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Chapter 5 m)
A Case Study on the Prediction of Heatwave oo
Days Using Machine Learning Algorithms

over Telangana

B. Srikanth and Manali Pal

Abstract This study aims to develop a heatwave prediction models for 7-, 15-, and
30-day lead times using machine learning algorithms, that is, support vector regres-
sion (SVR) and random forest (RF) for Telangana, a semiarid region vulnerable to
heatwaves. The study uses five meteorological variables, namely, geopotential
height, U-wind, V-wind, air temperature, and relative humidity for four atmospheric
pressure levels (1000, 925, 850, and 700 hPa) from 1990 to 2019 as predictors. The
input data is obtained from ECMWF Reanalysis Version 5 (ERAS), and the spatially
averaged daily maximum temperatures of summer (i.e., for the months of April,
May, and June) are obtained from the India Meteorological Department (IMD) as
predictand. The Principal Component Analysis is used on spatially averaged mete-
orological variables to reduce the number of closely related variables for different
pressure levels. The study shows significant accuracy in predicting the total number
of annual heatwave days (HWDs) for Telangana for seven-day lead time, but model
performances decrease with increasing lead time. Despite spatiotemporal variations
in the connections between heatwaves and predictors, the models are satisfactory,
and SVR outperforms RF in predicting HWDs. The study’s findings indicate that the
spatiotemporal dynamics of meteorological variables could be used for long-term
heatwave prediction, and both SVR and RF models have the potential for reliable
usage in this context.

Keywords Heatwave days - Machine learning algorithm - Random forest - Support
vector regression
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5.1 Introduction

Heatwaves (HWs) are days for a particular place experiencing abnormally high
temperature that exceeds its long-term normal value that is calculated based on the
maximum average temperature for a given base period of 30 years. These extreme
heat events have serious and deadly consequences for various systems such as
human health, agriculture, energy demand, and forest ecosystems and also signifi-
cant impact on hydrological extremes, particularly in regions with already limited
water resources. During a heatwave, high temperatures can increase evaporation
rates, leading to decreased soil moisture and lower water levels in rivers, lakes, and
reservoirs. This can exacerbate existing drought conditions, leading to a greater risk
of water scarcity and water-related conflicts (Afroz et al. 2022). Additionally, high
temperatures can increase the likelihood of intense rainfall events, leading to flash
floods and landslides in areas with insufficient drainage capacity. These hydrological
extremes can have significant economic, social, and environmental consequences,
including damage to infrastructure and buildings, loss of crops, and increased risk of
waterborne diseases. Therefore, it is essential to consider the potential impacts of
heatwaves on hydrological extremes in planning for future water management and
adaptation strategies. In recent years, heatwaves have become more common glob-
ally and have resulted in many fatalities. For instance, in 2003, a severe heatwave in
Western Europe led to the death of over 70,000 people (Coumou and Rahmstorf
2012). Similarly, the 2010 heatwave in Russia, which lasted for a month (Dole et al.
2011; McMichael and Lindgren 2011) and the 2009 heatwave in Southeastern
Australia caused the death of 54,000 and 374 people, respectively. In India,
heatwave is a significant concern, particularly in the northern and central regions
(Das and Umamahesh 2022; Das et al. 2022). The country experiences heatwaves
every year, and they have become more frequent and severe in recent years, with
temperatures regularly exceeding 45 °C in many regions. This extreme heat can
cause heatstroke, dehydration, and other health problems, especially among vulner-
able populations such as the elderly, children, and those with pre-existing medical
conditions and who also experienced many fatalities due to various occurrences of
these HWs. For example, the HW occurred in 1988 killed approximately 1300
people (De and Mukhopadhyay 1998) and in 1998 and 2003 killed approximately
2042 (Jenamani 2012) and 3054 people, respectively; and the toll was 2248 across
different parts of the country, in the HWs that occurred in 2015 (Guha et al. 2016).
Heatwaves in India also have a significant impact on the agricultural sector, as they
can cause crop failures, loss of livestock, and damage to infrastructure. This, in turn,
can lead to food shortages and price hikes, affecting the livelihoods of many farmers
and their families. Thus, it can have a negative impact on the overall economy, as
they can disrupt transportation and energy systems, and reduce productivity in
various sectors. In addition, the increased demand for electricity during heatwaves
can put a strain on the power grid, leading to power outages and blackouts.

Based on scenario-based projection studies, it is expected that global tempera-
tures will increase by 1.4-5.8 °C (De Perez et al. 2018), which could result in a
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significant rise in the number of heat-related deaths and illnesses (Meehl et al. 2009;
Zhang et al. 2017). The Intergovernmental Panel on Climate Change (IPCC) assess-
ment suggests that the frequency and length of warm days have been increasing
since the 1950s and that most of Asia will experience more temperature extremes.
Over recent decades, areas with high population density, particularly urban regions,
have been more severely affected by these extreme temperatures (Christidis et al.
2015; Mishra et al. 2015). Heatwaves in India typically occur from March to May,
which is the pre-monsoon season, and have varying levels of intensity, duration, and
negative impacts on different parts of the country (Pai et al. 2013; Basha et al. 2017).
A study by Rohini et al. (2016) and Das et al. (2020) used a gridded dataset to
investigate the “excessive heat factor,” which included both the “excess heat index”
and “heat stress index” from 1961 to 2013. The research found that while the
frequency and duration of heatwaves are increasing in some parts of central and
northwestern India, there were no significant trends in the rest of the country. Khan
et al. (2019) suggest that heatwaves could cause even more harm in the coming
decades, not just in Asia but also in neighboring regions. To address the challenges
posed by heatwaves in India, it is crucial to take steps to mitigate their effects.
Therefore in implementing early warning systems, there is a need for the develop-
ment of a robust model for forecasting heatwaves as a potential climate change
mitigation measure.

In general, there are two main approaches commonly used for predicting
heatwaves: (a) dynamic climate models and (b) statistical models. Dodla et al.
(2017); Ahsan Khan et al. (2020); Naveena et al. (2021) employed the Weather
Research and Forecasting (WRF) model, a type of dynamic climate model, to predict
heatwaves up to 72 h in advance. Their study found that the root mean square error
(RMSE) values ranged from 0.8 to 2.24 K. Similarly, Amna et al. (2013);
Mandal et al. (2019) used a multi-model dynamical ensemble prediction system
for heatwave prediction but found that the system’s accuracy decreased for extreme
forecast probabilities beyond a one-week lead time. Although dynamic climate
models can capture complex interactions between the atmosphere, land, and ocean
due to their physical basis, they are computationally demanding, requiring signifi-
cant investment in data assimilation and a longer time for model building and
parameterizations. Recently, a few studies have started to use machine learning
(ML) algorithms for the same (Das and Nanduri 2018; Pandey et al. 2020, 2022).
Khan et al. (2019) applied quantile regression forest (QRF) and random forest
(RF) models in Pakistan, using synoptic climate variables to predict heatwaves at
different time lags. The QRF model demonstrated accuracy in predicting heatwave
triggering and departure dates for lead times of 1-10 days. Similarly, Khan et al.
(2021) developed a climate change resilient heatwave prediction model using
support vector regression (SVR), RF, and artificial neural network (ANN). The
study found that SVR performed better than RF and ANN in predicting heatwave
days and has the potential to provide accurate forecasting in the context of climate
change (Sharma and Goyal 2017; Das and Nanduri 2018; Pandey and Md
Azamathulla 2021; Singh et al. 2022). Further, in a study by Jacques-Dumas et al.
(2022), a convolutional neural network was trained using 1000 years of climate
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model outputs to forecast extreme heatwave occurrences. The model demonstrated
the ability to predict heatwaves at three different levels of intensity as early as
15 days ahead of the event. Asadollah et al. (2021) utilized decision tree (DT),
random forest (RF), and AdaBoost regression and decision tree (ABR-DT) to predict
heatwaves and found that ABR-DT outperformed the other models even when one
or multiple variables were removed. Imran Khan and Maity (2022) used a combi-
nation of one-dimensional neural network (Conv 1D) and long short-term memory
(LSTM) neural network and found that the model’s efficiency decreased to 50%
when predicting more than five days ahead. These machine learning algorithms are
efficient in recognizing highly nonlinear relationships between predictors and
predictands and have been used extensively to predict various climate variables,
such as wind, evapotranspiration, and extreme events. Therefore, considering the
benefits of using these ML algorithms, along with the limited number of studies
performed using them, the present study aims to predict heatwaves using support
vector regression (SVR) and random forest (RF) for the state of Telangana and
evaluate the models’ performance for the same.

5.2 Materials and Methods
5.2.1 Methodology

Two ML algorithms, namely, SVR and RF, are used in this study to predict heatwave
days (HWDs) for the study area. HWDs are defined as the daily maximum temper-
ature exceeding the 95th percentile of the maximum temperature for at least five
consecutive days, using the maximum temperature of the base year as a reference
(Khan et al. 2019). The study focused on the months of April, May, and June (AM]J)
and analyzed the HWDs for the period between 1990 and 2019 in the study area. In
order to predict heatwaves, this study uses five climatic variables, namely,
geopotential height, U-wind, V-wind, air temperature, and relative humidity, for
four pressure levels, that is, 1000, 925, 850, and 700 hPa, for the time period of
1990-2019, thus concluding with 20 input variables as predictors. The redundancy
due to these many numbers of predictors is avoided by the use of the principal
component analysis (PCA) that helps to discard the effect of multidimensionality.
Figure 5.1 depicts the steps of the overall methodology used in this study.

5.2.1.1 Support Vector Regression (SVR)

The nonlinearity is addressed by the SVR by mapping them into a higher-
dimensional space using kernel functions such as polynomial, radial, sigmoid, and
linear (Manali Pal et al. 2020). The polynomial and radial kernels are commonly
used in SVR-based prediction models. The mathematical representation of SVR
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involves finding a regression function, ( flx) =
observed output y with an error tolerance of €. Here, [(xy,y}), (X2, 2). . ..

Tl

(w,x) + b), that describes the

(x5, y7)] represent a training dataset with x; and y; as input and output vectors,
respectively, and [/ is the number of data pairs. To achieve this, the original input
domain is mapped to a higher-dimensionality space where the function underlying
the data is assumed to be linear. The transformed SVR problem in this space is
solved by optimizing the following equation (Wang et al. 2007):
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C is the capacity parameter cost, which is a positive constant that determines the
degree of penalized loss when a training error occurs to tune the trade-off between
model complexity and tolerance to empirical errors; €;, €/ are the slack variables,
which measure the distance (in the target space) of the training samples lying outside
the insensitive tube from the tube. The equation below represents the functional
dependency:

K
)= wpx+b

j—1

where K is the number of support vectors. The optimization problem is solved using
the dual formulation subject to constraints in the loss function and introducing the
Lagrange multipliers, ; and ;. By solving the optimization problem, the final
prediction function is

£106) = (a5 = ki x) + b

ieN

where (. ..) is kernel function which computes nonlinear dependence between the
two input variables x; and x where x; are the “support vectors” and b is the bias. In the
present study, the radial basis function (RBF) kernel is used in the prediction of
HWDs, and it can be mathematically represented with kernel width — vy, as,

k(i x) = exp(— 7llx )7 >0

5.2.1.2 Random Forest (RF)

RF is a collection of learning methods that generates several decision trees collec-
tively used to execute a classification or regression. It is a decision tree-based ML
algorithm that consists of many individual decision trees that operates as an ensem-
ble. In RF, many uncorrelated trees will outperform any of the individual trees; the
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low correlation being important as a better result can be achieved. There are two
known ensemble methodologies, boosting and bagging (Asadollah et al. 2021).
Bagging and boosting are two techniques that are often used in conjunction with
RF to improve its performance.

Here is a summary of the steps taken in RF to construct a regression model:
(1) bootstrapping samples from training data and random selection of m (< p)
variables at each split, n number trees 7(6,) are constructed, where 8, denotes the
parameter. It controls the growth of the /" tree (2). The prediction is produced from
the n'™ single tree’s average output as

fx)=E(Y|X=x) Za), (5.1)
where
S ik 6,)
o) = S a(x,0) = L5 € Rl 0)) (5.2)

Niree (] - XjeR, (x, 9))

The random selection of m (<p) predictors at each split is a key concept of RF,
which provides an enhancement over bagging (Khan et al. 2019).

5.2.1.3 The Performance Metrics

The accuracies of the predictions of the models are assessed by the root mean square
error (RMSE), mean square error (MSE), and Pearson’s coefficient of correlation
(R), between the observed and the predicted values. The mathematical expressions of
the metrics are provided as follows.

The RMSE is computed by the following equation:

RMSE = \/7 > (—x)

i=1

where N is the number of observations, x; is actual value, and x; is predicted value.

MSE is the average squared difference between the predicted values and the
actual values in a dataset. MSE is calculated by taking the difference between the
predicted value and the actual value for each data point, squaring the difference, and
then taking the mean of these squared differences. A smaller MSE indicates a better
fit of the model to the data, and it can be computed by the following equation:
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MSE:Z@,-—---y)Z

n

where y; = predicted value and ...y = actual value.

The Pearson’s correlation coefficient (R) is a measure of the strength and direction
of a linear relationship between two variables. It is commonly used to assess the
degree to which one variable is related to another and can be used to identify trends
or patterns in data. The values of coefficient of correlation vary between —1 and
1, where —1/1 indicates a perfect negative/positive correlation, and a value of
0 indicates no correlation. Coefficient of correlation (R) is given by below equation:

o~

> 0,-7) (5.~
VEE 6-37(7-5)°

where y; is the actual value, § is the predicted value of y, and 7 and y are the mean
values of the actual and predicted values, respectively.

R=

5.2.2 Study Area and Data Source
5.2.2.1 Telangana

Telangana, a state located in the southern part of India, is known for its hot and dry
climate and state stretches between 15°46'N to 19°47’N latitude and 77°16’E to 81°
43’E longitude. Telangana is one of the regions in India that is highly susceptible to
heatwaves due to its geographical location, which makes it prone to the scorching
heat of the sun. The state has been witnessing an increase in the frequency and
intensity of heatwaves in recent years, which is a cause for concern. According to the
India Meteorological Department (IMD), in 2019, the state witnessed over
200 heatwave days, which is significantly higher than the previous years (Fig. 5.2).

5.2.2.2 Data Collection

The study utilizes the Indian Meteorological Department’s (IMD) data, that is,
maximum daily temperature during summer (April, May, June) from 1990 to
2019. The data has a spatial resolution of 1° x 1°. To predict the temperature, the
study employs a daily time series of five meteorological variables — geopotential
height, U-wind, V-wind, air temperature, and relative humidity. These variables
were extracted from the European Centre for Medium-Range Weather Forecasts
Reanalysis Version 5 (ERAS) for four pressure levels — 1000, 925, 850, and
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eatwave predictors -
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V-wind vwnd 1000, 925, 850, and 700

700 hPa — for the same time period of 1990-2019. ERAS provides a comprehensive
record of the global atmosphere, land surface, and ocean waves since 1950
(Table 5.1).

5.3 Results
5.3.1 SVR Model Development

The SVR model developed by using the 21 years of data, that is, from a period of
1990 to 2010 (training period), and remaining 9 years of data, that is, from 2011 to
2019, s used for testing the models. The model is fitted without loss of the generality
by selecting the optimal kernel function, that is, the Gaussian kernel with optimal
parameter. It is tuned generally with three parameters, that is, box constraint, kernel
scale, and epsilon. The epsilon values represent the error tolerance, and the box
constraints are positive numeric values that aid to prevent overfitting. Kernel scale
represents the width of kernel. Estimated box constraint, kernel scale, and epsilon
values for the developed model are 9.81, 3.36, and 0.0043, respectively, for 30-day
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lead time; 11.23, 1.71, and 0.21 for 15-day lead time; and 9.08, 3.43, and 0.93 for
7-day lead time.

5.3.2 RF Model Development

The RF model is constructed using 21 years of data spanning from 1990 to 2010 as
the training period. The model was then tested using the remaining nine years of
data, covering the period from 2011 to 2019. Random forest is generally defined by
number of decision trees that model can generate, maximum number of splits that
can be made in each decision tree, and number of variables that are randomly
sampled for each split in the decision tree. To get the optimum combination of
above three parameters, the RF has optimized hyperparameters which randomly
selects all three parameters and establish an objective function. The parameters with
minimum error in objective function are declared as optimum parameters, and model
will be developed using those parameters. The parameters that are optimized in
model are as follows: The number of variables to sample is the number of predictors
to select at random for each split, which is taken as 2 for regression. Maximum
number of splits is maximum number of decision splits (or branch nodes) per tree,
and default value is considered as number of observations — 1. It is useful for
controlling the complexity of the trees in the model. The number of learning cycles
is the number of times that each tree in the model will be trained on the data which is
taken as 100 for fitting the model.

5.3.3 Prediction of Maximum Temperature
and Annual HWDs

This study aims to evaluate the predictive capabilities of SVR and RF models for
predicting heatwaves in Telangana for the months of April, May, and June with
different lead times of 7, 15, and 30 days. Spatially averaged temperature time series
were generated using observed temperature data from the IMD, which are then
predicted using SVR and RF models with the abovementioned lead times.
Figures displaying time series plots of both observed (IMD) and predicted temper-
atures with SVR and RF during the training and testing periods are presented below
(Figs. 5.3,5.4,5.5,5.6, 5.7, and 5.8):

According to observed IMD data, HWDs were observed in the years of 1995,
1998, 2003, 2005, 2010, 2012, and 2015. The SVR and RF models, on the other
hand, can only capture HWDs in the years 1995, 1998, 2003, and 2015. The year
2015 has the maximum numbers of HWDs (13 days) for the state calculated from
IMD observed temperature, during the months of April, May, and June. A number of
spatially averaged HWDs predicted by SVR and RF for the same year and time
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Fig. 5.4 Time series plot of observed and predicted temperature by SVR with 15-day lead time

period (AMJ) are 6 and 8 for seven-day lead time, respectively. The comparison
between the numbers of observed and predicted HWDs from both the models has
been presented in Fig. 5.9.

To evaluate the performance of SVR and RF models in predicting temperature,
three performance metrics — correlation coefficient (R), root mean square error
(RMSE), and mean square error (MSE) — are used. During the training periods,
the ranges of R for all three lead times are found to be 0.64—0.78 and 0.88—0.89 for
SVR and RF, respectively. During model testing periods, the same range is from
0.5-0.67 for SVR and 0.49-0.66 for RF. The ranges of RMSE for all three lead times
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Fig. 5.5 Time series plot of observed and predicted temperature by SVR with 30-day lead time
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Fig. 5.6 Time series plot of observed and predicted temperature by RF with seven-day lead time

during training periods are 2.01-2.53 and 1.55—1.70 for SVR and RF, respectively.
During model testing periods, the same are 2.35-2.70 for SVR and 2.37-2.78 for
RF. It is observed that the RMSE values changed in the range of 2.7 °C and 2.78 °C
for SVR and RF, respectively, for lead times 7-30 days. The average values of
performance metrics for both models are presented in Tables 5.2 and 5.3. It is
observed that the model performance decreases with the increase in lead time for
both SVR and RF. While comparing between the two models, it is observed that the
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Fig. 5.7 Time series plot of observed and predicted temperature by RF with 15-day lead time
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Fig. 5.8 Time series plot of observed and predicted temperature by RF with 30-day lead time

RF tends to overfit as the lead time increases whereas although the performance of
SVR decreases, it does not show model overfitting.

Figure 5.10 shows the spatial distribution of observed and predicted temperature
from SVR and RF, respectively, for seven-day lead times for the date June 4, 1995,
that had experienced the heatwave (according to the definition mentioned above). It
shows that both the models are not able to capture the highest observed temperature,
that is, 41 °C.
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Fig. 5.9 The comparison between the numbers of observed and predicted HWDs from SVR

and RF

Table 5.2 Performance metrics of SVR model for the lead times of 7, 15, and 30 days

CC train CC test RMSE train RMSE test MSE train MSE test
7 0.78 0.67 2.02 2.35 4.11 5.50
15 0.78 0.53 2.02 2.73 4.09 7.48
30 0.57 0.50 2.68 2.74 7.21 7.51
Table 5.3 Performance metrics of RF model for the lead times of 7, 15, and 30 days
Lead CC train CC test RMSE train RMSE test MSE train MSE test
7 0.88 0.66 1.55 2.37 2.43 5.62
15 0.89 0.58 1.59 2.58 2.54 6.69
30 0.89 0.49 1.71 2.78 2.91 7.76

5.4 Discussion

In this study, SVR and RF models are employed to predict the maximum temper-
ature and forecast the number of HWDs in Telangana during summer (April to June).
These two machine learning techniques have proven to be highly effective in solving
a range of intricate problems. The outcomes have demonstrated the ML models’
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Fig. 5.10 The spatial distribution of (a) IMD observed, (b) SVR, and (c¢) RF predicted temperature
for seven-day lead time on June 4, 1995

capability to predict the maximum temperature and fluctuation of HWDs from year
to year. Both the models are able to predict maximum temperature and HWDs
accurately up to a lead time of seven days. However, beyond that, the models’
performance decreases, that is, it is not able to accurately predict the temperature or
HWDs. The evaluation comparing both the models is done by using three perfor-
mance metrics — correlation coefficient (R), root mean square error (RMSE), and
mean square error (MSE) — and these performance metrics demonstrated that SVR
possesses a high degree of accuracy in predicting temperature and HWDs compared
to RF.

5.5 Conclusions

In this study, the heatwave prediction capabilities of SVR and RF are investigated
for Telangana, spanning from 1990 to 2019. The study aims to assess the models’
performances for lead times of 7, 15, and 30 days during April, May, and June. The
observed temperature data from the IMD are utilized to calculate a time series of the
average cumulative annual heatwave days. The same was predicted for SVR and RF
models with lead times of 7, 15, and 30 days. The SVR model is able to capture the
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five heatwave events out of seven whereas the RF model is able to capture four
heatwave events. The results of the study suggest that SVR and RF machine learning
algorithms can be used to predict heatwave days for Telangana by employing
meteorological variables such as air temperature, relative humidity, geopotential
height, u-wind, and v-wind as predictors. However, performance metrics indicate
that the models’ performance decreases with increasing lead times. The study found
that both SVR and RF models demonstrated acceptable performances for up to
seven days of lead time, with RMSE values of 2.36 °C and 2.37 °C for SVR and
RF, respectively, during testing periods. In comparing the performance of the two
models, SVR is found to be more efficient for this specific study.

5.6 Future Scope

The limitations of the current study can lead to future scope in terms of enhancing the
model. For example, the model development has not considered the temporal
variation of spatial correlation between the predictors and predictand along with
the influences of teleconnections and that can be incorporated in future studies.
These gaps in the study indicate potential areas for future research to address the
abovementioned limitations. Additional research can be undertaken to compare the
predictive capabilities of SVR and RF with other machine learning models when it
comes to forecasting heatwaves. The efficacies of SVR, RF, and other statistical
models can be contrasted with that of dynamical models to highlight their respective
strengths and weaknesses.
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