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ABSTRACT

Rising temperatures are increasing the frequency and impact of heat extreme events in India. So, this is increasing the need for early warning
and climate-risk management. Heat risks and behaviors vary across regions, so national model can miss local temperature dynamics. We pres-
ent a season-aware, region-wise framework to forecast daily maximum temperature and identify heatwave days in IMD defined Central India
region. In Central India’s severe pre-monsoon heat is recurrent and closely linked to crop-weather stress, irrigation demand, and outdoor labor
exposure. Heatwaves are first categorized at grid-cell level using operational threshold-and -departure rules. Then heatwaves are aggregated
to a region-day label using a spatial coverage threshold and minimum 2-day duration. In this paper, we benchmark conventional statistical
time-series models against recurrent sequence models under same splits and evaluation window using national meteorological temperature data.
Performance is evaluated with temperature-error metrics and event-based measures for heatwave-day detection. Results show that recurrent
models give the strongest overall skill, with the LSTM model delivering the promising improvements. Seasonal statistical modeling improves
over non-seasonal baselines by capturing the seasonal cycle. This framework offers a compact regional benchmark and practical guidance for
region specific early warning systems. This work supports agrometeorological advisories for farm operations, water planning and heat-stress
risk management during extreme heat.

Keywords: Heatwave Prediction, Seasonal Segmentation, Statistical Methods, Regional Segmentation, Climate Adaptation, Sustainability,
Weather-Based Decision Support

Extreme heat is closely associated with crop stress,
irrigation demand and when outdoor farm work can be
undertaken (Heino et al., 2023). A location-specific forecasting of
agrometeorological advisories would be enhanced by region-wise
forecasting of heatwave-days, to provide earlier, location-specific
warnings during hot days.

Heatwaves are long spells of abnormally high temperature
usually experienced over a number of days that cause stress beyond
what is normal for the season and place. Extreme heat is increasingly
becoming more common and severe in most parts of the world due
to climate warming and so the need for early warning is growing
(Perkins-Kirkpatrick & Lewis, 2020; Davis et al., 2021). In India,

heat waves are not only a weather issue but are also affecting the The main problem is that the heat hazard does not

health outcomes, working capacity, electricity requirements, and
other services that are very sensitive to peak heat (Fischer et al.,
2021; Somanathan et al., 2021). Evidence from India shows clear
connections between heatwave conditions and the risk of mortality.
This reinforces the need for prediction methods that are reliable and
easy to apply in practice (Davis et al., 2021; Somanathan et al.,
2021).

spread evenly on the national level. The same temperature value
may be associated with various degrees of risks in various regions
due to background climatic conditions, housing and access to air
conditioning. This makes region-based early warning significant
as compared to a single nation-based model that averages the very
dissimilar regimes (Ratnam et al., 2016; Mandal et al., 2025).
Central India is an important target as it is part of an inland belt
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where heat could accumulate and linger particularly towards the
pre-monsoon period and it is recurrently known to undergo harsh
hot temperatures. Regional focus also reduces mixed controls on
climates which emerge when both coastal and inland regions are
modeled together which proves useful when the aim is to convert
climate temperature behavior into operational heatwave-day
decision-making (Ganeshi et al., 2023; Cho et al., 2014).

The study develops a compact, season-aware baseline
of predicting heat waves in the region of Central India based on
the temperature of the national meteorological agency. The first
stage is the identification of heatwave conditions at the grid level
based on an operational level threshold-and-departure rule and
converted into a regional heatwave-day label based on a spatial
coverage requirement and a minimum-duration requirement. In
order to establish a clear benchmark across model families, classical
statistical time-series models are compared to recurrent sequence
models using the same data splits and evaluation windows. The
temperature forecast errors are used along with event metrics of
confusion matrices, which means that not only average error can be
seen but also missed heatwave days and false alarms. By combining
grid-based labeling with region-day evaluation and a season-aware
setup, the paper provides a clear reference point for Central India
and a practical basis for extending the approach to other IMD
regions and increased lead times.

In this study, we use two approaches, statistical and deep
learning to develop a dependable heatwave prediction model. The
key contributions of this paper are given as:

1. This study provides framework with implementation to predict
heatwave days using IMD temperature records.

2. This study is focused on Central India region defined by IMD.
This region faces severe pre-monsoon heat repeatedly.

3. The study compares classical statistical models and sequence-
based deep learning models using the same data and labelling
rules. It covers both next-day T, forecasting and heatwave-
day prediction. Results are evaluated using temperature error
and event-based heatwave metrics. A sensitivity check is used
to ensure the findings do not depend on minor, reasonable
changes in the labelling choices.

MATERIALS AND METHODS
Temperature regime of Central India

The study area is IMD Central India which is defined using
the IMD meteorological subdivision system and is being used as a
single spatial mask for the gridded analysis. The 1° x 1° grid cells with
the centre points within the boundary are kept after the dissolution
of the 4 polygons (West Madhya Pradesh, East Madhya Pradesh,
Vidarbha and Chhattisgarh). It is an inland belt. The influence of
the sea is limited in this belt. Land-surface conditions and regional
circulations are important factors in determining the warm-season
T .- This can lock multi-day hot spells in the interior region which
is physically plausible and operationally relevant for an analysis
based on regions. A strong annual cycle is also visible. T _generally
climbs through the pre-monsoon months (March—May), drops
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during the southwest monsoon as cloud cover and rainfall increase,
and then shifts again in the post-monsoon transition; the monthly
mean maps over the Central India mask capture this structure clearly
as shown in Fig. 1. What tends to stand out during heat events is the
spatial coherence, neighboring grid cells often warm together under
the same forcing, rather than producing scattered, isolated spikes.
This behavior supports the use of a region-scale mask for consistent
modelling and heatwave labelling (Ratnam et al., 2016; Mandal et
al., 2019; Das et al., 2020). The seasonal cycle in Fig. 1 sets the
background for heatwave formation. Since heatwave labels depend
on grid-level exceedances and persistence, we also summarize how
often heatwave conditions occur inside each subdivision of Central
India. Table 1 shows that heatwave burden is not uniform inside
Central India (2000-2024; 6 = 0.10). West Madhya Pradesh and
Vidarbha have high heatwave-day totals and positive trends, while
Chhattisgarh shows a negative trend.

These supports keeping grid-level labeling and then
building a region-day label from spatial coverage instead of treating
the whole region as uniform. Fig. 2 makes the year-to-year variability
visible and shows that trends differ across the four subdivisions,
which is important when interpreting region-level results. Heatwave
days are computed using grid-level detection and aggregated using
0 = 0.10 with a minimum two-day duration. The subdivision-wise
analysis of heatwave characteristics across Central India reveals
significant spatial variability in both frequency and temporal trends.
Some regions are clearly getting more heatwaves, while others are
not changing much or even improving. West Madhya Pradesh shows
the strongest increase, with heatwave days rising steadily over time.
Vidarbha shows a similar pattern, so both of these regions are
becoming more prone to extreme heat.

In the other hand, the area of East Madhya Pradesh is
almost flat with no appreciable variation with time. Chhattisgarh
is interesting as it indeed recorded a reduction in heatwave days.
That indicates that heat waves are occurring a bit less frequently
there, which may be caused by local climate or land conditions. The
mean heatwave coverage further highlights spatial heterogeneity,
with Vidarbha showing the highest spatial extent (0.138), followed
by West Madhya Pradesh (0.125), reinforcing their vulnerability to
widespread heatwave conditions. The findings strongly support using
a spatial analysis framework based on a grid because aggregating
at a regional level would conceal the local variations in heatwave
behavior. The main baseline is based solely on T . This choice
matches the target label, because the operational IMD heatwave
definition is expressed through T thresholds and departures
from a daily normal. Some other factors, such as soil moisture and
humidity, also play an important role in impacts and persistence
but they address a different question: Soil moisture deficits can
influence heatwave persistence through land-atmosphere coupling
(Seneviratne et al., 2010; Ganeshi et al, 2023; Lorenz et al.,
2010) while humidity mainly affects human heat stress (apparent
temperature) rather than air temperature itself (Cvijanovic et al.,
2023; Lu & Romps, 2022). For this paper, we keep a T -only
design to provide a clean, reproducible benchmark aligned to the
IMD definition; multi-variable extensions are left for future work.
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Table 1: Subdivision-wise heatwave frequency and trend within Central India
Subdivision Total Days HW Days HW Events Mean Heatwave Coverage Trend (HW Days/
(Fraction 0-1) Decade)
West Madhya Pradesh 9132 1655 124 0.125 1.869
East Madhya Pradesh 9132 1394 102 0.115 0.062
Vidarbha 9132 1582 84 0.138 1.615
Chhattisgarh 9132 1173 97 0.075 -1.292
Average Tmax (“C) - IMD C - y an-Dec)

- Carat e g - ebrvary hey s

G G g - Marth dary T

-

Rt

Fig. 1: Monthly mean T (°C) over IMD Central India (Jan-Dec) from the IMD 1° x 1° gridded archive, showing the pre-monsoon peak and

monsoon cooling.

Proposed Approach

To predict the heatwave for the focused area under study,
a detailed approach is discussed phase-wise presented in Fig. 3 with
end-to-end workflow to generate heatwave predictions over IMD
Central India from daily maximum temperature (T ).

max-

The approach has six phases: (i) retrieve IMD gridded
T .. (ii) preprocess and fill missing values, (iii) apply the Central

India spatial mask, (iv) split the time series into meteorological
seasons, (v) train forecasting models to predict next-day T _,
and (vi) convert predicted T __ into heatwave-day predictions
using IMD-consistent rules and event persistence constraints. The
modelling is deliberately focused to one observable variable (T )
and it keeps the heatwave definition fully transparent and consistent
with operational practice over inland India (Satyanarayana &
Bhaskar Rao, 2020; Akaike, 1974).
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Heatwave Trends Across IMD Subdivisions (Central India)
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Fig. 2: Annual heatwave days (2000-2024) across the four IMD subdivisions within Central India
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Fig. 3: Overall workflow for T _ -based heatwave prediction over Central India

Data Source, Resolution, And Temporal Coverage

Daily maximum temperature (T, °C) is taken from
the IMD gridded daily temperature dataset at 1° x 1° resolution.
We use the 2000-2024 subset. The gridded fields are derived from
quality-controlled station observations and interpolated to a regular
grid (Srivastava et al., 2009). Data are ingested and converted into
analysis-ready NetCDF/Xarray format using IMD Python tools to

keep processing reproducible (Nandi ez al., 2022).
Region-Wise Data Extraction and Analysis Representations

The Central India mask is applied to the IMD national
grid to keep only grid cells within Central India. We use two data
representations. First, we compute a daily region-mean T series
across all selected grid cells; this single time series is used for

univariate forecasting with ARIMA/SARIMA and sequence models
(LSTM/GRU). Second, we retain the grid-level T__ series for all
Central India cells to apply IMD heatwave rules at the grid-cell level
and to confirm that region-day heatwave labels reflect spatially
consistent heating rather than isolated grid artifacts.

Data Cleaning

Invalid or missing data can cause inaccurate results, so
careful handling of missing or invalid is important in first step, we
treat placeholder entries like 99.9 as missing (NaN) in IMD T
data. The aim is to avoid manufacturing rare hot values from bad

max

inputs and keeping the time series usable for sequence model. In
next step, these values are filled with a regional-average daily
climatology value. These climatology values are computed over
1980-2010 temperature data for the same calendar day. These
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Table 2: Sensitivity of Central India heatwave labels to coverage threshold 0

0 (Grid-cell fraction) Heatwave Days

Heatwave Events

Mean Heatwave Coverage (fraction, 0-1)

0.05 449
0.10 305
0.20 137

99 0.18
66 0.24
36 0.35

climatology values replace the gap with temperature data that is
physically reasonable for that place and date. This process aligns
with how multi-decadal normals are commonly used in Indian heat
related work (Srivastava et al., 2022; Akaike, 1974). In the end,
simple range checks are applied to catch values that are unlikely
before training and heatwave labeling.

Grid-to-Region Link

Heatwave conditions are first computed at the grid-cell
level using the IMD HW/SHW rule. For each day, the fraction of
Central India grid cells flagged as HW/SHW is computed as the
coverage p(t). A day is treated as a regional heatwave day when
p(t) = 0 (here 6=0.10), and only spells of at least two consecutive
days are kept. This converts grid-wise labels into a single region-day
label that matches the regional-mean plots, while still ensuring that
each marked event is supported by spatially coherent heating across
the region.

Grid-Level IMD Heatwave Labeling Under Plains Criteria

Heatwave labels are constructed using IMD-style
operational logic based on T__ thresholds and departures from a
daily normal, along with intensity categories (India Meteorological
Department [IMD], n.d.). Since the Central India mask excludes
coastal subdivisions, plains criteria are applied.

For each grid cell, a daily “normal” T is computed
as the long-term day-of-year climatology (1980-2010). The daily
departure is computed as:

AT(l‘):Tmax(t)-Tmax,normal(t) (1)
A grid-cell day is labeled as Heatwave (HW) if it satisfies either:

1. Departure-based (plains): Toax (£) = 40° C and
45°C<ATH) <64 C, or

2. Absolute: T (8) = 45°

A grid-cell day is labeled as Severe Heatwave (SHW) if it satisfies
either:

1. Departure-based severe (plains): T (£) = 40° C and
45°C>ATEH <64 C

2. Absolute severe: T (2) = 47°
Regional aggregation, Minimum duration, and Sensitivity analysis

A day is labelled as a regional heatwave if p(?) > 6;
otherwise, it is non-heatwave. We use in the main experiments and
test & from 0.05 to 0.20 because IMD guidance does not define a
gridded region-level coverage threshold. As 6 increases, the number
of labelled heatwave days and events fall (449 days/99 events to 137

days/36 events), while mean coverage on labelled heatwave days
rises (0.180 to 0.350), indicating that stricter thresholds retain fewer
but more spatially extensive events (Table 2).

After aggregation, only heatwave spells lasting at least
two consecutive days are retained, consistent with common practice
in India heatwave studies (India Meteorological Department [IMD],
n.d.; Srivastava et al., 2022). Overall, =0.10, provides a practical
balance between spatial coherence and having enough events for
training and evaluation.

Example-Year Visualization of Central India Heatwave Labeling

To check whether labelling yields coherent multi-day
events during the expected hot season, an example year plot is used
which is shown in Fig. 4.

Heatwave days are marked using IMD criteria for plains
applied at the grid-cell level. Then it is aggregated to a regional
heatwave-day indicator using the two-day minimum duration rule.
2022 is selected as an illustrative year because it has the most
observed heatwave activity in 2000-2024, which makes the labeling
rule produce several clear multi-day spells for a quick visual check

Forecasting Models

Two model families, statistical models and recurrent neural
networks are used and tested under same seasonal division and same
evaluation windows. ARIMA and SARIMA are used as low-cost
baselines because daily T is strongly seasonal and autocorrelated.
These models keep the diagnostics and produce useful forecasts
(Aksoy et al., 2025). LSTM and GRU can learn nonlinear behavior.
These models can also learn multi-day persistence that often shows
up during hot spell using only univariate Tamx historical data
(Ratnam et al., 2023; He et al., 2022). Central India masking and
season wise design is kept fixed for fair comparison and to test
whether deep learning models add clear gains over seasonal linear
structure (Aksoy et al., 2025). Other options such as ETS/Prophet
and tree/boosting methods (RF/XGBoost/SVR) are not included to
avoid expanding the scope and because they often require additional
feature design or exogenous predictors for fair benchmarking; we
note them as future extensions.

Statistical Baselines

Statistical models ARIMA and SARIMA are used to
give classical baselines for univariate T _ forecasting. SARIMA
keeps seasonality in view by adding explicit seasonal terms, while
ARIMA serves as the simplest reference point when only short-
memory structure is needed.

When the temperature series is highly auto-correlated and
seasonally structured the selection of appropriate model orders is
done with a rule of thumb based on the information criterion (AIC)
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Fig. 4: Central India mean T __and heatwave days for year 2022

that balances goodness of fit with the complexity of the model
(Akaike 1974), and is considered as a modelling decision and not a
hidden tuning step, as the value of these baselines is as much in their
transparency as in their accuracy.

After the main autocorrelation, residual behavior is
checked to make sure that there is no remaining serial dependence
at lag 10 and 20, commonly used screeners for residual serial
dependence (Ljung & Box, 1978). The tests for residual stationarity
are also performed by ADF and KPSS tests, and the diagnostic
p-values along with a short explanation are provided in appendix
table S1 (Dickey & Fuller, 1979; Kwiatkowski et al., 1992). These
are all commonly automated forecasting workflows for maintaining
baseline tuning reproducibility (Hyndman & Khandakar, 2008;
Rohini & Rajeevan, 2023). Comparing with ARIMA, SARIMA
adds seasonal term with explicit period m and all other settings are
kept as same as in ARIMA. The ARIMA and SARIMA parameters
for the season-wise Central India T experiments are given in
Table 3. For reproducibility purposes it is included. The table also
shows the data protocol used for sharing data (T is the target
variable, season-based partitioning, chronological train-test split,
and climatology-based filling missing data), as well as the model
selection criterion.

The comparison remains fair between ARIMA and
SARIMA as both of them search candidate orders on a grid and the
winner of the search is the model with the lowest AIC on the training
period; differences in results due to tuning efforts are more likely
to be due to the model assumptions than to the tuning effort, if this
effort is not even (Akaike, 1974).

Deep Learning

Recurrent neural networks (RNN) are well suited to time-
series forecasting because they process data in sequence and can
retain information from earlier time steps, which helps capture
temporal dependence. RNN deep learning models GRU and LSTM
are used to learn nonlinear temporal dependence and multi-day
persistence from T sequences (Hochreiter & Schmidhuber, 1997;
Cho et al., 2014; Hou et al., 2022; Kan et al., 2025; Li et al., 2023;
Choudary et al., 2025). The input to each model is a rolling window
of the previous N days of T _(with N=30), and the target is next-day
T .- The recurrent layer output is mapped to the forecast through
a linear regression head. Inputs are scaled using parameters fit on

the training period only, and predictions are transformed back to °C
before evaluation. Architecture and training configuration of deep
learning models, LSTM and GRU used for next-day forecasting of
Central India regional-mean T _ is given in Table 4.

This supports reproducibility and state main design
choices. Look-back window(N) of 30 days and train-test split of
80/20 is used in current implementation, and the network layer
layouts. Both models are trained to predict univariate sequence on
the same region-mean T__ series from Central India mask. Any
difference in performance is mainly due to recurrent architecture
and model capacity rather than data handling or inputs. The time
order is preserved during training (no shuffling). T is scaled
before training and the same scaling is applied to validation and
test. Dropout is not used in the final run; generalization is controlled
through chronological validation and early stopping. The input
window is set to 30 days to capture short-term persistence and
multi-day build-up typical of heat spells while keeping the input
length stable. Two recurrent layers (64 units each) are used as a
balance between capacity and overfitting risk, consistent with
common practice in temperature sequence forecasting (Hochreiter
& Schmidhuber, 1997; Hou et al., 2022; Aksoy et al., 2025).

RESULTS AND DISCUSSION
Training and Evaluation

Time-ordered splits are used to preserve causality in all
experiments. For each season, first models are trained and then
tested. Statistical models are fit only on the training segment and
generate forecasts on the test segment. Fig. 5 shows the training
and validation loss curves for LSTM and GRU. Hyperparameter
settings are kept constant across all seasons for fair comparison
within page constraints of the study. Mini batch optimization is used
to train recurrent models. Recurrent model validation is performed
using held-out tail of the training period when required for early
monitoring.

Models are trained using chronological validation and
early stopping based on validation loss. Heatwave-day predictions
are derived from model outputs by applying the same heatwave
definition used for observed labels. Specifically, predicted T__ is
passed through the IMD-consistent grid-level HW/SHW logic, then
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Table 3: ARIMA/SARIMA configuration and hyperparameter

Item ARIMA SARIMA
Model form ARIMA (p,d,q) SARIMA (p,d,q) (P,.D,Q,m)

Model selection
Non-seasonal bounds
Seasonal bounds
Seasonal period (m)
Constraints

AIC-min grid search (train)
p<5d<2,q<5
Not applicable
Not applicable
stationarity = False; invertibility = False

AIC-min grid search (train)
p<3d<2q<3
P<2, D<I, 0<2
Median seasonal samples/year.
stationarity = False; invertibility = False

Table 4: Hyperparameter and configuration of LSTM and GRU

Item LSTM GRU
Input window (30, 1) (30, 1)
Split (time-ordered) Train+Val first 80%, Test last 20%; Validation = last 20% of Train Same

2 layers: LSTM (64, tanh, return_sequences=True) — LSTM (64,

2 layers: GRU (64, tanh, return_sequenc-

Architecture es=True) — GRU (64, tanh) — Dense (32,
tanh) — Dense (32, ReLU) — Dense (1) ReLU) — Dense (1)
Optimizer Adam (Ir = 1x1073) Adam (Ir = 1x107?)
Batch size 32 32
Training control Up to 100 epochs; early stopping on val_loss (patience=6; restore Same

best)

aggregated to a Central India region-day label using 6=0.10, and
finally filtered using the minimum two-day event duration rule,
exactly as described in Section 3.4. This ensures that the event
prediction stage is deterministic and identical across models.

Two categories of evaluation metrics are used:

1. T forecasting accuracy: RMSE, MAE, and R2 are computed
on daily T forecasts. RMSE and MAE are both retained because
they summarize error differently, with RMSE giving more weight to
larger deviations (Ratnam et al., 2023).

2. Heatwave-day detection skill: Accuracy, precision, recall (POD),
and F1-score are computed from the region-day confusion matrix.
Heatwave days are less frequent than non-heatwave days. So,
precision-recall measures are highlighted as more informative
indicators of missed events and false alarms than accuracy alone
(Hodson, 2022). In the test split, heatwave days account for 305 of
1827 days (16.7%), and in the training split they account for 1408
of 7305 days (19.3%). Because accuracy can be inflated under class
imbalance, we report precision, recall (POD), F1, FAR and CSI
derived from the confusion matrix. Thresholds are selected using
chronological validation to avoid bias toward the majority

In this section, models are checked in two ways. First,
we look at how well they forecast daily temperature using RMSE,
MAE, and R2. Second, we check whether those forecasts translate
into correct heatwave-day decisions using event metrics like
accuracy, precision, recall (POD), and F1. Table 5 brings these
two views together so the comparison is not based on temperature
error alone. Table 5 gives the headline results, but it does not show
where mistakes happen. For that, Table 6 reports the train and test
confusion matrices along with FAR and CSI. This makes it easy
to see how many heatwave days are detected (TP), how many are

missed (FN), and how often the model raises false alarms (FP). On
this split, LSTM keeps the best balance, with strong recall while
holding false alarms at a manageable level, and it stays stable from
training to testing compared with the statistical baselines. Central
India T forecasting errors and ranking of all models is shown in
table 5.

ARIMA has the highest RMSE=4.5 °C and MAE =3.5 °C
errors. SARIMA improves both and has RMSE = 3.5 °C and MAE
=2.8 °C error values. SARIMA is consistent with strong seasonality
in T using AR and MA terms. Recurrent models outperform
statistical models. GRU achieves RMSE = 2.4 °C and MAE = 1.8
°C. LSTM further reduces the error to RMSE = 2.2 °C and MAE =
1.6 °C. Compared to ARIMA, LSTM reduces RMSE by 2.3 °C and
MAE by 1.9 °C. Results are indicating that gated networks capture
nonlinear persistence and longer temporal dependence beyond
differencing and seasonal adjustments. R’ along with heatwave-
day accuracy from the fixed labelling approach is shown in table
5. The R’ values match the error results and summaries explained
variance. ARIMA reaches R’=0.65, SARIMA improves to 0.75. R’
value for GRU is 0.88 and 0.92 for LSTM. Gains by SARIMA over
ARIMA confirms that seasonality drives much of the predictability
inregional T__ . Further improvement with GRU and LSTM suggest
that remaining variance comes from nonlinear short-term dynamics,
which are not captured by linear seasonal models.

Heatwave-day accuracy increases from 80%(ARIMA)
to 84.5%(SARIMA) for statistical models. This accuracy is further
increased by GRU to 91% and by LSTM to 93%. However, accuracy
alone is limited for heatwave prediction because heatwave days are
rarer than non-heatwave days. So, a conservative model can score
well by often predicting non-heatwave days. Therefore, event
metrics are given importance, and accuracy is used mainly to check
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Table 5: Overall performance summary on Central India (2000-2024)

Regional Heatwave Prediction Using Statistical and Deep Learning Models

June 2026

Model RMSE (°C) MAE (°C) R? Accuracy Precision Recall (POD) F1 Score
ARIMA 4515 3.567 0.654 0.801 0.410 0.449 0.429
SARIMA 3.521 2.827 0.754 0.845 0.529 0.620 0.571

GRU 2.432 1.841 0.882 0911 0.740 0.810 0.773

LSTM 2.223 1.683 0.924 0.928 0.751 0.849 0.797

Training vs Validation Loss (chroneological validation)
0.0175 —— LSTM train
. — LSTM val
0.0150 — GRU train
— GRU wval
. 0-0125 4
u—o_‘ 0.0100 -
v
= 0.0075
0.0050
0.0025
o 5 10 15 20 25 30 35
Epoch

Fig. 5: Training and validation loss curves for LSTM and GRU under chronological validation with early stopping.

that gains in event skill are not driven by broad misclassification
(Hodson, 2022).

Precision, recall (POD), and F1 score reflect false alarms
and missed events. The statistical baselines show weak event
discrimination. ARIMA achieves precision=0.40, recall=0.45
and F1 score=0.42. SARIMA perform better than ARIMA with
precision=0.52, recall=0.62 and F1=0.57. SARIMA’s higher recall
represents fewer missed heatwave days. SARIMA’s capability of
capturing seasonal baseline reduces warm-season bias and improves
detection around event onset. The recurrent models improve gains
in both missed-event reduction and false-alarm control. GRU
reaches precision = 0.74 and recall = 0.81 (F1 = 0.77), while LSTM
performs best with precision = 0.75 and recall = 0.84 (F1 = 0.79).
The rise in both, precision and recall suggest that LSTM and GRU
are able to separate sustained heatwave conditions from non-event
warm days under same IMD-consistent definition. Practically,
higher recall reduces missed warnings and precision limits false
alarms and warning fatigue. LSTM gives the best balance. GRU
remains a strong option with slightly lower F1 and typically lower
computational complexity in similar recurrent setting. Table 6
shows the train and test confusion-matrix results for all four models.
It makes the trade-off clear: LSTM keeps high detection skill on
the test set, while ARIMA and SARIMA miss more events and also
raise more false alarms.

Table 7 adds 95% confidence intervals for RMSE, F1 and
CSI on the test set, so the main results are shown with uncertainty,
not just single numbers. RMSE is reported in °C; F1 and CSI are
heatwave-day detection metrics. Confidence intervals are computed
using a 7-day moving block bootstrap with 2000 resamples.

On the test set, LSTM and GRU keep a similar recall (0.85
and 0.81) but LSTM has better precision and fewer missed days
overall. ARIMA performs weakest, mainly because false alarms are

high (FAR = 0.59), while SARIMA improves event detection but
still stays behind the deep models. Along with accuracy, precision/
recall and CSI are reported because the heatwave class is rare and
accuracy alone can be misleading. Along with TP/FP/FN/TN, Table
6 also lists the total observed and predicted heatwave days, so it
is clear whether a model tends to under-predict or over-predict
heatwave periods. Observed and LSTM-predicted regional-mean
T, for Central India during March-June 2024 is shown in Fig.
6. We show 2024 because it is the most recent out-of-sample year
in our dataset and provides a direct check of model behaviour on
current heat conditions. IMD-consistent pipeline (grid-level HW/
SHW, region-day aggregation with 0=0.10, and minimum 2-day
duration) is used to mark observed heatwave days.

Predicted heatwave days are derived from the predicted
regional-mean T using the same persistence rule. The plot aids
as a quantitative check that model capture the timing and multi-
days persistence of heat spells linked to heatwave events. Mandal
et al., (2019) assess extended-range heatwave prediction over India
(week-1 to week-4) using ACC for T and event metrics such as
SEDI and reliability, with skill decreasing as lead time increases
(Mandal et al., 2019). Ratnam et al., (2023) report that 10-day T _
anomaly prediction remains challenging in March and June (e.g.,
persistence ACC = 0.38; CFS ACC 0.72 in March and 0.62 in June;
best ML ACC 0.27 in March), which supports using short-horizon
regional baselines when the goal is day-to-day heatwave-day
warning (Ratnam et al., 2023).

The gap between ARIMA/SARIMA and GRU/LSTM
indicates both the T series structure and the heatwave labelling
rule.

1. Central India heatwaves last many days and cause sustained
warming. Recurrent networks learn dependencies over prior
days and can represent gradual build-up and persistence
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Table 6: Confusion matrix—based evaluation of heatwave detection models showing training and testing performance.
Model Split TP FP FN N Observed  Pred HW  Accuracy Precision Recall F1 FAR CSI
HW Days Days
ARIMA Train 634 910 774 4987 1408 1544 0.816 0.41 045 042 059 0.27
ARIMA Test 137 197 168 1325 305 334 0.797 0.41 045 043 059 0.27
SARIMA Train 873 775 535 5122 1408 1648 0.854 0.53 0.62 055 047 040
SARIMA Test 189 168 116 1354 305 357 0.800 0.53 0.62 057 047 040
GRU Train 1165 365 243 5532 1408 1530 0.891 0.74 0.81 0.75 026 0.64
GRU Test 247 87 58 1435 305 334 0.921 0.74 0.81 0.77 026 0.64
LSTM Train 1197 399 211 5498 1408 1596 0.92 0.75 0.85 083 025 0.68
LSTM Test 259 86 46 1436 305 345 0.926 0.75 0.85 080 025 0.69
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Fig. 6: Central India regional-mean T for the most recent out-of-sample year (March—-June 2024): observed vs LSTM-predicted T, with

heatwave-day markers

more directly than linear stochastic terms (Hochreiter &
Schmidhuber, 1997; Cho et al., 2014; Li et al., 2023; Hou et
al., 2022; Choudary et al., 2025). This helps with large recall
gains, better detection of events and continuation under the
same fixed definition.

2. Central India T _ is directly affected by changes in weather
systems that can cause sharp day-to-day changes around a
high seasonal baseline. Some linear models can capture the
seasonality. But these models struggle when the link between
recent history and next day temperature data is nonlinear.
Sequence models can capture this nonlinear mapping within
the same input window and have lower error rates.

3. Heatwave labelling is dependent on threshold and persistence.
So, when forecast error is dropped, fewer days are pushed to
the wrong side of the threshold under the same labelling rule.
This implies that there is a relationship between enhanced
regression skill and increased event F1, while not altering the
definition of heatwave. Fewer heatwave days classified under
an operational rule set for a lower temperature (Akaike, 1974;
Satyanarayan & Bhaskar Rao, 2020; Mandal et al., 2019; Das
et al., 2020).

Based on these results, two practical conclusions are drawn for a
region based baseline study:

1. SARIMA s a better baseline reference than ARIMA for Central
India T because modelling seasonality reduces error and
improves event recall. It qualifies to become the main linear
benchmark.

2. Overall LSTM is the best method for both the T regression
and heatwave day detection. It is the most appropriate model
for further development, calibration and multi-region-season
utilization.

The output of the heatwave-day is used as a regional risk
flag for agrometeorological advisories. India already has similar
short-term advisory services which translate forecasts into short-
term guidance for timely irrigation and farm operations (Rathore et
al., 2025; Nannewar et al., 2023). Heat spells in the central Indian
region are significant for wheat around March-April as brief duration
of heat around 35 °C during flowering and grain filling can cause
a significant reduction in yield (Talukder et al., 2014). Soybean
was reported to have similar heat sensitivity during its reproductive
stages (Alsajri e al., 2020) and cotton during flowering and boll
development under very high temperatures (Majeed et al., 2021).
For practical purposes, a region-level heatwave warning can support
decisions, including planning irrigation schedules to start earlier in
the hot spell, shifting labour-intensive tasks to cooler times of day,
and postponing stress-sensitive tasks to cooler days. The signal is
regional, so it is best used for early screening and then refined into
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Table 7: Uncertainty of test-set performance using 95% confidence intervals (block bootstrap)

Model RMSE (°C) RMSE 95% CI F1 (test) F195% CI CSI (test) CSI 95% CI

ARIMA 4.505 (4.364, 4.656) 0.429 (0.380, 0.476) 0.273 (0.235,0.312)
SARIMA 3.501 (3391, 3.618) 0.571 (0.525,0.615) 0.400 (0.356, 0.444)
GRU 2412 (2.336, 2.493) 0.773 (0.736, 0.807) 0.630 (0.582, 0.677)
LSTM 2213 (2.144, 2.287) 0.797 (0.761, 0.829) 0.662 (0.615, 0.709)

district- or crop-stage guidance where local information is available
(Rathore et al., 2025; Nannewar et al., 2023).

CONCLUSION AND FUTURE WORK

This work introduces a reproducible T _ -only framework
of predicting heatwave for Central India based on the IMD defined
label and region-day aggregation with sensitivity checking to derive
the threshold for heatwave with balanced coverage. The results
indicate that season-aware baselines provide improved forecasts,
and that the combined skill of predicting T and detecting heatwave
days is most promising with recurrent sequence models. This is
a practical limit for this baseline. While LSTM/GRU models are
black-boxes as they do not offer any physical interpretation, they do
need more compute to retrain than statistical models. Additionally,
the results may be sensitive to hyperparameters like window length
and number of hidden units, requiring careful validation. Future
studies could expand the baseline to cover the remaining areas of
IMD, as there will be consistent treatment of regional variations in
seasonality, thresholds, and event persistence under one evaluation
protocol. For the recurrent models, optimization can be targeted
to strengthen the models. An incremental learning setup can be
implemented, where the model can be updated gradually over each
year without retraining the model completely. This allows for better
utilization of existing long historical records, and will enable us
to evaluate and track, under the same leakage-safe protocol and
without changing the definitions of heatwaves, how well the model
performs over time (even if it adapts to the new conditions, retains
skill on previous seasons and years, or requires a longer training
time or more computation).
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