shortage (degree of dryness) over a certain period for a specific region, (b)
hydrological drought due to the presence of below-average surface and subsurface flow for
a longer time duration that accelerates inadequate water supply, (c) agricultural drought
due to low soil water availability to support agricultural growth, and (d) socio-economic
drought, which defines the imbalances in supply and demand of droughtdependent socio-
economic commodities. The assessment and monitoring of drought using drought indices
are more appropriate than the direct use of hydro-meteorological indicators.

More specifically, indicators are hydro-meteorological variables used to define drought sit-
uation such as rainfall and temperature. On the other hand, drought indices are obtained
by numerically using hydro-meteorological inputs and the drought indicators. It should be
noted that a drought variable should be able to quantify the drought for different time scales
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for which a long time series is essential. The most commonly used time scale for drought
analysis is a year, followed by a month. Although the yearly time scale is long, it can also
be used to abstract information on the regional behavior of droughts.

The ultimate objective of drought prediction is to prepare a mitigation plan in advance,
rather than resolve intellectual curiosity about nature. Drought forecasting plays an im-
portant role in mitigating the negative effects of drought [1]; hence, various approaches
for predicting droughts are stochastic methods, combined statistical and dynamical models,
categorical prediction, machine learning approaches, deep learning and hybrid models. Agri-
cultural droughts determined by soil moisture must be predicted several months ahead for
proper and rapid resource allocation [1], because this allocation can mitigate the effects of
upcoming droughts by supplying timely water and guaranteeing suitable crop growth and
availability of food resources.

Meteorological drought is a consequence of complex individual interactions making it chal-
lenging to predict. Many droughts up to a month in advance and in rare cases it may be
possible to predict drought conditions more than a year in advance. The main objective of
modeling is to improve drought information systems by incorporating the latest advances in
monitoring and prediction and advanced information delivery platforms. Also, a good model
should be able to predict the occurrence, severity and duration of the drought accurately.

Through different machine learning (ML) models such as Support Vector Regression (SVR)
and Random Forest(RF) have proved to make good predictions, efforts are made to find
better models. Developments in deep learning and its ability to find a non-linear relation-
ship between the parameters by mimicking the human brain sparks interest in creating more
accurate models. This project investigates the capability of a deep learning model, long
short-term memory (LSTM) in outperforming previous ML models that have proved to be
efficient in time series forecasting

1.2 Objectives

The objectives of this project are as follows:

• To develop LSTM model for the prediction of Short, Medium and Long-term droughts
in Palakkad,Kasaragod and Punalur in Kerala.

• To compare the performance of the deep learning model (LSTM) with Machine Learning
models such as Random Forest, Support Vector Regression for drought prediction.

1.3 Organization of work

All the procedures and steps adopted to complete the project are explained in this report.
The report is organized into six chapters. Chapter 1 gives an introduction to the topic of the
project, its objectives. Chapter 2 deals with the literature relevant to this study. Chapter 3
provides the proposed methodology for the work and Chapter 4 provides a basic idea about
the study region. Chapter 5 gives the results obtained from the project. Chapter 6 provides
the conclusion of the report.

Centre for Artificial Intelligence Page 2



Chapter 2

Literature review

2.1 General

This chapter presents the Literature Review of different types of drought, different types of
drought indices and prediction of drought index using Machine Learning and Deep Learning.

2.2 Drought indices and prediction models

There are many works done focused on this drought prediction. All the researchers and
research papers focused on or follow for defining drought is that Drought simply means it is
the deficiency of precipitation. Precipitation is random in characteristics. So, the prediction
of drought is a complex task. But it is very essential to have a drought monitoring system
to predict drought. For this task deep learning and machine learning techniques can predict
more efficiently by drought indices.

Mckee et al. (1993)[2]Introduced the work” The relationship of drought frequency and
duration to time scales.A new definition of drought has been proposed which explicitly spec-
ifies time scales and utilizes a standardized precipitation index. Drought frequency decreases
inversely and duration increases linearly with time scale. Frequency and duration of random
climate and actual climate are very similar.The new definition allows a consistent set of
information to be calculated including drought beginning, ending, intensity, and magnitude.
It also produces monitoring information of index values,probability, percent of average, and
precipitation deficit during drought.
Zargar A et al.(2011)[3] There are hundreds of drought indices have so far been proposed,
some of which are operationally used to characterize drought using gridded maps at regional
and national levels. These indices correspond to different types of drought, including meteo-
rological, agricultural,and hydrological drought. By quantifying severity levels and declaring
drought’s start and end, drought indices currently aid in a variety of operations including
drought early warning and monitoring and contingency planning. Given their variety and on-
going development, it is crucial to provide a comprehensive overview of all available drought
indices and their difference and examines the trend in their development. This paper reviews
74 operational and proposed drought indices and describes research directions.
Agana and Homaifar(2017)[4] studied a drought prediction model with a deep belief
network with two Restricted Boltzmann machines (RBM). The performance are evaluated
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by RMSE and MAE values. The deep belief network with two RBM are compared with
classical MLP and SVR. Where the Deep belief network shows fewer error values than MLP
and SVR.
Poornima and Pushpalatha (2019)[5]Proposed a work ”Drought prediction based on
Standardized Precipitation Index and Standardized Precipitation Evapotranspiration Index
with varying time scales using LSTM recurrent neural network”, where they developed 12
models of LSTM were, the first input of LSTM is given SPI and SPEI values and second
input as average humidity and average temperature with respect to 1,3,6 timescales and the
performance of LSTMs are compared with classical ARIMA models. The result shows that
LSTM gives a better prediction and less error than the classical ARIMA model.
Karimi et al. (2019))[6] analyzed the meteorological drought at seven stations of Karkheh
Basin in Iran using monthly precipitation data and SPI index for 1, 3, 6, 9, and 12 monthly
timescales. Forecasting of SPI3 time series was performed using ARIMA models. Based on
the results, the ARIMA model was considered a useful tool for forecasting drought. The
use of the other forecasting such as wavelet transforms, support vector machine (SVM), and
ANN were suggested to forecast drought for future studies.
Kaur and Sood (2020))[7]Introduced a work based on ”Deep learning-based drought as-
sessment and prediction framework” a new framework that predicts drought has a data
collection layer where the input data are collected and stored. A fog layer helps to reduce
the dimensions and then passed to the loud layer where the severity of the drought is eval-
uated. ANN optimized with a Genetic algorithm. Then they are passed to DNN which
performs a comparison at last SVM predicts the drought.
Bouaziz et al. (2021)[8] studied the effectiveness of the Extreme Learning Machine (ELM)
in Standardized Precipitation Index (SPI) in various timescales to classify and track drought
events based on Climate Hazards Group InfraRed Precipitation with Station (CHIRPS)
rainfall data for the period between 1981 and 2019 over different time scales (1, 3, 6, 9, 12,
15, 18, and 24 months). Forecasting of meteorological droughts was based on using SPI as
input for ELM algorithms. This study confirms the utility of using SPI with ELM to fore-
cast meteorological drought and detect temporal patterns of drought with a high coefficient
of 6 determination (R2). The computed SPI values from this study help to exhibit high
reliability between wet and dry periods over the different time scales, and the amplitude of
fluctuations decreases with increasing time scale.
Pham et al. (2021)[9] Studied Coupling singular spectrum analysis with a least square
support vector machine to improve the accuracy of drought forecasting. In this study they
propose a model to forecast drought SPI based on singular spectrum analysis (SSA) and
least square support vector machine (LSSVM) with two case evaluation forecasting per- per-
formances are evaluated of the LSSVM-based model with and without coupling SSA and
for both models, different inputs like antecedent SPIs and antecedent accumulated monthly
rainfall are used and they are pre-processed by SSA. Two cases are considered for the test,
the first case is about LSSVM using antecedent SPI as input (LSSVM1). Another model in
which LSSVM coupled with SSA is considered an antecedent SPI as inputs were developed
(LSSVM2) and in another case, SSA-LSSVM-based models using antecedent accumulated
monthly rainfall are considered as inputs. Then compared to SSA-LSSVM2 then predicted
for SPI1 and SPI3 timescales. The selected sub-division was the Tseng-Wen reservoir catch-
ment in southern Taiwan and the result shows that SSA-LSSVM2 is better than LSSVM1
which shows that preprocessed by SSA can increase the accuracy of the other case, SSA-
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LSSVM2 and SSA-LSSVM3. Where SSA-LSSVM3 show better performance.

2.3 Summary

In a place like Kerala, there are diverse climatic conditions, which make it very difficult
to predict drought.Time series Artificial intelligence(AI) models can be used for effective
drought prediction in these areas.Multivariate approaches are rarely used for drought pre-
dictions.So models considering multiple inputs would be a great advancement for time series
drought prediction.

Centre for Artificial Intelligence Page 5



Chapter 3

Methodology

3.1 Overview of Standardized precipitation index

Many indices are used to predict drought depending upon the situation, among them is Stan-
dardized precipitation index[SPI][9].SPI is based on the percentage values, therefore some-
times it becomes complex. The reason for developing the index is to get the index to avoid
complex calculations and these index values can be used in regions all over the world. The
deficiency of rainfall affects many water-related phenomena like soil moisture, humidity, tem-
perature, groundwater etc.., and this makes them develop the SPI index’s values are simple
in the calculation, fairly easy to use, and flexible and the only requirement is that need is
the time series precipitation values. These indexes are very effective to detect drought and
flood in an equal range of measurements.SPI values were implemented from precipitation
values depending upon different timescales, through those values we can obtain the severity
of drought.SPI calculations for a region are developed from long-term precipitation values.
These long-term precipitation values fit in a probability distribution and transformed into a
normal distribution. The mean value of the series is always zero. Here, the positive values
show the wet conditions and negative values show the dry conditions. The values near zero
give the normal condition. As shown in Table 3.1 [2]

3.1.1 Computation of SPI

The index is the number of standard deviations got from the observed precipitation deviating
from the long-term mean, for the normal distribution. The distribution of precipitation is not
normally distributed initially. So, precipitation must be transformed using gamma function
[10] or normal distribution or Pearson distribution. The SPI values show the deviation of
precipitation. The different timescales help in taking decisions on various water-associated
issues values can be calculated from 1 to 72 months timescales. But, commonly used best
timescales were 1-24months. for 50-60 years we can use 24month or more. Considering the
42 years (1979-2021) time series SPI-1, SPI-3, SPI-6, and SPI-12 are used for this work.

SPI is very less complex and fairly easy to calculate. The only requirement to calculate
SPI values is the precipitation values. The SPI is applicable in all climate regions, and SPI
values for very different climates can be compared. The ability of SPI to be computed for
short periods of record that contain missing data is also valuable for those regions that may
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be data-poor or lacking long term, cohesive datasets. The program used to calculate SPI is
easy to use and readily available.
The SPI values can be calculated as

SPI = (t− c0 + c1t+ c2t
2

1 + d1t+ d2t2 + d3t2
); t =

√
log

1

(H(x))2
; 0 < H(x) ≤ 0.5 (3.1)

SPI = t− c0 + c1t+ c2t
2

1 + d1t+ d2t2 + d3t2
; t =

√
log

1

(1− (H(x)))2
; 0.5 < H(x) < 1 (3.2)

where “x” is the monthly rainfall, c0 = 2.515517, c1 = 0.802853, c2 = 0.010328, d1 =
1.432788, d2 = 0.189269, d3 = 0.001308, and “H(x)” is the average likelihood of the data
series being translated into an incomplete gamma distribution function. The distribution of
the gamma function is expressed as follows:

g(x) =
1

βαI(α)
xα−1e−xβ−1

;x > 0 (3.3)

3.1.2 Types of SPI

SPI can be calculated from several time periods(timescales)

• 1-month SPI: SPI-1 values mean, for one month shows the 30-days period representing
the normal precipitation percentage. Here, the SPI is an accurate representation of
precipitation distribution because the distribution is normalized. So, a 1-month period
means, it compares all the months in the year. Therefore, they show a short-term effect
and these are applicable to the crop loss problems related to precipitation.

• 3-months SPI: They are used for computing for shorter accumulation periods and can
be used as an indicator for immediate impacts for reduced soil moisture, snowpack and
flow in smaller creeks

• 6-months SPI: SPI6 is dealing with the same 6 months period.For example, January is
the start all the January to June are taken into consideration every year. This type of
SPI shows a seasonal to medium-term trend in rainfall.

• 12-month SPI: SPI-12 is very much similar to SPI-3 and SPI-6 .here considering 12
consecutive months in the data. Which takes all month’s data in the year to calculate
the SPI-12 value. they are related to streamflow, reservoir levels and groundwater level
at longer time scales.
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Table 3.1: Drought classification by SPI value

3.2 Long Short-Term Memory (LSTM)

Among the various types of recurrent neural networks[12] (RNNs), LSTM is recognized as an
advanced form of it, which can cover the flaws of general RNN structure through long-term
dependency learning.

LSTM is the advanced version of Recurrent neural network[12](RNN).Hochreiter and
Schmidhuber proposed LSTM for the first time in 1997, although it has been improved and
generalized progressively by numerous scholars.RNN suffer from short-term memory due to
a vanishing gradient problem. To avoid this problem LSTM is developed, which can work
with longer data sequences’ and can solve the vanishing gradient problem of RNNs.LSTM is
a more advanced version of RNNs that can preserve important information from the earlier
part of the sequence and carry it forward.LSTM recurrent unit is more complex than that of
RNN, they improve learning but required more computational resources. The key elements
in the LSTM are cell, input gates, output gates and forget gates.

• Cells: it is also known as the memory state, which is like an information highway It is
a chain structure, that contains four neural networks and many memory blocks called
cells. Information is retained by cells and memory manipulation is done by the gates.

• Forget gates: forget gates are gates which can manipulate memory and retain by cells
In LSTM the information that is not useful in the cell state is removed by the forget
gate. the unwanted or no longer used are ignored.

• Input gates: additional information for the cell state is given by Input gates. they
decide what information is given to the cell. The information is regulated using the
sigmoid function and filters.

• Output gates:extract the useful information from cell and output is given.

The central role of an LSTM model is held by ‘cell state’ that maintains its state over
time.Which is a conveyor belt through which information just flows, unchanged.Information
can be added to or removed from the cell state in LSTM and is regulated by gates. These
gates optionally let the information flow in and out of the cell. It contains a point wise
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Figure 3.1: LSTM cell

multiplication operation and a sigmoid neural net layer that assist the mechanism.The sig-
moid layer gives out numbers between zero and one, where zero means ‘nothing should be
let through,’ and one means ‘everything should be let through.’ The LSTM architecture is
shown in Figure 3.1 LSTM is a deep learning algorithm which was implemented using the
TensorFlow library.

• Units: They are Positive integer, dimensionality of the output space.

• Activation: Activation function to use.The Default activation function is tanh. If you
pass None no activation will applied

• recurrent activation:Activation function to use for the recurrent step. Default: sigmoid
(sigmoid). If you pass None, no activation is applied

• use bias: Boolean (default True), whether the layer uses a bias vector.

• kernel initializer: Initializer for the kernel weights matrix, used for the linear transfor-
mation of the inputs. Default: glorot uniform.

• recurrent initializer:Initializer for the recurrent kernel weights matrix, used for the linear
transformation of the recurrent state. Default: orthogonal.

• bias initializer:Initializer for the bias vector. Default: zeros.

• unit forget bias Boolean (default True). If True, add 1 to the bias of the forget gate at
initialization. Setting it to true will also force bias initializer=”zeros”.

• kernel regularizer Regularizer function applied to the kernel weights matrix. Default:
None.

• recurrent regularizer Regularizer function applied to the recurrent kernel weights ma-
trix. Default: None.
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• bias regularizer Regularizer function applied to the bias vector. Default: None.

• activity regularizer Regularizer function applied to the output of the layer (its ”activa-
tion”). Default: None.

• kernel constraint Constraint function applied to the kernel weights matrix. Default:
None.

• recurrent constraint Constraint function applied to the recurrent kernel weights matrix.
Default: None.

• bias constraint Constraint function applied to the bias vector. Default: None.

• Dropout Float between 0 and 1. Fraction of the units to drop for the linear transfor-
mation of the inputs. Default: 0.

• recurrent dropout Float between 0 and 1. Fraction of the units to drop for the linear
transformation of the recurrent state. Default: 0.

• return sequences Boolean. Whether to return the last output. in the output sequence,
or the full sequence. Default: False.

• return state Boolean. Whether to return the last state in addition to the output.
Default: False.

• go backwards Boolean (default False). If True, process the input sequence backwards
and return the reversed sequence.

• Stateful Boolean (default False). If True, the last state for each sample at index i in a
batch will be used as initial state for the sample of index i in the following batch.

• time major The shape format of the inputs and outputs tensors. If True, the inputs and
outputs will be in shape [timesteps, batch, feature], whereas in the False case, it will
be [batch, timesteps, feature]. Using time major = True is a bit more efficient because
it avoids transposes at the beginning and end of the RNN calculation. However, most
TensorFlow data is batch-major, so by default this function accepts input and emits
output in batch-major form.

• Unroll Boolean (default False). If True, the network will be unrolled, else a symbolic
loop will be used. Unrolling can speed-up a RNN, although it tends to be more memory-
intensive. Unrolling is only suitable for short sequences.

• Inputs A 3D tensor with shape [batch, timesteps, feature].

• Mask Binary tensor of shape [batch, timesteps] indicating whether a given timestep
should be masked (optional, defaults to None). An individual True entry indicates
that the corresponding timestep should be utilized, while a False entry indicates that
the corresponding timestep should be ignored.

• Training Python boolean indicating whether the layer should behave in training mode
or in inference mode. This argument is passed to the cell when calling it. This 20 is
only relevant if dropout or recurrent dropout is used (optional, defaults to None).
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• initial state List of initial state tensors to be passed to the first call of the cell (optional,
defaults to None which causes creation of zero-filled initial state tensors)

3.3 Support Vector Regression(SVR)

Figure 3.2: SVR architecture

Support Vector Regression is a popular machine learning model.Which was initially proposed by
Drucker et al. in 1996. SVR is associated with learning algorithms that analyse data for classifi-
cation and regression analysis. SVR can be said that it is a combination of SVM with regression.
They can be used in classification problems or assigning classes. when the given data are not lin-
early separable. In other words, SVR can be said that SVMs that solve the regression problems
are called SVR. Commonly used three kernels in SVR are Linear kernel, Polynomial kernel, and
Radial basis function. The basic sample model for Support Vector Regression is shown in Figure
3.2

kernels used for SVR

• Linear kernel: they calculate the dot products between two given observations. Com-
pared to others Linear kernel shows less performance

• Polynomial kernel: They allow curved lines in the input space and they show moderate
performance

• Radial basis function: they create a complex region within the feature space. Always
shows better results as compared to other kernels.

The parameters in the model are C and epsilon.

• C(complexity parameter):They are float type, the default value is 1.0 It is a Regular-
ization parameter. The strength of the regularization is inversely proportional to C.
Must be strictly positive.

• epsilon : It is float type the default value is 0.1 Epsilon in the epsilon-SVR model.
It specifies the epsilon-tube within which no penalty is associated in the training loss
function with points predicted within a distance epsilon from the actual value.

Centre for Artificial Intelligence Page 11



DROUGHT PREDICTION BASED ON SPI WITH VARYING TIMESCALES
USING MACHINE LEARNING AND DEEP LEARNING MODELS

3.4 Random Forest (RF)

The random forest (RF) method is an ensemble learning technique proposed by Leo Breiman
and Adele Cutler in 1996. It has been effectively used in dealing with a number of prediction
problems. It is a machine-learning algorithm that combines a giant set of selection trees to
improve the prediction overall performance of the classification and regression trees (CART)
method. Each decision tree of RF is grown by means of the use of a randomly selected
bootstrap sample from the original data set, and the final result of RF is the average end
result of all the trees. Compared to the regression methods, the number of parameters needed
to be defined in the RF is very few. There are only two essential parameters, consisting of the
number of variables used in every tree-building technique and the range of trees built in the
forest. The quantity of trees constructed in the forest has a great impact on the end result
of RF. The inadequate quantity of trees would end result in poor forecasting performance,
while the excessive number of trees might also lead to problematic predictors.

The parameters represent different properties such as

• n estimators : int, default=100 The number of trees in the forest

• criterion: “squared error”, “absolute error”, “poisson” .The function to measure the
quality of a split. Supported criteria are “squared error” for the mean squared error,
which is equal to variance reduction as feature selection criterion, “absolute error” for
the mean absolute error, and “poisson” which uses reduction in Poisson deviance to find
splits. Training using “absolute error” is significantly slower than when using “squared
error”.

• max depth : int, default=None The maximum depth of the tree. If None, then nodes
are expanded until all leaves are pure or until all leaves contain less than min samples
split samples.

• min samples split int or float, default=2 .The minimum number of samples required to
split an internal node

• min samples leaf : int or float, default=1 .The minimum number of samples required
to be at a leaf node. A split point at any depth will only be considered if it leaves at
least min samples leaf training samples in each of the left and right branches. This
may have the effect of smoothing the model, especially in regression.

• min weight fraction leaf : float, default=0.0 .The minimum weighted fraction of the
sum total of weights (of all the input samples) required to be at a leaf node. Samples
have equal weight when sample weight is not provided.

• max features : “sqrt”, “log2”, None, int or float, default=1.0 .The number of features
to consider when looking for the best split

• max leaf nodes : int, default=None .Grow trees with max leaf nodes in best-first fashion.
Best nodes are defined as relative reduction in impurity. If None then unlimited number
of leaf nodes.

• min impurity decrease float, default=0.0 .A node will be split if this split induces a
decrease of the impurity greater than or equal to this value. 12
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• bootstrap : bool, default=True Whether bootstrap samples are used when building
trees. If False, the whole dataset is used to build each tree.

• oob score : bool, default=False .Whether to use out-of-bag samples to estimate the
generalization score. Only available if bootstrap=True.

• n jobs : int, default=None.The number of jobs to run in parallel.

• random state : int, RandomState instance or None, default=None .Controls both the
randomness of the bootstrapping of the samples used when building trees (if boot-
strap=True) and the sampling of the features to consider when looking for the best
split at each node (if max features less than n features).

• verbose : int, default=0 .Controls the verbosity when fitting and predicting.

• warm start : bool, default=False .When set to True, reuse the solution of the previous
call to fit and add more estimators to the ensemble, otherwise, just fit a whole new
forest.

• ccp alpha : non-negative float, default=0.0 .Complexity parameter used for Minimal
Cost-Complexity Pruning. The subtree with the largest cost complexity that is smaller
than ccp alpha will be chosen. By default, no pruning is performed.

• max samples : int or float, default=None .If bootstrap is True, the number of samples
to draw from X to train each base estimator.
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Figure 3.3: Random forest architecture

RF is a supervised learning model that uses the ensemble learning technique for regression. It
consists of an aggregate of more than one model tree algorithm to make a greater accurate predic-
tion.It commonly performs excellently on many problems, together with features with non-linear
relationships. Disadvantages: there is no interpretability, overfitting can also easily occur, and we
need to pick out the wide variety of trees to consist of in the model. The general model of the
Random Forest is shown in Figure 3.3 .
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Figure 3.4: Work flow

3.4.1 Work flow

The flow of work is shown in Figure 3.4. Initially collected three monthly datasets (Kasaragod,
Palakkad and Punalur) separately. Then its SPI-1, SPI-3, SPI-6 and SPI-12 values are calculated
from precipitations with respect the corresponding dates of precipitations. Then required lags are
set to SPI values with respect to auto-correlation function and correlation co-efficient to other
features. Then, pre-processed data are given as input to models (LSTM, SVR and RF) separately.
Finally, the predicted outputs performance are compared.
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Chapter 4

Study region and data collection

Figure 4.1: Selected Locations

4.1 Dataset description

The Meteorological data of the Palakkad,Kasaragod and Punalur locations are obtained from the
NASA POWER official website(https://power.larc.nasa.gov/data-access-viewer/). Consists of var-
ious climatic parameters corresponding to the selected longitudes and latitudes of locations. The
meteorological data are collected monthly. Selected features are precipitation, maximum temper-
ature, minimum temperature, relative humidity, soil moisture, root-soil moisture, and surface soil
wetness. From the long-term precipitation data, SPI-1, SPI-3, SPI-6 and SPI- 12 values are calcu-
lated using R packages. Then arranged the SPI values with respect to corresponding months. The
map location is shown in Figure 4.1

• Palakkad:Latitude: 10°4627 N and Longitude: 76°3922” E

• Kasaragod:Latitude of 12°30’36.81” N and Longitude 74°59’6.6”E

• Punalur:Latitude of 9°0’35.16” N and Longitude 76°55’47.05” E
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Chapter 5

Results and discussions

5.1 LSTM Model development

The LSTM RNN model proposed in this work is about a multivariate case where maximum
temperature, relative humidity, soil moisture, root-soil moisture, and surface soil wetness
are inputs given to the LSTM to predict the corresponding SPI values corresponding to
the timescale. This work uses one layer of LSTM which consists of 1000 cells. The back-
propagation through time. A dropout layer is included between the two hidden layers for
regularization. It will randomly exclude 50% of the activations of the previous layer from
propagating to prevent overfitting. The root mean square (RMS) loss is reduced using the
Adam optimizer which can handle sparse gradients on the noisy dataset and little memory is
enough, therefore using Adam gives more memory efficiency.LSTMmodel with three datasets
is checked with four cases of timescales(SPI-1, SPI-3, SPI-6, SPI-12)

5.2 SVM Model development

Support Vector Regression proposed in this work is used radial basis function as the kernel,
which is the best and most efficient kernel than the linear kernel and the polynomial kernel
is very much popular because of its similarity to the K-nearest neighbourhood algorithm.
RBF can overcome the space complexity problem as RBF kernel SVR just needs to store
the support vectors during training and not the entire dataset. The proposed SVR model in
this work uses a Batch size of 100 and then used a c-value (complexity parameter) of 1.0

5.3 RF Model development

Random forest is a type of supervised learning method.RF can be said a random decision
forest, It is an ensemble learning approach for both classification and regression.The param-
eters used in Random forest model are n estimators = 200 and Random state = 1. They
create a multitude of decision trees at training time.RF works based on the idea of ensemble
learning. They mix multiple classifiers to solve a complicated problem and to enhance the
overall performance of the model. When the quantity of trees in the forest leads to greater
accuracy and prevents the trouble of overfitting.
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5.4 Data preprocessing

To convert the time series into a supervised learning problem, the optimal lagged inputs were
decided according to the correlation analysis. For this analysis the Partial Auto-Correlation
Function (PACF) and Auto-Correlation Function (ACF) plots are used. The ACF plots of
the different time series of SPI-1, SPI-3, SPI-6 and SPI-12 are to be considered. And also,
correlation features to outputs are analyzed optimal lags are obtained.
From the meteorological parameters (precipitation, maximum temperature, minimum tem-
perature, relative humidity, soil moisture, root-soil moisture, and surface. soil wetness.) Pre-
cipitation is neglected because precipitation is already considered to calculate the SPI values
and by performing the correlation test it has found that maximum temperature is highly
correlated to SPI values than minimum temperature. Therefore, minimum temperature is
also ignored. hence obtained the input features to the models are maximum temperature,
relative humidity, soil moisture, root-soil moisture, and surface soil wetness.

5.4.1 Preprocessing for Datasets

The correlation plots of Palakkad for SPI-1,SPI-3,SPI-6 and SPI-12 are shown in Figure 5.1,
5.2, 5.3 and 5.4 respectively.Similarly for Kasaragod and Punalur the correlation plots are
shown in Figure 5.9, 5.10, 5.11 and 5.12.There optimal lagged inputs and outputs are shown
in Table 5.2, 5.1 and 5.3 respectively

Figure 5.1: Correlation Plots for SPI-1(Palakkad)
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Figure 5.2: Correlation Plots for SPI-3(Palakkad)

Figure 5.3: Correlation Plots for SPI-6(Palakkad)
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Figure 5.4: Correlation Plots for SPI-12(Palakkad)

Figure 5.5: Correlation Plots for SPI-1(Punalur)

Centre for Artificial Intelligence Page 20



DROUGHT PREDICTION BASED ON SPI WITH VARYING TIMESCALES
USING MACHINE LEARNING AND DEEP LEARNING MODELS

Figure 5.6: Correlation Plots for SPI-3(Punalur)

Figure 5.7: Correlation Plots for SPI-6(Punalur)
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Figure 5.8: Correlation Plots for SPI-12(Punalur)

Figure 5.9: Correlation Plots for SPI-1(Kasaragod)
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Figure 5.10: Correlation Plots for SPI-3(Kasaragod)

Figure 5.11: Correlation Plots for SPI-6(Kasaragod)
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Figure 5.12: Correlation Plots for SPI-12(Kasaragod)

Table 5.1: Input and Output parameters used for forecasting SPI (Kasaragod)
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Table 5.2: Input and Output parameters used for forecasting SPI (Palakkad)

Table 5.3: Input and Output parameters used for forecasting SPI (Punalur)
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5.5 Discussions

Based on the observation and predicted values for training and testing for different SPI time
series MAE, MSE, RMSE and R² values were computed. Graphical methods such as Radar
plots, Box plots and Violin plots were also used to analyses the performance.In Figures 5.13,
5.14 and 5.15 various graphs are shown for different model prediction for SPI-1, SPI-3, SPI-
6, and SPI-12 timescales for Palakkad,Kasaragod and Punalur respectively for the last 100
months.

Predictions for locations

Figure 5.13: Different model prediction for SPI-1(Palakkad), (ii)Different model prediction for SPI-
3(Palakkad), (iii)Different model prediction for SPI-6(Palakkad), (iv)Different model prediction for
SPI-12(Palakkad)
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Figure 5.14: Different model prediction for SPI-1(Kasaragod), (ii)Different model prediction for
SPI-3(Kasaragod), (iii)Different model prediction for SPI-6(Kasaragod), (iv)Different model pre-
diction for SPI-12(Kasaragod)
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Figure 5.15: Different model prediction for SPI-1(Punalur), (ii)Different model prediction for SPI-
3(Punalur), (iii)Different model prediction for SPI-6(Punalur), (iv)Different model prediction for
SPI-12(Punalur)

Table 5.4: Performance evaluators of SPI-1 Prediction for Training and Testing (Palakkad)
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Table 5.5: Performance Evaluators of SPI-3 Prediction for Training and Testing (Palakkad)

Table 5.6: Performance Evaluators of SPI-6 Prediction for Training and Testing (Palakkad)
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Table 5.7: Performance Evaluators of SPI-12 Prediction for Training and Testing (Palakkad)

The values of the Performance Evaluators of SPI-1, SPI-3,SPI-6 and SPI-1 Palakkad testing and
training are shown in Tables 5.4,5.5, 5.6 and 5.7.LSTM model shows higher R² values and lower
errors than SVR and RF in SPI-1,SPI-3 and SPI-6.Where for SPI-12 RF has higher R² value (0.575)
than SVR and LSTM but, in training phase RF has 0.950 R² value and for LSTM the R² value
for training is 0.538 and for testing 0.523.This indicates the over fitting condition of RF,hence the
LSTM model show more efficiency than other two models for SPI-12.

Table 5.8: Performance Evaluators of SPI-1 Prediction for Training and Testing (Kasaragod)

For performance evaluators of Kasaragod with respect to SPI-1,SPI-3,SPI-6 and SPI-12 timescales
the training and testing performance measures are shown in Table 5.8, 5.9, 5.10 and 5.11 respec-
tively.Here in all testing phase RF show high R² values than SVR and LSTM.But,in training phase
RF has very high R² values than that of testing phase of RF.But for LSTM in all timescales shows
a near R² values and less errors in both testing and training phase,hence it indicates the over-fitting
condition of RF.Therefore, LSTM model can perform more efficiently than RF.
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Table 5.9: Performance Evaluators of SPI-3 Prediction for Training and Testing (Kasaragod)

Table 5.10: Performance Evaluators of SPI-6 Prediction for Training and Testing (Kasaragod)

Table 5.11: Performance Evaluators of SPI-12 Prediction for Training and Testing (Kasaragod)
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Table 5.12: Performance Evaluators of SPI-1 Prediction for Training and Testing (Punalur)

Table 5.13: Performance Evaluators of SPI-3 Prediction for Training and Testing (Punalur)

Table 5.14: Performance Evaluators of SPI-6 Prediction for Training and Testing (Punalur)
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Table 5.15: Performance Evaluators of SPI-12 Prediction for Training and Testing (Punalur)

For performance evaluators of Punalur with respect to SPI-1,SPI-3,SPI-6 and SPI-12 timescales
the training and testing performance measures are shown in Table 5.12, 5.13, 5.14 and 5.15 respec-
tively.Here LSTM models shows a better performance in R² values and errors than SVR and LSTM
in SPI-3 and SPI-6.But in the case of SPI-1 SVR and for SPI-12 RF shows a better performance
than LSTM.For training phase of SVR and RF show very distanced R² value to testing R² values
of SVR and RF(it shows the over-fitting condition of SVR and RF in SPI-1 and SPI-12 respec-
tively).In the same case of LSTM the R² values are very much similar and less errors are obatined
in both testing and training.Therfore LSTM show better performance than other two models with
less errors.

Figure 5.16: Radar Plots of SPI timescales Testing Data Performance Evaluators(Palakkad)
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Figure 5.17: Radar Plots of SPI timescales Testing Data Performance Evaluators(Kasargod)

Figure 5.18: Radar Plots of SPI timescales Testing Data Performance Evaluators(Punalur)
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Figure 5.19: (i)Box plot of SPI-1 Testing Predictions (Palakkad),(ii)Box plot of SPI-3 Testing
Predictions(Palakkad),(iii)Box plot of SPI-6 Testing Predictions(Palakkad),(iv)Box plot of SPI-12
Testing Predictions(Palakkad)
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Figure 5.20: (i)Box plot of SPI-1 Testing Predictions (Kasaragod),(ii)Box plot of SPI-3 Testing Pre-
dictions(Kasaragod),(iii)Box plot of SPI-6 Predictions(Kasaragod),(iv)Box plot of SPI-12 Testing
Predictions(Kasaragod)
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Figure 5.21: (i)Box plot of SPI-1 Testing Predictions (Punalur),(ii)Box plot of SPI-3 Testing Predic-
tions(Punalur),(iii)Box plot of SPI-6 Testing Predictions(Punalur),(iv)Box plot of SPI-12 Testing
Predictions(Punalur)
The Box plot for the different time series testing predictions for Palakkad, Kasaragod and Punalur
are shown in Figure 5.19, 5.20 and 5.21 respectively. In Box Plot, the start of the box, i.e., the
lower quartile represents 25% of the data set and the end of the box, i.e., the upper quartile
represents 75% of the data. The bold black line in the box represents the median value of the data.
The difference between the lower quartile and upper quartile is called the inter-quartile range. In
the box plot, the whiskers are generally defined as 1.5 times the inter-quartile range. Anything
outside the whiskers is considered as an outlier. The shorter the box plot, then the data will be
more consistent. Skewness of the data can be identified by observing the shape of the box plot. If
the box plot is symmetric, it means that the data follows a normal distribution. If the box plot is
not symmetric it shows that the data is skewed.

The boxplot of Palakkad for SPI-1, SPI-3, SPI-6 and SPI-12 LSTM median value is closer
to the median value of actual value than SVR and RF, which indicate the LSTM is more
consistent. Considering the Kasaragod boxplots RF is symmetric to actual values it means RF
follows a normal distribution but, in SPI-1, SPI-3 and SPI-12 LSTM median value is closer to
actual values, therefore LSTM is very consistent other than SVR and RF. For the last location
Punalur, SPI-1,SPI-3,SPI-6 and SPI-12 LSTM and RF have similar median closer to actual value
median and for SVR ,it shows less consistence. Box plots for the different time series testing
predictions for Kasaragod, Punalur and Palakkad are show in Figures 5.22, 5.23 and 5.24.
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DROUGHT PREDICTION BASED ON SPI WITH VARYING TIMESCALES
USING MACHINE LEARNING AND DEEP LEARNING MODELS

Figure 5.22: (i)Violin plot of SPI-1 Testing Predictions (Kasaragod),(ii)Violin plot of SPI-3 Testing
Predictions(Kasaragod),(iii)Violin plot of SPI-6 Testing Predictions(Kasaragod),(iv)Violin plot of
SPI-12 Testing Predictions(Kasaragod)
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Figure 5.23: (i)Violin plot of SPI-1 Testing Predictions (Punalur),(ii)Violin plot of SPI-3 Testing
Predictions(Punalur),(iii)Violin plot of SPI-6 Testing Predictions(Punalur),(iv)Violin plot of SPI-
12 Testing Predictions(Punalur)
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DROUGHT PREDICTION BASED ON SPI WITH VARYING TIMESCALES
USING MACHINE LEARNING AND DEEP LEARNING MODELS

Figure 5.24: (i)Violin plot of SPI-1 Testing Predictions (Palakkad),(ii)Violin plot of SPI-3 Testing
Predictions(Palakkad),(iii)Violin plot of SPI-6 Testing Predictions(Palakkad),(iv)Violin plot of SPI-
12 Testing Predictions(Palakkad)
Violin plots for the different time series testing predictions for Kasaragod, Punalur and Palakkad
are shown in Figure 5.22, 5.23 and 5.24. Violin plots are similar to box plots, except that they
show the probability density of the data at different values usually smoothed by a kernel density
estimator. The distribution of the data at the median in the violin plot can be used to determine
the best model prediction. Thus, LSTM shows an overall performance in the three locations.
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Chapter 6

Conclusion

In this study, different Machine Learning models such as Random Forest, SVR and Deep
Learning model LSTM were applied for short, medium and long-term drought prediction of
Palakkad, Kasaragod and Punalur in Kerala. The errors like Mean Absolute Error (MAE),
Mean Square Error (MSE), Root Mean Square Error (RMSE) and Coefficient of Determi-
nation (R2) were computed. Different plots like Radar Plot, Box Plot and Violin Plot were
used. The important conclusion drawn from the study are:

• Some Machine Learning algorithms performs best during training, but failed to per-
form well during testing. (In Kasaragod location dealing with SPI-1,SPI-3,SPI-6 and
SPI-12 RF shows high R2 values in testing and failed to perform well during training
and similarly, in Punalur location RF shows better performance in SPI-1 and RF shows
better in SPI-12.)

• The graphical plots shows that the overall performance of LSTM ,the best among the
three models where, Box Plot and Violin Plot shows the distributions of predictions
and LSTM have almost same medium value as that of actual values which indicate that
LSTM is more consistent than SVR and RF also when the timescales of SPI increase
the prediction efficiency also increases for LSTM.

The limitations include the unavailability of larger amount of historical data for LSTM
to learn the Trends and fluctuations so as to generalize the problem, otherwise the
model will show better performance.
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