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Abstract

Pre-monsoon (March-May; MAM) rainfall over Telangana is highly
variable, yet district-scale evidence on its variability, extremes, and
near-term change remains limited. This study combines India
Meteorological Department gridded rainfall observations (1951-2024),
bias-corrected NEX-GDDP-CMIP6 simulations, and machine-
learning (ML) post-processing to examine MAM rainfall in six
contrasting districts: Adilabad, Nizamabad, Karimnagar, Hyderabad,
Mahabubnagar, and Khammam. Observations show strong spatial
heterogeneity, with coefficients of variation from 60.2% in Hyderabad
to 83.0% in Khammam. Trend decomposition indicates that recent
changes are more closely linked to increasing rainfall intensity than
wet-day frequency; the strongest seasonal trends occur in Nizamabad
and Khammam (about 0.32 mm yr'!), although statistical significance
is spatially limited. Twenty CMIP6 models were evaluated using a
composite performance index based on correlation, normalized error,
variability ratio, and bias. The five best-performing models, CMCC-
ESM2, ACCESS-ESM1-5, TaiESM1, MRI-ESM2-0, and INM-CM5-
0, were retained for ML post-processing. Random Forest, XGBoost,
and LSTM showed comparable skill during independent testing, but
LSTM produced more stable district-wise correlations while still
underestimating peak rainfall years. Under SSP5-8.5, LSTM-based
projections for 2031-2050 indicate changes from -5.2% in Nizamabad
to +36.4% in Adilabad relative to 1981-2010, supporting localized
interpretation rather than broad generalization for regional climate-risk
assessment and adaptation planning practice.
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Introduction

Pre-monsoon rainfall during March-May (MAM) is a small but important component of the
hydroclimatic cycle over peninsular India. It supplies early-season moisture after the dry winter
period, affects sowing decisions and groundwater recharge, and can temporarily moderate late-spring
heat stress in semi-arid regions (Kumar et al., 2004; Gadgil and Gadgil, 2006). Because this rainfall
is often produced by localized convective storms and mesoscale disturbances, its spatial variability is
high, and regional averages may obscure local risk.

Telangana, located on the Deccan Plateau, contains strong contrasts between relatively wetter
northern and eastern districts, urban-influenced central areas, and drought-prone southern districts.
These contrasts are relevant to agriculture, water-resource planning, and flash-flood risk, especially
in rapidly urbanizing areas such as Hyderabad. Although Indian monsoon variability and extreme
rainfall have been widely studied at national and regional scales, including assessments of regional
climatic controls (Krishnan et al., 2020), district-scale evidence for pre-monsoon rainfall variability,
extremes, and near-term change remains limited.

Global climate models provide essential information on future climate change, but their
precipitation skill over South Asia remains uneven, particularly for convective and regional-scale
rainfall (Eyring et al., 2016; Moon and Ha, 2020; Guilbert et al., 2023; Kushwaha et al., 2024).
Therefore, local applications should not rely on unexamined model outputs. Objective model
screening, bias-aware interpretation, and explicit validation are needed before climate model
information is translated into district-scale rainfall projections.

Machine learning can support this translation by learning nonlinear relationships between
climate-model predictors and observed rainfall. However, ML applications in climate studies are
vulnerable to overfitting, information leakage, and overstatement of predictive skill if chronological
validation and uncertainty reporting are weak (Maraun et al., 2018; Reichstein et al., 2019; Beucler
et al., 2021). In this study, ML is therefore treated as a post-processing and projection-mapping tool
applied to already bias-corrected and statistically downscaled NEX-GDDP-CMIP6 data, not as
primary dynamical downscaling.

The objectives are to: (i) characterize district-scale MAM rainfall variability and extremes
from 1951 to 2024; (ii) evaluate and rank CMIP6 models using a composite performance index; (iii)
compare RF, XGBoost, and LSTM models under chronological validation; and (iv) estimate near-
term MAM rainfall changes for 2031-2050 under SSP5-8.5 in six selected districts of Telangana.

Material and Methods
Study area and observed rainfall

The analysis focuses on six districts representing contrasting hydroclimatic settings in Telangana:
Adilabad, Nizamabad, Karimnagar, Hyderabad, Mahabubnagar, and Khammam (Figure 1). Daily
gridded rainfall data at 0.25 deg x 0.25 deg resolution were obtained from the India Meteorological
Department for 1951-2024 (Pai et al., 2021). Grid cells falling within each district boundary were
spatially averaged to produce district-level daily series. Seasonal MAM totals were computed by
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summing daily rainfall, and wet-day frequency was defined using the IMD threshold of >=2.5 mm

day™.
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Figure 1. Location of the six selected districts in Telangana, India.
Observational diagnostics

Interannual variability was described using the coefficient of variation (CV = 100 x sigma/mu), where
sigma and mu are the standard deviation and mean of seasonal rainfall. Rainfall concentration within
the MAM season was assessed using the precipitation concentration index (PCI). Heavy rainfall was
summarized using R10 and R20 (numbers of days with rainfall >=10 and >=20 mm), and R95p,
defined as seasonal rainfall accumulated on days exceeding the 95" percentile threshold calculated
from the 1951-2014 reference period (Zhang et al., 2011). Long-term monotonic trends were tested
using the Mann-Kendall test and Sen’s slope estimator (Mann, 1945; Kendall, 1957; Sen, 1968).
Potential abrupt shifts were examined using the Pettitt test. To separate the mechanisms of rainfall
change, wet-day frequency and rainfall intensity (rainfall per wet day) were analyzed separately.
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CMIP6 data and model screening

Bias-corrected and statistically downscaled daily precipitation was obtained from the NASA NEX-
GDDP-CMIP6 archive at 0.25 deg x 0.25 deg resolution (Thrasher et al., 2022). NEX-GDDP-CMIP6
uses a bias-correction and spatial-disaggregation lineage developed for climate-impact applications,
so the ML component in this study is treated as post-processing rather than primary downscaling
(Wood, 2002; Maurer and Hidalgo, 2008; Thrasher et al., 2012). Historical simulations for 1951-2014
were evaluated against IMD observations, while SSP5-8.5 projections were used for 2031-2050.
Precipitation was converted from kg m? s to mm day™! by multiplying by 86,400 and then aggregated
to monthly MAM totals. Twenty models were considered: ACCESS-CM2, ACCESS-ESM1-5, BCC-
CSM2-MR, CMCC-CM2-SR5, CMCC-ESM2, EC-Earth3, EC-Earth3-Veg-LR, FGOALS-g3,
GFDL-CM4, GISS-E2-1-G, INM-CM4-8, INM-CM5-0, IPSL-CM6A-LR, KIOST-ESM, MIROC-
ES2L, MIROC6, MPI-ESM1-2-HR, MRI-ESM2-0, NorESM2-MM, and TaiESM1.

Model screening used four standard diagnostics for hydroclimatic model evaluation: Pearson
correlation (r), normalized root mean square error (NRMSE), standard deviation ratio, and mean bias
(Ramsey, 1996). Each metric was transformed so that lower values denoted better performance;
correlation was converted to an error component as 17, variability was measured as the absolute
deviation of the standard deviation ratio from 1, and NRMSE and absolute bias were normalized
across the candidate models. The composite performance index (CPI) was calculated as the arithmetic
mean of these four normalized components. Models were ranked using the state-average CPI across
the six districts.

Machine-learning post-processing and projection

RF, XGBoost, and LSTM models were trained using monthly MAM rainfall totals, representing tree-
ensemble, gradient-boosting, and recurrent deep-learning approaches, respectively (Hochreiter and
Schmidhuber, 1997; Breiman, 2001; Chen and Guestrin, 2016). Predictors were the district-level
monthly precipitation series from the five selected CMIP6 models, and the target was IMD rainfall.
A chronological split was used to reduce information leakage: 1951-2000 for training, 2001-2014 for
validation and tuning, and 2015-2024 for independent testing. Scaling parameters were estimated
from the training set only and then applied to validation and test periods. For post-2014 testing, the
same predictor construction was applied to available scenario-period NEX-GDDP-CMIP6 data and
compared with IMD observations; this evaluates the statistical post-processing framework under
chronological holdout conditions and is not interpreted as deterministic year-by-year climate
prediction.

RF used 400 trees, maximum depth 12, minimum split size 8, and minimum leaf size 4.
XGBoost used 500 boosting rounds, learning rate 0.05, maximum depth 5, subsampling of 0.8 for
rows and columns, minimum child weight 5, and early stopping. LSTM used a sequence-to-one
structure with two stacked layers (64 and 32 units), dropout of 0.2, L2 regularization, Adam
optimization, mean-squared-error loss, early stopping, and learning-rate scheduling. Model
performance was evaluated using RMSE, MAE, R?, correlation, and bias. Future MAM rainfall was
projected for 2031-2050 under SSP5-8.5 relative to the 1981-2010 baseline. The reported 5-95%
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range represents the spread of projected seasonal estimates over the 2031-2050 period; it should not
be read as full scenario or structural model uncertainty.

Results
Observed rainfall variability and extremes

Observed MAM rainfall shows marked interannual variability in all six districts (Figure 2). Seasonal
totals and wet-day counts do not always vary proportionally, indicating that high seasonal rainfall can
result from a small number of intense events rather than from more frequent rainfall. Khammam
records the most pronounced peaks, including years above 300-400 mm, whereas Hyderabad shows
comparatively lower interannual variability despite episodic rainfall spikes.
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Figure 2. Observed MAM rainfall totals and wet-day frequency in the six districts, 1951-2024.

CV values exceed 60% in all districts, confirming the inherently unstable character of pre-
monsoon rainfall (Figure 3A). Khammam has the highest CV (83.0%), followed by Nizamabad
(78.5%) and Adilabad (74.2%); Hyderabad has the lowest CV (60.2%). PCI follows a similar spatial
pattern, with the highest concentration in Khammam (2.27) and the lowest in Hyderabad (1.84). Thus,
districts with larger year-to-year variability also tend to show stronger seasonal concentration.

Trend decomposition indicates that rainfall intensity has increased more consistently than wet-
day frequency (Figure 3B). Nizamabad shows the strongest significant increase in rainfall days (0.028
days yr!"), while Khammam shows almost no frequency change but the strongest significant increase
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in rainfall intensity (0.052 mm day! yr'!). This pattern supports an intensity-dominated interpretation
of recent MAM rainfall change.
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Figure 3. Rainfall variability, concentration, and intensity-frequency trends during MAM.

Seasonal rainfall trends are positive in all districts but are not uniformly significant (Figure
4A). Nizamabad and Khammam show the largest slopes (about 0.32 mm yr!), followed by Adilabad
(0.30 mm yr'!') and Hyderabad (0.28 mm yr'!). Pettitt tests suggest possible shifts between the late
1980s and early 2000s, but none are statistically significant at p<0.05. Heavy rainfall diagnostics
further indicate increasing contribution from very wet days, particularly in Khammam, supporting
the conclusion that intensification rather than regime-shift behaviour dominates the observed signal
(Figure 4B).
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Figure 4. Long-term rainfall trends, Pettitt change-points, and heavy-rainfall diagnostics.

CMIP6 performance varies across both metrics and districts. No model is best for all diagnostics,
which justifies a composite rather than single-metric screening strategy. The CPI ranking identifies
five comparatively stable models for subsequent ML post-processing: CMCC-ESM2, ACCESS-
ESM1-5, TaiESM1, MRI-ESM2-0, and INM-CM5-0 (Table 1; Figure 5). Their state-average CPI
values range from 0.43 to 0.46, whereas the weakest models show state-average CPI near 0.59.

Table 1. Top five CMIP6 models retained for ML post-processing based on state-average CPI.

Rank Selected CMIP6 model State-average CPI
1 CMCC-ESM2 0.43
2 ACCESS-ESM1-5 0.43
3 TaiESM1 0.44
4 MRI-ESM2-0 0.45
5 INM-CM5-0 0.46
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Machine-learning performance

The three ML algorithms provide broadly comparable predictive skill, but their error structures differ
(Table 2; Figure 6). RF has the lowest mean RMSE across districts (74.63 mm), while LSTM has the
highest mean R? (0.62) and correlation (0.79). XGBoost performs slightly weaker overall. Therefore,
LSTM is not selected because it minimizes every error metric; rather, it is retained as the projection
model because it provides the most stable association with observed interannual variability while
reducing inter-district inconsistency. This distinction is important because LSTM still underestimates
peak rainfall years, especially in high-intensity events.
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Table 2. Mean independent-test performance across the six districts for 2015-2024.

Model Mean RMSE (mm) Mean MAE (mm) Mean R? Mean r Mean bias (mm)
RF 74.63 43.48 0.59 0.77 -6.95
XGBoost 84.42 50.30 0.56 0.75 -4.08
LSTM 78.73 47.83 0.62 0.79 -11.80

Comparative monthly-scale performance during the independent test period is summarized in
Figure 6. RF, XGBoost, and LSTM show broadly comparable error distributions, although RF has a
slightly lower median RMSE in some districts. LSTM does not consistently produce the lowest errors,
but its narrower spread indicates more stable performance across heterogeneous district rainfall
regimes. Therefore, LSTM was retained as the primary projection model on the basis of consistency
rather than absolute error minimization.
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Figure 6. Monthly RMSE comparison of RF, XGBoost, and LSTM models during independent testing
(2015-2024).

Seasonal validation of the selected LSTM model is shown in Figure 7. The model follows
wet—dry phasing in most districts but smooths the amplitude of anomalously wet years. Seasonal
RMSE values range from 43.1 mm in Mahabubnagar to 64.3 mm in Nizamabad, with intermediate
errors in Khammam (49.4 mm), Hyderabad (52.7 mm), Karimnagar (61.3 mm), and Adilabad (62.8
mm). These results indicate useful seasonal-scale tracking of rainfall variability, but also confirm
persistent underestimation of peak rainfall years.
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Figure 7. Seasonal validation of the selected LSTM model against IMD observations across six

districts (2015-2024).

Near-term projection under SSP5-8.5

LSTM-based projections for 2031-2050 indicate spatially heterogeneous MAM rainfall change
relative to 1981-2010 (Table 3; Figure 8). Adilabad has the largest projected increase (+36.35%),
followed by Karimnagar (+19.90%), Hyderabad (+10.99%), and Mahabubnagar (+7.72%).
Khammam remains nearly unchanged, while Nizamabad shows a modest decline (-5.21%). Projected
mean seasonal rainfall is highest in Khammam (~88 mm) and Hyderabad (~81 mm) and lowest in
Nizamabad (~43 mm). The wide 5-95% range indicates that internal variability remains large even
during the near-term projection period.

Table 3. LSTM-based near-term MAM rainfall projection for 2031-2050 under SSP5-8.5.

District Projected change (%)  Projected mean MAM rainfall (mm)
Adilabad +36.35 ~65
Nizamabad -5.21 ~43
Karimnagar +19.90 ~66
Hyderabad +10.99 ~81
Mahabubnagar +7.72 ~68
Khammam ~0 ~88




Tethys Envirommental Science 64

Percentage Change (2031-2050 vs 1981-2010)

401 36.35

30 4

19.90
20 1

10.99
10 T.72

Projected Change (%)

1]
| I 0.1

-5.21

=10

‘;}bb ﬁ'ﬁb I ﬂ?'i. 1 ?ﬁb . ﬁ
‘1& ﬁ.‘#b déﬁ (:\@ “ﬁ\? 'P.:p(@

Mean Projection with 5-95% Range

1601 @l Mean (2031-2050)
T 5-95% range

40 1

Mean MAM Rainfall (mm)
2

e
L=]

(=]

Figure 8. Projected MAM rainfall change and 5-95% interannual spread for 2031-2050 under SSP5-
8.5.

Discussion

The observed results indicate that MAM rainfall change in the selected districts is better described as
intensification than as a uniform increase in rainy-day frequency. This interpretation is consistent
with the convective nature of pre-monsoon rainfall over peninsular India, where short-duration storms
can dominate seasonal totals (Houze et al., 2007; Turner and Annamalai, 2012). It also agrees with
evidence for increasing heavy-rainfall intensity over India under recent warming (Goswami et al.,
2006; Roxy et al., 2017; Mukherjee et al., 2018). The evidence is strongest in Khammam, where
rainfall intensity and extreme-rainfall contribution increase despite nearly stable wet-day frequency.
However, not all district-level trends are statistically significant, so the results should be interpreted
as spatially heterogeneous evidence rather than a state-wide monotonic signal.
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The absence of significant Pettitt change-points suggests gradual evolution rather than abrupt
regime shifts. This matters for adaptation because gradual intensification can still increase runoff,
reduce rainfall-use efficiency, and raise urban flood risk, particularly where high rainfall is
concentrated into fewer events. The agricultural relevance is also clear because pre-monsoon rainfall
affects soil moisture, groundwater recharge, and early-season crop planning in rain-fed systems
(Gadgil and Gadgil, 2006; Kumar et al., 2004). Hyderabad’s relatively low CV therefore does not
remove risk; its urban exposure means even moderate intensification can have disproportionate
consequences.

The CMIP6 evaluation confirms that model skill is metric- and location-dependent, which is
consistent with known difficulties in representing South Asian precipitation and convective rainfall
in global climate models (Eyring et al., 2016; Moon and Ha, 2020; Guilbert et al., 2023; Kushwaha
et al,, 2024). A composite screening approach is therefore justified, but it does not eliminate
uncertainty. CPI gives a transparent basis for selecting predictors, yet it depends on normalization
choices and equal weighting. The selected models should be viewed as historically better-performing
candidates, not as a definitive ensemble of future truth.

The ML results are useful but should not be oversold. RF, XGBoost, and LSTM achieve
comparable skill, and RF has lower mean RMSE in the independent test period. LSTM is retained
mainly because of its stronger mean correlation and relatively stable representation of temporal
variability, a feature consistent with the ability of recurrent/deep-learning methods to represent
nonlinear temporal dependencies in climate data (Hochreiter and Schmidhuber, 1997; Reichstein et
al., 2019; Bafio-Medina et al., 2020; Chen et al., 2023). Its tendency to underestimate extremes is a
critical limitation for pre-monsoon rainfall, where rare events strongly influence seasonal totals. This
limitation echoes broader concerns that data-driven climate models require careful validation,
physical constraints, and uncertainty treatment before they are used for impact assessment (Maraun
et al., 2018; Beucler et al., 2021). Daily or sub-daily predictors, moisture flux, instability indices, and
circulation diagnostics would likely improve representation of convective extremes.

Projection results under SSP5-8.5 point to localized increases rather than uniform wetting
across Telangana. The strongest projected increase in Adilabad and the decline in Nizamabad
demonstrate why aggregated state-level projections can be misleading. This is particularly important
for near-term planning, where internal variability and regional model spread can strongly shape the
emergence of climate signals (Hawkins and Sutton, 2012; Meehl et al., 2014). Because only one
forcing pathway is used and the 5-95% range represents interannual spread rather than full structural
uncertainty, these projections should support risk-aware planning rather than deterministic local
forecasts.

Conclusion

This study provides a compact district-scale assessment of pre-monsoon rainfall variability, CMIP6
model performance, and near-term ML-based projection for six contrasting districts of Telangana.
Observations from 1951-2024 show high variability in all districts, with CV values above 60% and
strongest variability in Khammam. Trend decomposition indicates that rainfall change is more
strongly linked to event intensity than to wet-day frequency, although statistical significance is not
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uniform across districts. CMIP6 screening with a composite performance index identified CMCC-
ESM2, ACCESS-ESM1-5, TaiESM 1, MRI-ESM2-0, and INM-CMS5-0 as the most suitable predictors
for post-processing. RF, XGBoost, and LSTM showed comparable validation skill; LSTM was
retained for projections because it better preserved temporal association across districts, not because
it eliminated errors. Its underestimation of extreme wet years remains a major limitation. Under SSP5-
8.5, projected MAM rainfall changes for 2031-2050 is spatially heterogeneous, ranging from -5.2%
in Nizamabad to +36.4% in Adilabad. These findings argue for district-specific planning and caution
against broad state-level generalization. Future work should use higher-frequency predictors,
additional atmospheric variables, and multi-scenario probabilistic frameworks to improve the
representation of convective rainfall extremes.
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