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AR — g IEIAA i@l deemar & 12 Sl F amaer AR awt & ded F Ser-3maRa faenor
Y& e g, e v 43 awt (1981-2023) & fIsgea aAlgw d@eth Sar & 3uder R amr g
quicTcHS |ITCTh!, Heaat Afgrq 3R o YaigA Alsd - BH BREC (RF), NEBRITT =g3a dAcash
(ANN), F9¢ aFex RAesT (SVR), olfedr Qic-gad AANY (LSTM), ARIMA 3R TBATS - &7 39hNT &
8T, §H HIURAA dGHAN, ~gefadl dqAS AR asT & qaieqaliel A Fhar F1 Hedieh fHaTl RF Alser
o @Il AMIEEt A 9w FA <¥¢ RMSE (0.1178) 3R ¢¥¢ MAE (0.0601) & &1 Sgak Wedlel foram, St
URIRE AT AT Alsdl ¥ FET doal §| FEHEY [AReINOT § AT 7 Hof 3eR-FAleieh Forahiiorndr
(r = 0.98-1.00) T YaT Tell, SAafh auT #F =g T IR (r = 0.15-0.77) & 715, ST TU=HT
STofaryg eITdl 1 ST A g1 fAAVAT Fgea favelwor & L332 3R L333 F wH@ sfasgaddr & &7 H
ugae, oo FR AL 0.1209 3R 0.0557 | 7l Aerert #F enfde §: (1) Ao aEr Stearg
3T W BF Hisell H JolllcHS Hediched, (2) SEICHSB ol & faT faAvar Agea 1 wehraor, 3R
(3) A 3crel favevor S gEed FUd WA (70.187) IR g fAweh dasi & @y HAlsd
feerar &1 gfte aear §1 A Ty sref-arse avt F Srorary 3eTgwe, FY AsEr 3N Hae gdue & v
3Tl JFEfte vere aa §

ABSTRACT. This study presents a data-driven analysis of temperature and rainfall patterns across 12 districts in
Southern Telangana using 43 years of gridded meteorological data (1981-2023). Employing descriptive statistics,
correlation matrices, and six predictive models, Random Forest (RF), Artificial Neural Network (ANN), Support Vector
Regression (SVR), Long Short-Term Memory (LSTM), ARIMA, and TBATS, we evaluated forecasting accuracy for
maximum temperature, minimum temperature, and rainfall. The RF model demonstrated superior performance with the
lowest Test RMSE (0.1178) and Test MAE (0.0601) across all parameters, outperforming traditional time series models.
Correlation analysis revealed strong inter-location temperature synchrony (r = 0.98-1.00), while rainfall exhibited high
spatial variability (r = 0.15-0.77), indicating localized climatic influences. Feature importance analysis identified L332
and L333 as dominant predictors, with scores of 0.1209 and 0.0557, respectively. Novel contributions include: (1) a
comparative evaluation of six models on long-term regional climate data, (2) integration of feature importance to enhance
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interpretability, and (3) prediction interval analysis confirming model stability with consistent upper bounds (~0.187) and
zero lower bounds. These findings offer actionable insights for climate adaptation, agricultural planning, and resource

management in semi-arid regions.

Key words — Temperature, Rainfall, Summary Data, Correlation, Machine learning, Random forest.

1. Introduction

Climate change is reshaping the natural systems that
sustain life, affecting not only humans, but also the land,
water, and ecosystems we depend on. Recognizing these
evolving patterns is essential for effective planning and
resource management (Pec et al., 2017). Among the most
critical indicators of climate change are temperature and
precipitation trends, which offer valuable insights into
environmental transformations and societal impacts
(Renforth et al., 2025). India, with its diverse climatic
zones, presents a compelling landscape for climatological
research. Studies have shown that geographic and climatic
factors significantly influence regional variations in
temperature and rainfall across the country (Yaduvanshi et
al., 2021). Southern Telangana, located on the Deccan
Plateau, exemplifies this complexity with its semi-arid
climate and pronounced fluctuations in both temperature
and precipitation (Anand et al, 2022).

This study aims to investigate the spatial and
temporal variations in rainfall and temperature across
Southern Telangana using a hybrid approach that
combines descriptive statistics, correlation analysis, and
advanced machine learning algorithms. The primary
objectives are to enhance the accuracy of weather
predictions and to generate actionable insights into
regional climatic shifts (AlShafeey., 2024). Descriptive
statistics are employed to examine central tendencies,
dispersion, and distribution patterns, offering a
comprehensive understanding of baseline climate
conditions (He et al., 2023). These methods are essential
for detecting anomalies and long-term trends
(Zamanzadeh et al., 2024), while correlation analysis
helps uncover relationships among climatic variables
across different locations.

High correlation values suggest synchronous
climatic behavior, often driven by shared geographic or
meteorological influences. In Southern Telangana,
significant linear correlations between maximum and
minimum temperatures point to consistent temperature
fluctuations across the region (Gaur et al., 2025). The
growing adoption of predictive modeling in climate
research reflects the effectiveness of machine learning
techniques in processing large datasets and identifying
complex patterns (Hamdan et al., 2024). Models such as
Random Forest (RF), Artificial Neural Network (ANN),
and Long Short-Term Memory (LSTM) are increasingly
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used to forecast weather parameters (Rangelov et al.,
2023). This study evaluates the performance of these
models in predicting rainfall and temperature trends in
Southern Telangana (Sreelatha & Anand Raj, 2021).

Machine learning algorithms have demonstrated
superior accuracy and reliability compared to traditional
statistical approaches, significantly advancing the field of
climate prediction (Zhang et al., 2025). Among these, the
Random Forest model stands out for its ability to detect
hidden patterns and adapt to new data inputs (Salman et
al, 2024). This research further explores the potential of
machine learning to improve regional weather forecasting
and climate analysis (Yadav et al., 2025).

Feature importance analysis is conducted to identify
the most influential meteorological variables, enabling
model refinement and prioritization of key attributes (Ries
et al., 2024). As noted by Gbaguidi et al. (2025),
understanding the relative significance of different
indicators is crucial for improving prediction accuracy.
Additionally, prediction intervals are used to quantify
uncertainty, an inherent aspect of climate modeling, by
providing a range of expected outcomes (Gbaguid et al.,
2025). The stability of these intervals confirms the
reliability of the models used in this study (Li., 2022).

Ultimately, the findings have important implications
for planning and resource management in Southern
Telangana. Accurate weather forecasting supports
agricultural decision-making, water resource allocation,
and mitigation of extreme weather impacts (Mulla et al.,
2023). As emphasized by Chen et al. (2023), the
integration of machine learning into climate studies offers
a powerful tool for enhancing forecast precision and
deepening our understanding of climatic trends,
contributing to more resilient and informed regional
development strategies.

2. Data and methodology

2.1. Study area

This study focuses on twelve major districts in
Southern Telangana, India: Hyderabad, Jogulamba
Gadwal, Mahabubnagar, Medchal-Malkajgiri,
Nagarkurnool, Nalgonda, Narayanpet, Rangareddy,
Suryapet, Vikarabad, Wanaparthy, and Yadadri
Bhuvanagiri (Fig. 1). These districts collectively represent
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Fig. 2. ANN model architecture

the Southern Telangana region, which is characterized by
a semi-arid climate and diverse topographical features.
Gridded climate data, including rainfall, minimum
temperature, and maximum temperature—were obtained
from the India Meteorological Department (IMD) for a
43-year period spanning 1981 to 2023. To ensure data
quality and model compatibility, a series of preprocessing
steps were applied. Missing values were addressed using
linear interpolation, and the data were normalized using
Min-Max scaling. Time series data were then transformed
into a supervised learning format to facilitate machine
learning model training. To enhance model robustness and
reduce noise, outliers were identified using z-score
thresholds and  subsequently  removed.  These
preprocessing techniques ensured a clean, consistent
dataset suitable for accurate climate analysis and
predictive modeling across the selected districts.

2.2.  Machine learning (ML) algorithms

Based on the data set's behavior, the ML algorithms
were used to forecast the weather parameters. Below is a
discussion of the algorithms:

2.3. Artificial neural network

The brain's structure inspired artificial neural
networks (ANN) (Eq1), a type of machine learning
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method (see Fig. 2). ANN typically consist of three layers:
input, output, and hidden layers. In the output layer,
predictions are generated, while the hidden layers
manipulate incoming data using weights and biases. The
number of hidden layers and activation functions in the
model directly impacts its capacity and learning
capabilities. Hyperparameters such as learning rate (0.01),
number of hidden layers (2), and activation function
(ReLU) were optimized using grid search.

Ye =0 + Z?=1 a; g (Boj + T, BijVe-i) + € (1)

The model's connection weights are aj (j = 0,1,
2,..,q)and Bij j=0,1, 2,...,q; i = 1,2,.,k), where k and q
are the numbers of nodes in the input and hidden layers,
respectively.

2.4. Support vector regression (SVR)

A machine learning model called SVR is applied to
time series and regression issues (Eq 2). By leveraging
kernel functions, the system transforms input features into
a high-dimensional space, identifies optimal boundaries,
utilizes a cost function to estimate parameters, and
predicts incoming input data. Improving performance is
achievable through the fine-tuning of hyperparameters
like the kernel function and regularization parameter.
Support Vector Regression (SVR) can effectively manage
intricate non-linear relationships.

f)=widx) +b (2
w: A feature space coefficient vector
@(x) : A feature space vector that is mapped from input x
by a kernel function
b : An intercept

The radial basis function (RBF) Kkernel was
selected after tuning kernel type, regularization
parameter (C = 1.0), and epsilon (¢ = 0.1) using cross-
validation.

2.5.  Random forest (RF)

The ML algorithm RF utilizes decision trees to
enhance the stability and accuracy of the model, as
depicted in Fig. 3. This methodology involves recursively
partitioning the data based on input features, training
multiple trees on randomly sampled data subsets. The
average of all the trees is the final prediction, which
lowers prediction variance and overfitting.
Hyperparameters such as number of trees (n_estimators =
100), maximum depth (max_depth = 10), and minimum
samples per leaf (min_samples_leaf = 2) were tuned using
randomized search.
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2.6.  Long short-term memory (LSTM)

One kind of RNN that handles sequential data, such
as text, audio signals, and time series, is called an LSTM
(Fig. 4). It addresses the vanishing gradient issue in
conventional RNNs and was first introduced in 1997. The
input, forget, output, and memory cells that make up
LSTM networks regulate the information that enters and
exits the memory cells. The LSTM model was trained
using a sequence length of 30 days, with a batch size of 64
and 50 epochs. Dropout (0.2) was applied to prevent
overfitting.

In this context, C; represents the cell state, f;
symbolizes the input or forget gate, C.; denotes the
previous cell state, and ~ C; stands for the candidate cell
state. At time step t, the candidate's input weight and bias
are denoted by W, and bc. The hidden state h; corresponds
to the output gate represented as o:. Moreover, the output
gate and cell state are identified as o; and C; respectively,
while Wo indicates the weight matrix employed in the
process. The terminology used here distinguishes different
components of the LSTM architecture.

2.7. ARIMA (Autoregressive
Average)

Integrated Moving

The ARIMA model is used for forecasting time
series data in a univariate setting. It requires the data to be
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stationary, exhibiting a consistent mean, variance, and
covariance over time. Model selection relies on
autocorrelation functions and partial autocorrelation
functions, determined by the parameters p, d, and q.
Calibration of the model involves maximum likelihood
estimation, validation through residual analysis, and
comparison with actual data to assess accuracy.

2.8. Exponential smoothing state space model with
Box—Cox transformation, ARMA errors, trend
and seasonality components (TBATS)

Complex patterns including seasonality, trend, and
irregularity may be predicted using the TBATS time series
forecasting method, which combines exponential
smoothing and ARIMA models. It uses maximum
likelihood estimation to estimate parameters and forecast
future values, modeling the time series as a mixture of
many components.

2.9. Statistical evaluation

All models were trained using an 80:20 train-test
split. Five-fold cross-validation was applied to ensure
generalizability. Performance was evaluated using MAE
and RMSE, metrics. It is essential for evaluating
prediction models' performance since many models may
provide numbers that are close or almost the same.
Models are thoroughly assessed using a variety of
statistical criteria, enabling strong comparison analysis.
Better model accuracy is shown by lower values of the
MAE (Eq 3) and RMSE (Eq 4), two frequently used
metrics that quantify the average size of errors between
projected and actual values. To evaluate the model's
performance, Mean Absolute Error (MAE) and Root
Mean Square Error (RMSE) measures are employed.

1 ~

MAE = — ¥ |y = 3il 3)
1 ~

RMSE = ’; ?: 1(yi_yl.)2 4)

where y; is the actual value, ¥, is the predicted value, and
n is the number of observations.
3.  Results and discussion

3.1. Descriptive Analysis of Climatic Parameters in
Southern Telangana

The climatic profile of Southern Telangana, based on
data from twelve distinct regions, reveals insightful
patterns in maximum temperature (Table 1 & Figs. 5a-c),
minimum temperature (Table 2 & Figs. 5a-c), and rainfall
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TABLE 1

Descriptive statistics of Maximum Temperature (°C) at different locations in Southern Telangana

Descriptive Maximum temperature
Statistics L1 L2 L3 L4 L5 L6 L7 L8 L9 L10 L11 L12
Mean 3330 3351 3351 3330 3350 3383 3351 3330 3383 3317 3350 33.30
Standard error ~ 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
Median 3221 3254 3254 3221 3254 3280 3254 3221 3280 3208 3254 3221
Mode 30.94 31.07 31.07 3094 3096 3277 3107 3094 3277 3120 3096 30.94
S;?/Tgt?;i 405 386 38 405 380 403 38 405 403 401 389 405
Kurtosis 036 053 053 -036 046 034 053 -036 -0.34 -045 -046  -0.36
Skewness 0.65 0.58 0.58 0.65 0.59 0.66 0.58 0.65 0.66 0.62 0.59 0.65
Range 2548 2312 2312 2548 2367 2513 2312 2548 2513 2451  23.67 2548
Minimum 1958 2112 2112 1958 2069 2090 2112 1958 2090 19.78  20.69  19.58
Maximum 4506 4424 4424 4506 4436  46.03 4424 4506 4603 4429 4436  45.06
TABLE 2
Descriptive statistics of Minimum Temperature (°C) at different locations in Southern Telangana
Descriptive Maximum temperature
Statistics L1 L2 L3 L4 L5 L6 L7 L8 L9 L10 L11 L12
Mean 2132 2123 2123 2132 2145 2211 2123 2132 2211 2087 2145 @ 21.32
Standard error  0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
Median 2229  22.00 2200 2229 2225 2319 2200 2229 2319 21.67 2225  22.29
Mode 2301 2206 2206 23.01 2255 2392 2206 2301 2392 2205 2255 2301
?éf‘lrl’:t?gﬂ 378 340 340 378 347 386 340 378 38 358 347 378
Kurtosis 039 029 029 039 -040 -045 -029 -039 -045 -0.31 -040  -0.39
Skewness 047 049 -049 -047 045 051 -049 -047 051 -046 -045  -0.47
Range 2090 2030 2030 2090 19.77 21.96 20.30 2090 21.96 2019 1977  20.90
Minimum 9.46 9.35 9.35 9.46 10.30 9.43 9.35 9.46 9.43 9.13 10.30 9.46
Maximum 30.36 2965 2965 30.36 30.07 3139 2965 3036 31.39 2932 30.07 30.36
TABLE 3
Descriptive statistics of rainfall at different locations in Southern Telangana (mm)
Descriptive Maximum temperature
Statistics L1 L2 L3 L4 L5 L6 L7 L8 L9 L10 L11 L12
Mean 2.36 1.84 353 2.36 1.90 2.22 1.99 2.12 2.38 2.19 2.02 2.25
Standard error  0.06 0.06 0.10 0.06 0.06 0.06 0.05 0.06 0.07 0.06 0.06 0.06
Median 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mode 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
géf‘,’l‘ft‘:‘;ﬂ 811 710 1218 811 701 799 610 741 855 718 716 7.3
Kurtosis 7525 390.37 8556 7525 81.33 8532 3999 11497 8412 4785 13232 61.64
Skewness 6.93 12.43 7.33 6.93 7.37 7.41 5.29 8.05 7.38 5.89 8.35 6.44
Range 190.11 34254 27120 190.11 142.34 18150 100.11 21457 19336 130.38 230.71 142.15
Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Maximum  190.11 34254 27120 19011 14234 18150 100.11 21457 193.36 130.38 230.71 142.15
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Figs. 5(a-c). Distribution of Maximum Temperature (°C), Minimum
Temperature (°C), and Rainfall (mm) across Different
Location. (a) Maximum Temperature distribution, (b)
Minimum Temperature distribution, (c) Rainfall distribution

Table 3 & Figs. 5 (a-c). The average maximum
temperature ranges from 33.30 °C to 33.83 °C, showing
remarkable stability across the region. A consistently low
standard error of around 0.03 percent indicates minimal
sample variability, reinforcing the reliability of the mean
values. Median temperatures closely mirror the means,
suggesting a symmetric distribution, while modal values
reflect common temperature experiences with only minor
regional differences (Grotjahn et al., 2016). Standard
deviations between 3.86 and 4.05 highlight limited
fluctuations in daily maximum temperatures. Negative
kurtosis values from -0.53 to -0.34 suggest a slightly
platykurtic distribution, with fewer extreme deviations
than a normal curve. Skewness values between 0.58 and
0.66 indicate a slight right skew, implying that lower-
than-average temperatures are more frequently observed.
Temperature readings span from 23 °C to 25 °C, with
optimal temperatures between 19 °C and 21 °C and peaks
reaching 44 °C to 46 °C, showcasing the region’s daily
temperature variability. Similarly, minimum temperature
data shows regional mean values ranging from
20.87 °C to 22.11 °C, supported by a low standard error of
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TABLE 4

Seasonal Trends and Residuals for Rainfall and Temperature in
Southern Telangana

Parameter Seasonal Trend Residual
Maximum Temperature 33.299 33.299 33.299
Minimum Temperature 21.318 21.318 21.318

Rainfall -0.001 2.355 -0.002

approximately 0.03 percent. Median values align closely
with the means, confirming central tendency, while mode
values vary slightly across locations, indicating the most
likely minimum temperatures. Standard deviations from
3.40 to 3.86 reflect notable variability, and negative
kurtosis values between -0.45 and -0.29 suggest a flatter
distribution with fewer extremes. The temperature range
spans 19.77 °C to 21.96 °C, with minimums between
9.13 °C and 10.30°C and maximums from 29.32 °C to
31.39 °C, highlighting significant daily variation and a
symmetric distribution pattern. Rainfall analysis reveals
substantial variation across the twelve regions, with total
rainfall ranging from 100.11 mm to 342.54 mm. However,
the daily mean rainfall values remain consistently close to
0.00 mm, reflecting the high frequency of rainless days
typical of semi-arid climates. This low mean, when
averaged over a long time span (1981-2023), masks the
intensity of sporadic rainfall events. Standard error values
between 0.05 and 0.10 affirm the precision of mean
calculations, while standard deviations from 6.10 to 12.18
underscore notable daily fluctuations. Exceptionally high
kurtosis values at sites L2 and L11 point to heavy-tailed
distributions, indicative of rare but intense rainfall events.
Skewness values ranging from 5.29 to 12.43 reveal a
pronounced right skew, suggesting a predominance of
low-rainfall days punctuated by occasional heavy
downpours. These patterns, supported by prior studies,
emphasize the erratic nature of precipitation in the region
and underscore the importance of recognizing such
variability for effective water resource management and
agricultural planning (Muzammal et al., 2024).

3.2.  Correlation matrix

The correlation analysis of maximum temperature,
minimum temperature, and rainfall across various
locations in Southern Telangana reveals distinct climatic
patterns. The correlation matrix for maximum temperature
Figs. 6(a-c) shows consistently high values, typically
ranging from 0.98 to 1.00, indicating a strong linear
relationship and suggesting that maximum temperatures
tend to fluctuate in unison across the region. Similarly,
minimum temperature correlations are also high-often
between 0.98 and 1.00-demonstrating a synchronized
trend across different sites, likely driven by shared
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climatic influences. In contrast, the rainfall correlation
matrix presents a more varied pattern, with values ranging
from 0.15 to 0.77 (Figs. 6a-c). This variability suggests
that rainfall events are not uniformly distributed and are
significantly influenced by localized factors such
as microclimate conditions, geological features, and
elevation (Shetty et al., 2022). These results indicate
that while temperature variations across Southern
Telangana are relatively uniform, rainfall patterns are
more spatially confined and erratic (Chandu et al.,
2025).The findings underscore the consistent nature of
temperature changes in the region, contrasted by the
unpredictable and uneven distribution of rainfall. This
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highlights the importance of developing region-specific
weather forecasting models and climate adaptation
strategies that account for the unique challenges posed by
Southern Telangana’s variable rainfall patterns (Alsharef
& Hassan, 2024).

3.3. Model performance

The performance of machine learning models for
parameter prediction reveals varying levels of accuracy
(Fig. 7). The Random Forest (RF) model achieved the
lowest Train MAE and Test MAE, demonstrating
its strength in capturing complex data patterns
and generalizing effectively. The Artificial Neural
Network (ANN) produced strong results, with a Test
RMSE of 0.125 and a Test MAE of 0.069. The Support
Vector Regression (SVR) model showed room for
improvement, with a Test RMSE of 0.129 and a Test
MAE of 0.087. The Long Short-Term Memory (LSTM)
model exhibited signs of overfitting to the training data,
while the ARIMA model recorded higher error rates,
indicating limited suitability for this dataset. The TBATS

model also showed notable errors, suggesting its
inadequacy for the current prediction task. This
assessment  highlights the diverse  performance

characteristics of different machine learning models in
parameter prediction (Patel et al., 2025). Fig. 8 illustrates
the comparative performance of each model across all
evaluation metrics. These findings emphasize the
importance of careful model selection and tuning to match
the specific requirements of a given task. To enhance
prediction accuracy, future research may focus on
optimizing the hyperparameters of the SVR and LSTM
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Parameters in Southern Telangana

models and exploring ensemble approaches that combine
the strengths of multiple algorithms (Shaikh et al., 2024).

3.4. Comparative analysis of predictive models for
weather parameters

Across all three climate parameters, maximum
temperature, minimum temperature, and rainfall, the

922

Random Forest (RF) model consistently demonstrated
superior predictive performance (Fig. 9). For maximum
temperature, RF achieved the lowest Test RMSE of 0.115
and Test MAE of 0.058, outperforming both traditional
statistical models like ARIMA and TBATS, and advanced
machine learning models such as ANN, SVR, and LSTM.
Similarly, in minimum temperature prediction, RF
recorded a Test RMSE of 0.112 and Test MAE of 0.055,
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indicating its strong generalization capability and
minimal error margins. These results underscore RF’s
robustness in modeling stable temperature patterns across
Southern Telangana. Rainfall prediction, which typically
involves greater variability and noise, also favored the RF
model. It delivered a Test RMSE of 0.120 and Test MAE
of 0.062, significantly lower than other models, especially
TBATS which showed the highest error rates. While ANN
and LSTM performed moderately well, their accuracy was
consistently outpaced by RF across all metrics. The
consistent performance of RF across diverse climatic
parameters highlights its adaptability and reliability,
making it a valuable tool for regional weather forecasting,
agricultural planning, and climate resilience strategies
(Makokha et al., 2025).
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3.5. Seasonal dynamics and long-term trends in
rainfall and temperature

Table 4 provides a detailed analysis of the seasonal,
trend, and residual components for maximum temperature,
minimum  temperature, and rainfall in  Southern
Telangana, with all values rounded to three decimal
places. The rainfall data reveals a slight negative seasonal
variation of -0.001, indicating minimal fluctuations
throughout the year. Its trend component, at 2.355,
suggests a gradual increase in rainfall over the observation
period, while the residual value of -0.002 reflects minor
discrepancies between observed and predicted values,
demonstrating the model’s overall accuracy. In contrast,
both  maximum and minimum temperatures show
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remarkable stability, with identical values across seasonal,
trend, and residual components: 33.299 for maximum
temperature and 21.318 for minimum temperature. This
uniformity indicates no significant seasonal or long-term
variations in temperature patterns during the study period
(He et al., 2019).

3.6. Prediction interval summary analysis

The prediction interval summary results for the
analysis show consistent upper bounds of approximately
0.187 across multiple intervals, with occasional variations
(Fig. 10). The data consistently forecasts zero or positive
outcomes with no negative deviations, as seen by the
lower bounds staying uniformly at 0. This points to a
restricted and constant range for anticipated values,
suggesting a stable and dependable prediction model with
upper limits often around 0.187. There is no variation in
forecast accuracy in the intervals with somewhat larger
upper limits, such as 0.194, 0.195, and sometimes even up
to 0.216. All things considered, the study shows a
consistent capacity to forecast the characteristics under
evaluation. Overall, the study demonstrates a consistent
ability to anticipate the parameters being assessed. Its
consistent performance with short prediction intervals
demonstrates its accuracy and reliability. This type of
model is very useful in domains like resource allocation,
disaster management, and agricultural planning where
precise and trustworthy forecasts are essential (Jaber et
al., 2022). The model's predicted accuracy might be
improved by additional refinement, and its resilience and
adaptability could be validated by applying it to other
datasets and parameters (Vairo et al., 2024).

3.7. Future importance

The relative importance of characteristics (L1 to
L360) in the study is illustrated by the feature importance
summary results (Fig. 11). The features with the highest
significance, L43 (0.05), L41 (0.04), L332 (0.12), and
L333 (0.06), exert the greatest influence on the prediction
model. Additional impactful features include L44 (0.01),
L12 (0.01), and L116 (0.01), which also contribute
meaningfully to the model’s predictions. In contrast, the
remaining features, with lower importance scores, appear
to have minimal impact. By identifying the most
influential variables, these findings lay the groundwork
for further research and model refinement. Feature
importance plays a vital role in guiding data-driven
decision-making and pinpointing the most
critical components for accurate predictions (Sarker,
2021). Future studies should explore advanced feature
selection techniques and validate their effectiveness
across diverse datasets to enhance model performance
(Ali et al., 2024).
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4.  Conclusions

This study offers a comprehensive climatological
assessment of Southern Telangana, analyzing 43 years of
gridded meteorological data (1981-2023) across 12
districts. Through descriptive statistics, correlation
analysis, and predictive modeling, we examined the
spatial and temporal dynamics of maximum temperature,
minimum temperature, and rainfall. The temperature data
revealed high consistency across the region, with mean
maximum temperatures ranging from 33.17 °C to 33.83
°C and minimum temperatures from 20.87 °C to 22.11
°C. Correlation coefficients for both maximum and
minimum temperatures exceeded 0.98, indicating strong
spatial synchrony and suggesting the influence of regional
climatic drivers. In contrast, rainfall exhibited significant
variability, with mean values ranging from 1.84 mm to
3.53 mm, and correlation values between locations
ranging from 0.15 to 0.77, highlighting localized and
erratic precipitation patterns. Among the six predictive
models evaluated-ANN, SVR, RF, LSTM, ARIMA, and
TBATS, the Random Forest (RF) model consistently
outperformed others. It achieved the lowest Test RMSE
and MAE across all parameters: 0.115 / 0.058 for
maximum temperature, 0.112 / 0.055 for minimum
temperature, and 0.120 / 0.062 for rainfall. These results
underscore RF’s robustness in handling both stable and
volatile climate data. Feature importance analysis further
identified key predictors, notably L332 (importance
score: 0.1209) and L333 (0.0557), which significantly
influenced model accuracy. The prediction interval
analysis demonstrated model reliability, with consistent
upper bounds (~0.187) and zero lower bounds, confirming
the stability of RF forecasts.The novelty of this research
lies in its integration of long-term regional climate data
with a comparative evaluation of machine learning and
statistical models, enhanced by interpretability through
feature importance and uncertainty quantification. These
insights provide a foundation for developing localized,
data-driven forecasting systems and climate adaptation
strategies tailored to semi-arid regions like Southern
Telangana.
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