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Accurately forecasting near-surface temperature is essential for heatwave and cold-wave warnings and

impact-based decision support over India. Deterministic numerical weather prediction (NWP) models

show systematic, regionally varying biases that increase with lead times. To improve the reliability of

these forecasts, bias correction is essential. This study applies a multivariate machine-learning (ML) bias-

correction framework to location specific 2 m maximum (Tmax) and minimum (Tmin) temperature

forecasts from the operational NWP model at the National Centre for Medium Range Weather

Forecasting (NCMRWF). Data from 179 India Meteorological Department (IMD) stations covering the

period 2019–2024 were used. Four ML methods, Random Forest (RF), eXtreme Gradient Boosting (XGB),

Long Short-Term Memory (LSTM), and Convolutional Neural Networks (CNNs) were used for bias

correction of the forecasts at the 179 stations. The ML models were assessed using continuous metrics

like mean error (ME), root mean square error (RMSE), and correlation/Taylor diagnostics. Along with

these categorical skills for extremes, metrics like equitable threat score (ETS) and Heidke Skill Score (HSS)

(for Tmax $ 30/35 °C in MAMJ (March–June) and Tmin # 10/15 °C in DJF (December–February)), and

Relative Economic Value (REV) were used. It is found that ML post-processing substantially reduces bias

and error across stations and lead times. For Tmax, RMSE improvement increases with lead time, typically

∼10–15% at Day-1, ∼20–30% by Day-5, and frequently >30–40% (locally reaching ∼50–60%) by Day-9,

especially for XGB/LSTM. For Tmin, improvements are strongest: XGB improves RMSE by ∼25–40% at

Day-1, increasing to ∼40–60% by Day-7 to Day-9 across many stations. Categorical verification shows

consistent improvements in terms of higher ETS/HSS values after bias correction across most stations.

Winter Tmin shows large gains for both thresholds, particularly for Tmin # 15 °C. REV analysis indicates

that ML-corrected forecasts remain economically useful over a wider range of cost–loss ratios and

retain value at longer lead times compared to the raw model. Overall, XGB provides the most consistent

improvement across regions and metrics, RF is generally second-best, LSTM shows competitive

performance, particularly for Tmax and at longer lead times, while CNN performs worst. SHAP-based

analysis links the corrections to physically meaningful drivers, with Tmax corrections dominated by

boundary-layer/land-surface predictors and Tmin corrections dominated by radiative and synoptic controls.
Environmental signicance

India's varied climate—from arid deserts to humid plains and Himalayan cold fronts—makes reliable near-surface temperature forecasts vital for safety and
economic stability. Heatwaves during March–June claim lives and disrupt agriculture, while winter cold waves damage rabi crops and trigger health alerts.
Operational NWPmodels at NCMRWF, crucial for IMD warnings, suffer biases such as summer Tmax overestimation and winter Tmin underestimation, reducing
skill beyond Day-3. Traditional bias-correction methods oen miss extremes and regional variability. This study applies advanced ML frameworks (RF, XGB,
LSTM, CNN) to station forecasts, improving thresholds, reducing RMSE by up to 60%, enhancing ETS/HSS, and extending reliability—supporting scalable,
equitable forecasting across India's IMD network.
r Forecasting, Ministry of Earth Sciences,

.ncmrwf@gmail.com

Development, Banaras Hindu University,

y the Royal Society of Chemistry
1. Introduction

In recent years, particularly over the last decade, the intensity
and frequency of extreme temperature-related events, such as
heatwaves, have increased signicantly. These extremes usually
result in substantial socio-economic impacts, including
increased mortality, heightened energy demand, and
Environ. Sci.: Adv.
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agricultural losses. In India, heatwaves predominantly affect the
northwestern, central, and peninsular regions during the pre-
monsoon months of March to June.1,2 Accurate temperature
forecasts are therefore essential for timely warnings, informed
decision-making, and effective disaster preparedness and
mitigation.

Over the past two decades, signicant advances in numerical
weather prediction (NWP) systems, driven by improvements in
model dynamics, physical parameterizations, data assimilation
techniques, and increased computational capacity, have
enabled increasingly high-resolution forecasts of near-surface
meteorological variables, including temperature. Despite these
advancements, NWP models exhibit both systematic biases and
random errors in their forecasts arising from various sources,
including initial-condition errors, uncertainties in land-surface
processes, and physical parameterizations.3–6 During extreme
temperature events such as heatwaves and cold spells, even
relatively small forecast biases can substantially affect the
timing, intensity, and reliability of warnings, thereby limiting
the effectiveness of forecast-based decision support.

To address these limitations, statistical post-processing
techniques have been widely applied to improve the quality of
temperature forecasts.7–12 Over India, several studies have
demonstrated the effectiveness of statistical bias-correction
approaches for operational temperature forecasts.13–16 They
have shown signicant improvements in forecast accuracy.
While these methods are robust and computationally efficient,
they generally correct biases in a single predictand and do not
explicitly account for the inuence of other environmental or
meteorological variables.
1.1 Bias correction using ML

Machine learning (ML) approaches offer a exible multivariate
framework for temperature bias correction by allowing the
incorporation of additional predictors, such as humidity, wind,
precipitation, and other land-surface variables that inuence
surface temperature. Because atmospheric variables interact
nonlinearly across spatial and temporal scales, correcting
a single variable in isolation can introduce inconsistencies. For
example, interdependencies among temperature, humidity,
and wind mean that adjusting one variable without accounting
for the others may disrupt the energy balance and atmospheric
dynamics. A multivariable framework is therefore essential to
preserve physical coherence while improving accuracy, and the
importance of using multiple predictors for bias correction has
long been recognized.17,18

ML-based methods have the potential to learn complex, non-
linear relationships between forecast errors and environmental
conditions, thereby further improving forecast accuracy for
variables such as temperature, particularly under diverse
climatic regimes and extreme conditions. These methods are
now well established in the literature and have been success-
fully applied to temperature bias correction. For example,
Niazkar et al.19 corrected the biases in temperature data ob-
tained from the European Centre for Medium-Range Weather
Forecasts (ECMWF) Re-Analysis 5 (ERA5) Land reanalysis at 10
Environ. Sci.: Adv.
stations in northern Italy using nine ML techniques and found
that XGB was the best-performing standalone model, while K-
nearest-neighbor ensembles achieved the best results at most
stations. Guo et al.20 applied bias correction to wind forecasts
from the ECMWF Integrated Forecasting System (IFS) Cycle
46r1 and demonstrated that incorporating upper-air variables
with low-resolution training data improved surface forecast
accuracy while reducing computational effort. Recently, Singh
et al.21 applied ML-based bias correction to station-level Tmax

and Tmin data from the Indian Monsoon Data Assimilation and
Analysis (IMDAA) reanalysis over the Indian land region and
demonstrated that RF and XGB consistently outperformed
other methods in reducing Tmax and Tmin biases across most
Indian stations. Veldkamp et al.22 in their study demonstrated
that by incorporating spatial patterns from NWP grids, CNN
produced more skillful probabilistic wind speed forecasts. This
showed that spatial feature extraction can add value in post-
processing frameworks. However, such spatially aware
approaches require gridded training datasets and considerably
greater computational resources as compared to station-based
post-processing methods.

Although these studies highlight the potential of ML-based
multivariable bias correction, comprehensive implementations
remain relatively underexplored. Several studies23–25 suggest
that such approaches better capture interactions among atmo-
spheric parameters and lead to improved bias-correction
performance.

In recent times there has been an emergence of AI-based
weather prediction (AIWP) systems such as Pangu-Weather,26

GraphCast,27 and ECMWF's AIFS.28 These models, for some
variables, can show skill comparable with the traditional NWP
models. Trotta et al.29 showed that post-processing frameworks
originally developed for NWP can be applied directly to AIWP
models without modication and can yield comparable accu-
racy. However, most meteorological centres use traditional
NWP systems for operational forecasting. NCUMG is currently
the primary operational model for temperature forecasts over
India, and correcting its biases through ML methods has value
for forecasters.
1.2 Objective of the study

At the National Centre for Medium Range Weather Forecasting
(NCMRWF), the operational deterministic forecasting system is
the NCMRWF Unied Model Global (NCUMG), which is based
on the UK Met Office Unied Model. NCUMG has a horizontal
resolution of approximately 12 km with 70 vertical levels and
provides forecasts up to 10 days. Further details about the
model are presented in Section 2.3. Despite its advanced
conguration, systematic biases in near-surface temperature
forecasts persist, motivating the need for effective post-pro-
cessing strategies.

The primary objective of this study is to correct systematic
biases in 2 m maximum and minimum temperatures (Tmax and
Tmin) from NCUMG across 179 stations over India using
a multivariate machine learning (ML)-based bias-correction
framework. The specic objectives are as follows:
© 2026 The Author(s). Published by the Royal Society of Chemistry
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� This study aims to quantify forecast biases in Tmax and Tmin

at the station level for representative lead times (Day-1 to Day-9),
particularly during the summer (MAMJ) and winter (DJF)
seasons, and to capture regional and seasonal variability in
model errors.

� Apply ML-based bias-correction methods at the station
level to generate bias-corrected, location-specic forecasts and
enhance the operational usability of NCUMG outputs for
temperature monitoring, warnings, and decision support.

The study employs four ML techniques: Random Forest
(RF),30 eXtreme Gradient Boosting (XGBoost),31–33 Convolutional
Neural Networks (CNN),21,34,35 and Long Short-Term Memory
(LSTM).36,37

The analysis is based on NCUMG forecasts and corre-
sponding station observations over India (Fig. 1) for the period 1
Fig. 1 Orography of the Indian land region showing the seven tempera
circles).

© 2026 The Author(s). Published by the Royal Society of Chemistry
January 2019 to 31 December 2024, with a lead time of up to 9
days. In addition to temperature, the predictor set includes
surface variables (Table 1) such as accumulated precipitation
(APCP_24), 10 m wind speed (WS10m), 2 m relative humidity
(RH2m), soil temperature (TSOIL1m) 0–0.1 meter below the
ground, and other relevant meteorological variables and upper
air variables (Table 2), such as geopotential height (HGT500),
relative humidity (RH850), air temperature at 850 hPa (T850),
and horizontal & vertical wind components at 850 hPa (U850,
V850).

The manuscript is structured as follows: Section 2 describes
the datasets, study region, and predictor selection; Section 3
outlines the methodology; Section 4 presents the results and
discussion; and Section 5 provides the conclusions.
ture-homogeneous regions and locations of the 179 IMD stations (red
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Table 1 List of the surface variables used as predictors in the training set for bias correcting Tmax and Tmin forecasts from NCUMG

Surface variable Variable description Unit

APCP_24 24 hour accumulated precipitation mm
APCP_12z Accumulated precipitation valid at 12z mm
DSWRF Downward shortwave radiation at the surface W m−2

PRMSL_msl Mean sea level pressure reduced to MSL Pa
RH2m Relative humidity at 2m %
T2m Temperature at 2 m °C
TSOIL1m Soil temperature 0–0.1 m below the ground K
U10m Zonal wind at 10 m m s−1

V10m Meridional wind at 10 m m s−1

ULWRF_surf Upward longwave radiation ux at the surface W m−2

TMIN_OBS Observed daily minimum temperature °C
TMAX_OBS Observed daily maximum temperature °C
AVG_WIND_OBS Observed average daily wind speed m s−1

RF_OBS Observed daily rainfall mm
TMAX_FCST Raw model forecast of daily maximum

temperature
°C
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2. Study area and datasets

This section provides a detailed description of the observed and
forecast datasets used in this study, the study regions, and the
selection of predictor variables.
2.1 Study area

There is a pronounced spatial variability in temperature over the
Indian land region due to its complex geography and climatic
diversity. To account for this heterogeneity, IMD has divided the
country into seven temperature-homogeneous regions based on
long-term climatology.38–40 These regions are as follows: North
(NI), North-Central (NC), North-East (NE), North-West (NW), East
Coast (EC), West Coast (WC), and South-Central (SC) (Fig. 1). The
NI mainly covers India's northernmost states (Jammu, Kashmir,
and Leh). In this region, temperatures range from very cold in
winter to mild during summer. The NC region represents central
India and is characterized by hot summers and cold winters with
frequent heatwaves. The NE region covers the eastern and
northeastern parts of the country and experiences mild to cold
winters and warm summers inuenced by the complex terrain.
The NW region experiences very hot summers (42–45 °C) and
mild winters (14–18 °C), while the EC andWC regions, close to the
coasts, experience warm conditions year-round (summer 28–34 °
C and winter 18–22 °C). The SC region covers the peninsular
interior and experiences moderate to high summer temperatures
(Tmax ∼34–38 °C) with relatively mild winters (Tmin ∼18–22 °C).
Fig. 1 also displays the geographical locations of the 179 IMD
stations used in this study, along with the terrain. The number of
stations is almost uniform across all seven regions, except for NI,
which has only 6.
2.2 Observations

Daily station-level Tmax and Tmin data were obtained from the
IMD archives for 2019–2024. Although IMD operates a large
observational network,41 only 179 stations possessed contin-
uous daily records of Tmax and Tmin spanning this entire period,
Environ. Sci.: Adv.
which coincides with the availability of NCUM forecasts. Stan-
dard quality control procedures were applied to the observed
dataset following Kothawale et al.42 and Srivastava et al.43 A
compound outlier criterion was adopted: a station day was
agged for removal only if the observed temperature simulta-
neously fell below the 1st or above the 99th percentile of the
station climatological distribution, and the daily anomaly
relative to adjacent days exceeded ±10 °C. Values satisfying the
percentile criterion alone but not the anomaly criterion were
retained, ensuring that physically plausible extreme tempera-
tures associated with heatwave and cold wave events are
preserved in the dataset. Cases where Tmax was lower than Tmin

were treated as missing and lled using the approach of
Kothawale et al.42 In this method the replacements are based on
the mean of neighboring days when the surrounding period (3–
4 days) exhibited relatively uniform conditions. Aer quality
control, daily Tmax and Tmin records for 179 stations were
retained for the period 2019 to 2024.

In Fig. 2, panels (a) and (g) depict themean observed daily Tmax

and Tmin, respectively, derived from the IMD high resolution daily
gridded temperature dataset at 0.5° × 0.5° resolution (∼50 km)
developed by Srivastava et al. (2009).43 Although this dataset is
available from 1969 onwards, the present study utilizes only the
2019–2024 period, consistent with the training and test data used
for ML bias correction. For Tmax (Fig. 2a), the highest climato-
logical values are observed over the NW, NC, and SC regions,
showing the high temperatures during the pre-monsoon season.
On the other hand, comparatively lower temperatures are
observed over NI, EC, and WC due to their elevations and mari-
time inuences. The Tmin climatology (Fig. 2g) exhibits a strong
north–south gradient, with lower temperatures over the NI, NW,
NE, and NC regions. The SC, EC, and WC regions show higher
Tmin values because they are closer to the coast.
2.3 NCUM forecast data

At NCMRWF, the NCUMG (V7) model is the operational weather
forecasting system with a horizontal resolution of ∼12 km and
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 IMD observed (a and g) and NCUM forecast Tmax (b–f) and Tmin (h–l) climatology during the period 2019–2024.
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70 vertical levels, extending to 80 km. It uses the “ENDGame”
dynamical core,44 which provides improved accuracy of the
solution of primitive model equations and reduced damping.
The Hybrid 4-Dimensional Variational (4D-Var) data assimila-
tion scheme is used to create the analysis of the NCUMG
model.45 A detailed description of the NCUM Hybrid 4D-Var
system is given in Kumar et al.46–48

2.3.1 Nature of biases in NCUMG. Fig. 2a and (g) show the
mean observed daily Tmax and Tmin, respectively, while Fig. 2b–f
and (h–l) illustrate the corresponding NCUMG climatological
forecasts for lead times of Day-1, Day-3, Day-5, Day-7, and Day-9,
for the period 2019–2024. Overall, NCUMG reproduces the
large-scale spatial patterns of the observed temperature clima-
tology reasonably well across all lead times. The pronounced
north–south contrast, with higher temperatures over the NC,
NW, and SC regions and relatively lower temperatures over the
© 2026 The Author(s). Published by the Royal Society of Chemistry
NE, NI, and coastal regions, is well captured by the model.
However, systematic biases are seen in both Tmax and Tmin, with
their magnitude and spatial structure evolving with forecast
lead time.

For Tmax, the Day-1 forecast (Fig. 2b) already shows an under-
prediction of approximately 2–3 °C over the NW and NC regions,
which are prone to heatwaves during the pre-monsoon season.
This cold bias persists and increases with lead time, reaching
approximately 4–6 °C over NC and SC by Day-9 (Fig. 2c–f). Over
NI, a cold bias is observed across all lead times. The EC and WC
regions show comparatively smaller Tmax biases, where the
moderating inuence of the ocean limits temperature vari-
ability and constrains forecast errors relative to the drier
continental interior.

For Tmin, the Day-1 forecast (Fig. 2h) shows a warm bias of
approximately 1–2 °C over the NC region, which persists and
Environ. Sci.: Adv.
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intensies at longer lead times, reaching approximately 2–4 °C
over inland regions by Day-9 (Fig. 2i–l). The NW region shows
a growing cold bias in Tmin with lead time. As for Tmax, EC and
WC regions again show comparatively smaller Tmin biases, due
to the moderating oceanic inuence on nocturnal temperatures
in these coastal zones.

While the annual-mean bias patterns provide useful infor-
mation about errors in Tmax and Tmin forecasts from NCUMG,
they do not convey any information about the seasonal behavior
of temperature. Temperature forecast errors exhibit seasonal
variations, particularly over India, where surface processes,
land–atmosphere coupling, and boundary-layer dynamics differ
substantially between summer and winter. To better under-
stand these effects, we have also examined seasonal mean bi-
ases for Tmax during the pre-monsoon season (MAMJ) in Fig. 3a–
e and for Tmin during the winter (DJF), as shown in Fig. 3f–j. The
gure shows that during MAMJ, Tmax forecasts exhibit a warm
bias over large parts of the NW, NC, and SC regions, with the
bias increasing from Day-1 (∼0.5–1 °C) to Day-9 (∼4–5 °C). This
contrasts with the annual-mean cold bias in Tmax (Fig. 2).
Conversely, during DJF, Tmin forecasts show a widespread cold
bias, particularly over NI, NC, and NW regions, which inten-
sies with lead time. As before, this behaviour differs from the
annual-mean warm bias in Tmin. The bias in Tmin also increases
(i.e., becomes more pronounced) with increasing lead time
from Day-1 (∼−1 °C) to Day-9 (∼−4 to −5 °C). A notable
exception is the NI region, which exhibits a strong negative bias
of approximately 3–5 °C in both MAMJ Tmax and DJF Tmin across
all lead times. This cold bias over NI is particularly persistent
Fig. 3 Mean biases (2019–2024) in the NCUMG forecasts March–June

Environ. Sci.: Adv.
and does not show the same lead time dependence seen in
other regions, suggesting a systematic underestimation likely
linked to the model's representation of orographic and
boundary layer processes in this complex terrain region.

Overall, these results demonstrate that annual-mean Tmax

and Tmin biases result from opposing seasonal error charac-
teristics. These temperature biases are closely linked to errors in
the model's representation of the underlying thermodynamic
processes, including surface energy balance, boundary-layer
evolution, soil–atmosphere interactions, and nocturnal radia-
tive cooling, which vary strongly between seasons over
India.21,49–51
2.4 Predictor selection

Predictor selection plays a key role in developing robust ML
models by capturing relevant physical relationships while
avoiding redundancy. An overly large predictor set can lead to
overtting52,53 and multicollinearity,54,55 thereby reducing
computational efficiency. In this study, predictors from the
NCUMG forecast were selected based on their ability to mini-
mize RMSE while preserving essential inter-variable
relationships.

The predictor set (Fig. 4) chosen in this study is presented in
Tables 1 and 2, this includes accumulated precipitation over 24
hours and at 12 UTC (APCP_24, APCP_12z), surface and top-of-
atmosphere shortwave and longwave radiation (DSWRF,
ULWRF_surf, ULWRF_top), and large-scale circulation indica-
tors such as sea-level pressure (PRMSL_msl) and 500 hPa
(a–e) for Tmax and December–February for Tmin (f–j).

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Flowchart of the methodology.
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geopotential height (HGT500). Parameters such as relative
humidity at 2 m and 850 hPa (RH2m, RH850), air temperature
at 2 m and 850 hPa (T2m, T850), soil temperature below the
© 2026 The Author(s). Published by the Royal Society of Chemistry
ground 0–0.1 m (TSOIL1m), and horizontal wind components at
10 m and 850 hPa (U10m, V10m, U850, V850) collectively
describe boundary-layer moisture, stability, and advection
Environ. Sci.: Adv.
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Table 2 List of the upper air variables used as predictors in the training set for bias correcting Tmax and Tmin forecasts from NCUMG

Upper air variable Level Variable description Unit

HGT500 500 hPa Geopotential height m
RH850 850 hPa Relative humidity %
T850 850 hPa Air temperature K
U850 850 hPa Zonal wind m s−1

V850 850 hPa Meridional wind m s−1

ULWRF_top TOA Upward long wave radiation ux at the top of the atmosphere W m−2
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patterns. Additional station-based predictors, such as daily Tmin

(TMIN_OBS), Tmax (TMAX_OBS), average wind speed (AVG_-
WIND_OBS), and observed rainfall (RF_OBS), are also used to
bias-correct the target variables, i.e., Tmax and Tmin from
NCUMG forecasts. While correcting the Tmax forecasts, TMI-
N_OBS is used as one of the predictors and vice versa.

The NCUMG forecast dataset, along with the observations, is
then split into training and test sets, with the training set
including forecast and observation data from 2019 to 2022 for
each station. Tmax and Tmin forecasts from the remaining years
2023 and 2024 are used as the test set to evaluate model
performance aer bias correction.
3. ML techniques used for bias
correction

The methodology adopted in this study is illustrated in Fig. 4.
Four ML methods were applied for bias correction: RF, XGB,
CNN, and LSTM. All ML models were trained independently for
each station and lead time combination, resulting in a separate
trainedmodel for each of the 179 stations across lead times Day-
1 to Day-10. This station and lead time specic training strategy
ensures that each model captures the localised bias character-
istics of individual stations and the lead time dependent error
growth of the NCUMG. The selection of these methods is
motivated by Singh et al.,21 who evaluated a broader set of
models including RF, XGB, CNN, Support Vector Machines
(SVM), and Multiple Linear Regression (MLR) for correcting
station-level Tmax and Tmin biases in the IMDAA reanalysis over
India. It was found in their study that RF, XGB, and CNN
consistently outperformed MLR and SVM in handling the
nonlinear and multivariate nature of temperature biases. Since
both IMDAA and NCUMG are based on similar underlying
model physics and exhibit comparable error characteristics, RF,
XGB, and CNN are retained in the present study to assess their
effectiveness for bias correction of NCUMG temperature fore-
casts. Python was used to implement the above-mentioned ML
methods, with NumPy and Pandas for data handling, scikit-
learn56 for traditional ML algorithms, and TensorFlow/Keras for
deep learning model construction, training, and callbacks.

RF and XGB are well established ensemble and boosting
methods widely used for NWP bias correction.33,56–58 For RF,
hyperparameters were selected via grid search over the number
of trees (n_estimators ˛ {100, 200, 300}), maximum depth˛ {10,
15, 20}, minimum samples per leaf ˛ {5, 10, 15}, and maximum
features ˛ {2, 3, 4}, selecting the combination that minimised
Environ. Sci.: Adv.
validation RMSE for each station and lead time. For XGB, the
learning rate, maximum depth, and related tree parameters
were tuned using 5-fold cross-validation with early stopping
over up to 80 boosting rounds, aer which the nal model was
retrained on the full training set using the optimal parameter
combination, with L1 and L2 regularisation applied throughout
to prevent overtting.

The CNN architecture consists of two one-dimensional
convolutional layers with 32 and 16 lters respectively (kernel
size 3), followed by a dense layer with 32 units and a linear
output neuron. A dropout rate of 0.2 was applied aer the rst
convolutional block and the dense layer, with early stopping
and learning rate reduction on validation loss used to control
overtting. The CNNwas trained using the Adam optimiser with
a learning rate of 1 × 10−3, a batch size of 32, and up to 100
epochs.21,59 The LSTM architecture comprises one LSTM layer
with 64 hidden units, followed by a dense output layer (32 units
and a nal linear neuron), with a dropout rate of 0.2 applied
between the LSTM and dense layers; hyperparameters (number
of units, dropout, learning rate 0.001, batch size 32 and up to
100 epochs with early stopping) were selected by minimising
cross-validated RMSE on the training set.36,37 For all models,
hyperparameters were optimised on the 2019–2022 training
period and nal performance evaluated on the independent
2023–2024 test set.

3.1 Verication metrics

The performance of the raw NCUM forecast dataset and ML
models was compared using well-known metrics, such as ME
(over- and underestimation) and percentage improvement in
RMSE (magnitude of error). In addition to these metrics, we
have also analyzed the performance of the bias correction
models in predicting extreme Tmax and Tmin, using categorical
verication metrics like:

Equitable Threat Score (ETS) evaluates model performance
relative to random chance, with values ranging from −1 to 1
(perfect skill).7,60

Heidke Skill Score (HSS)61 measures overall forecast skill,
ranging from –N to 1 (perfect skill). For deterministic forecasts,
HSS is mathematically equivalent to Cohen's Kappa (CK).

Relative Economic Value (REV): the value of forecasts
depends on their ability to improve decisions, not just accu-
racy.62 Bias correction reduces errors but may not always
increase usefulness.63 The REV62 quanties usefulness across
cost–loss ratios: REV ranges from −1 (worse than using no
forecast) to 1 (perfect forecast).
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 (i) Region-wise mean SHAP (Shapley Additive Explanations) featuring the importance of predictor variables used for bias correction of
NCUMG daily TMAX forecasts during 2023–2024 across All India (a) and the seven homogeneous regions (b–h); and (ii) region-wise mean SHAP
(Shapley Additive Explanations) featuring the importance of predictor variables used for bias correction of NCUMG daily TMIN forecasts during
2023–2024 across All India (a) and the seven homogeneous regions (b–h).

© 2026 The Author(s). Published by the Royal Society of Chemistry Environ. Sci.: Adv.
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Fig. 5 (contd.)
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3.2 Interpretation of machine-learning bias correction using
SHAP

In this study, we also used SHAP (Shapley Additive Explana-
tions) to quantify each predictor's contribution to bias correc-
tion at individual stations. This helps explain why theMLmodel
applies a particular correction by linking the adjustment to
specic meteorological variables, thereby providing a physically
meaningful understanding of the bias patterns.64–66

3.2.1 SHAP-based drivers of Tmax bias correction. The SHAP
analysis reveals large-scale similarities but some regional
differences in the predictors controlling Tmax bias correction
across India (Fig. 5). Across all regions, T2m and T850 consis-
tently rank among the most inuential predictors, conrming
that boundary layer thermodynamics and large-scale thermal
structure play fundamental roles in regulating daytime Tmax

regardless of regional climate. The persistent importance of
observed Tmin further indicates that nocturnal thermal condi-
tions inuence subsequent daytime heating through soil heat
retention and boundary layer recovery.

In inland continental regions, NW, NC, and SC, TSOIL1m
emerges as a dominant predictor along with T850, indicating
strong land–atmosphere coupling under dry conditions where
daytime Tmax is closely tied to prior soil thermal state. These
regions also show appreciable contributions from radiative
uxes, consistent with clearer skies and stronger surface energy
exchanges. In contrast, coastal regions (WC and EC) show
reduced TSOIL1m importance and greater reliance on T2m,
ULWRF_surf, and observed Tmin, reecting the moderating
inuence of maritime air masses and cloud-modulated radia-
tive processes. The mountainous NI region shows both
TSOIL1m and T850 as jointly dominant, indicating orographic
boundary layer trapping and free tropospheric temperature
advection in complex terrain. The NE region shows relatively
higher contributions from radiative and humidity-related vari-
ables, consistent with frequent cloud cover and humid
boundary layer conditions.

Regions with a higher proportion of urban stations such as
NC and NW show greater importance of observed Tmax and Tmin,
showing thermal persistence associated with urban heat island
effects where built surface heat retention makes prior day
temperatures a strong predictor of subsequent maxima. Rural
and forested regions such as NE show comparatively lower
observed temperature importance, consistent with more effi-
cient overnight thermal recovery under natural land cover.

3.2.2 SHAP-based drivers of Tmin bias correction. The SHAP
analysis for Tmin is presented in Fig. 5b. Across all regions,
ULWRF_surf and T850 are consistently the dominant predic-
tors, conrming that nocturnal radiative cooling and large-scale
atmospheric thermal structure are the primary controls for
Tmin. The frequent importance of PRMSL_msl further reects
the inuence of synoptic-scale circulation on nighttime
stability, i.e., anticyclonic conditions favour clear skies and
enhanced radiative cooling, while low-pressure systems
promote cloudiness and moisture that suppress nocturnal
cooling. Misrepresentation of these pressure patterns in the
model may therefore directly translate into Tmin.
© 2026 The Author(s). Published by the Royal Society of Chemistry
In inland regions, NW, NC, and SC, Tmin bias correction is
strongly inuenced by ULWRF_surf, PRMSL_msl, T850, and
TSOIL1m, showing the combined role of strong radiative cool-
ing under clear skies and soil heat storage and release during
nighttime hours in dry climates. Urban stations in NC and NW
additionally show higher importance of observed Tmax, consis-
tent with urban heat island effects where daytime heat retention
in built surfaces elevates nocturnal temperatures. In NI,
ULWRF_surf and T850 dominate, due to strong nocturnal
radiative cooling and free tropospheric temperature advection
in complex mountainous terrain where boundary layer stability
is strongly modulated by orography. Across NE, humidity and
precipitation-related predictors contribute along with
ULWRF_surf and PRMSL_msl, because of frequent cloud cover
and humid boundary layer conditions that can modulate
nocturnal cooling.

Along both WC and EC, Tmin corrections are primarily gov-
erned by ULWRF_surf and PRMSL_msl with additional contri-
butions from observed Tmax and T2m, indicating strong
coupling between daytime heating and nighttime temperatures
under maritime conditions where enhanced moisture
suppresses radiative cooling and reduces the role of soil-related
variables.
4. Results and discussion

This section presents detailed verication of the bias-corrected
NCUMG forecasts obtained from each of the methods dened
above. The verication uses standard metrics, such as RMSE
and ME, to assess the magnitude of errors before and aer bias
correction in the test set. We have also conducted a categorical
verication of the test set using verication scores such as ETS.
Finally, to assess improvement in the bias-corrected results, we
have also calculated the Relative Economic Value (REV) for both
the Tmax and Tmin forecasts. While all lead times were analysed,
some of the results are presented for the All-India region at
representative lead times (Day 1, 3, 5, 7, and 9) to maintain
clarity and brevity. The detailed results are presented below.
4.1 Improvement in ME, RMSE, and correlation

To evaluate the performance of the bias-correction methods,
ME (over- or underestimation) and RMSE, which measures the
magnitude of error, were analysed for the raw and post-pro-
cessed forecasts. Fig. 6 and 7 show boxplots of ME for Tmax and
Tmin, respectively, for Day 1–10 forecasts over All India (AI) and
the seven homogeneous regions.

4.1.1 ME in Tmax. For Tmax (Fig. 6), the raw NCUMG fore-
casts exhibit systematic biases that generally increase with lead
time, with both the magnitude and sign varying across regions.
Over AI, NW, NC, and SC, the raw forecasts show a gradual
warm bias at longer lead times, whereas persistent cold biases
are seen over the EC and WC regions.

All bias-correction methods reduce the ME across regions
and lead times, although their effectiveness varies. For AI
(Fig. 6a), LSTM yields the median ME closest to zero across all
lead times (typically within ±0.1 °C). In contrast, RF and XGB
Environ. Sci.: Adv.
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Fig. 6 Regionwisemean error (°C) (a) all India region (AI), (b) northwest (NW), (c) north east (NE), (d) north central (NC), (e) north India (NI), (f) west
coast (WC), (g) east coast (EC), and (h) south central (SC) for NCUM model TMAX forecast during 2023–2024.
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show a small but consistent negative bias, with median ME
generally around −0.2 to −0.4 °C, but with a tighter inter-
quartile range (IQR) of about ±0.3–0.5 °C compared to the raw
Environ. Sci.: Adv.
model. CNN consistently underestimates Tmax with median ME
oen between −0.5 and −0.8 °C and exhibits a wider spread,
with the IQR frequently exceeding±0.8–1.0 °C, indicating larger
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 7 Regionwise mean error (°C) (a) all India region (AI), (b) northwest (NW), (c) north east (NE), (d) north central (NC), (e) north India (NI), (f) west
coast (WC), (g) east coast (EC), and (h) south central (SC) for NCUM model TMIN forecast during 2023–2024.
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variability in the residual errors. Over NW (Fig. 6b), RF, XGB,
and LSTM show comparable median ME values close to zero
(within ±0.2 °C). However, XGB exhibits the smallest spread,
© 2026 The Author(s). Published by the Royal Society of Chemistry
with an IQR of about ±0.3–0.4 °C, compared to RF and LSTM
where the spread is slightly larger (±0.5–0.7 °C), indicating
more consistent bias correction by XGB across stations and lead
Environ. Sci.: Adv.
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Fig. 8 Improvement in RMSE (%) for NCUM model TMAX forecast during 2023–2024.
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times. In the NE region (Fig. 6c), XGB performs best, aligning
the median ME close to zero, while RF underestimates and
LSTM overestimates Tmax. A similar behaviour is seen over NC
Environ. Sci.: Adv.
and NI (Fig. 6d and e), where XGB most effectively centres the
ME around zero, whereas RF shows underestimation and LSTM
overestimation with comparatively larger spread. The raw
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 9 Improvement in RMSE (%) for NCUM model TMIN forecast during 2023–2024.
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NCUMG forecasts exhibit a clear warm bias, with the median
ME increasing from about +0.2 °C at Day-1 to nearly +1.0 °C by
Day-10. Aer bias correction, all ML methods shi the median
© 2026 The Author(s). Published by the Royal Society of Chemistry
ME below zero, indicating over-correction into a cold bias.
Among them, LSTM remains closest to zero (z−0.1 to−0.3 °C),
while RF and XGB show slightly stronger negative biases
Environ. Sci.: Adv.
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(z−0.2 to −0.5 °C). CNN exhibits the largest cold bias and
wider spread (<−0.5 °C). Although the ML methods substan-
tially reduce the spread compared to the raw forecasts, none is
able to fully remove the bias over this region due to this
tendency to overshoot into negative ME. In the coastal regions,
WC and EC, the raw forecasts show strong cold biases. OverWC,
LSTM performs best by bringing the median ME close to zero,
while the other ML methods continue to underestimate Tmax.
Across EC, all ML methods reduce bias but continue to show
underestimation; LSTM remains closest to zero, particularly at
shorter lead times, whereas RF and XGB are farther from zero.

Overall, the ME analysis indicates that ML-based post-pro-
cessing substantially reduces systematic Tmax biases, with clear
regional differences in model performance. XGB performs best
in the inland and northern regions (NW, NE, NC, and NI), where
it most effectively centres the ME around zero, whereas LSTM
provides better bias reduction in the coastal and southern
regions (WC, EC, and SC). Among all methods, CNN consis-
tently performs worse, with larger residual biases and greater
spread.

4.1.2 ME in Tmin. For Tmin (Fig. 7), the raw NCUMG fore-
casts display strong regional contrasts in bias structure. Over AI
(Fig. 7a), the raw forecasts show a persistent cold bias of about
−0.5 to −1.0 °C, which increases with lead time. Similar cold
biases are evident over NW, NC, EC, and SC, where the median
ME typically ranges between −0.5 and −1.5 °C by Day-10. In
contrast, NI, WC, and NE show a clear warm bias, with median
ME values between +0.5 and +1.5 °C, indicating overestimation
of nighttime temperatures in these regions.
Fig. 10 Taylor diagram analysis of TMAX forecasts showing correlation, n
the raw NCUMG forecasts andML-based bias-corrected forecasts (RF, XG
9 over (a) All India (AI), (b) East Coast (EC), (c) North-Central (NC), (d) Nort
(SC), and (h) West Coast (WC).

Environ. Sci.: Adv.
All ML-based methods substantially reduce these biases.
XGB consistently brings the median ME closest to zero across
regions and lead times, typically within±0.2 °C, and also shows
the smallest spread, with an IQR within ±0.3–0.4 °C. RF and
LSTM also reduce bias but tend to retain a slight cold bias (−0.2
to −0.6 °C) across most regions, with a wider IQR of approxi-
mately ±0.5–0.8 °C, indicating greater variability compared to
XGB.

Unlike Tmax, where model performance varies by region, Tmin

bias correction is clearly dominated by XGB, which most
effectively centers the ME around zero irrespective of region.
The raw Tmin biases also show greater heterogeneity than Tmax:
warm biases over NI, WC, and NE and cold biases over NW, NC,
EC, and SC, which may be attributed to the different physical
controls on nighttime cooling. These regional contrasts
emphasize upon the importance of variable-specic and region-
aware bias-correction strategies.

4.1.3 Tmax RMSE improvement. Fig. 8 indicates that XGB
and LSTM yield the largest reductions in RMSE, while CNN
provides minimal benet, consistent with earlier error analyses.
The gure also shows that RMSE improvements are modest at
short lead times and increase with forecast lead time, consistent
with the growth of systematic biases observed in Fig. 2 and 3.
This is evident from the Day-1 plot over NC and SC (Fig. 8k),
where most stations show limited RMSE improvement (∼10–
15%) as the raw forecasts already have relatively smaller errors
at short lead times. By Day-5, RMSE improvements strength-
ened across these regions, with many stations exhibiting gains
of ∼20–30%, particularly for LSTM and XGB. By Day-9, there is
substantial improvement across several stations, frequently
ormalized standard deviation, and centered root mean square error for
B, LSTM, and CNN) at lead times Day-1, Day-3, Day-5, Day-7, and Day-
h-East (NE), (e) North India (NI), (f) North-West (NW), (g) South-Central

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 11 Taylor diagram analysis of TMIN forecasts showing correlation, normalized standard deviation, and centered root mean square error for
the raw NCUMG forecasts andML-based bias-corrected forecasts (RF, XGB, LSTM, and CNN) at lead times Day-1, Day-3, Day-5, Day-7, and Day-
9 over (a) All India (AI), (b) East Coast (EC), (c) North-Central (NC), (d) North-East (NE), (e) North India (NI), (f) North-West (NW), (g) South-Central
(SC), and (h) West Coast (WC).
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exceeding 30–40% and even reaching 50–60%, especially in SC.
This progressive increase in RMSE improvement with lead time
conrms that ML-based bias correction is most effective when
systematic errors have had time to accumulate, whereas its
impact is naturally limited at shorter lead times where biases
are smaller. Similar results are also observed over other regions,
like NE and coastal regions.

4.1.4 Tmin RMSE improvement. For Tmin (Fig. 9), all ML
methods show a clear improvement in RMSE relative to the raw
forecasts, with stronger and more spatially coherent gains than
those seen for Tmax. XGB consistently provides the largest RMSE
improvements across almost all regions and lead times. Even at
short lead times (Day-1), XGB shows improvements of about 25–
40%, which further increase to 40–60% by Day-7 to Day-9,
particularly over NC, NW, and SC regions. This indicates that
XGB is effective not only at longer lead times but also when the
initial bias magnitude is relatively small in the case of Tmin.

In contrast, LSTM and RF show a clearer dependence on lead
time. At Day-1, RMSE improvements from LSTM and RF are
generally modest, mostly within 10–25%. As lead time
increases, the improvements from both methods increase,
reaching 30–45% by Day-7 and Day-9 over several stations,
especially over the NC and SC regions. This behaviour is
consistent with the increasing magnitude of Tmin biases at
longer lead times, where ML-based correction has greater scope
to reduce errors.

The CNN method again shows the weakest performance,
with limited and spatially inconsistent improvements, rarely
exceeding 20–25% even at longer lead times.
© 2026 The Author(s). Published by the Royal Society of Chemistry
This analysis shows that, unlike Tmax, where improvements
increase primarily at longer lead times, the bias correction in
Tmin using XGB is effective across all lead times, whereas RF and
LSTM show progressively larger gains as lead time increases.
This indicates that Tmin errors are easier to correct using
multivariate, nonlinear approaches, especially tree-based
methods such as XGB.

4.1.5 Correlation and variance analysis. Fig. 10 and 11
present Taylor diagrams for Tmax and Tmin, respectively, across
the eight regions for lead times of 1, 3, 5, 7, and 9 days,
summarizing the combined behavior of correlation, normalized
standard deviation, and centered RMSE (cRMSE) relative to
observations. In each panel, the reference point (black star at
unit standard deviation and correlation of one) denotes the
observed Tmax/Tmin, while the distance of model points from
this reference indicates the magnitude of pattern error given by
cRMSE.

4.1.5.1 Tmax. Across the AI region, the raw NCUMG forecasts
lie close to the unit-standard-deviation arc, indicating realistic
variability, but are farther from the reference point, showing
lower correlation and higher cRMSE, with correlation
decreasing with lead time. ML-based methods shi the fore-
casts closer to the reference by reducing cRMSE and improving
pattern agreement, although with slight under-dispersion (s <
1) indicative of mild smoothing. The ML methods show similar
behaviour across lead times over the AI region.

Across NI, EC, and NE, the raw forecasts are overdispersed (s
> 1), exhibit low correlation, and have high cRMSE. ML
correction increases correlation, reduces variability toward the
observed level, and lowers cRMSE. Over NC and SC, the raw
Environ. Sci.: Adv.
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Fig. 12 Heatmap of the ETS difference between model and raw for Tmax exceeding 30 and 35 °C during MAMJ 2023–2024. (a) All India region
(AI), (b) northwest (NW), (c) north east (NE), (d) north central (NC), (e) north India (NI), (f) west coast (WC), (g) east coast (EC), and (h) south central
(SC).
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forecasts are under-dispersive, and ML methods improve
performance by increasing variability. Over NW, where the raw
forecasts already show realistic variability, ML correction
improves pattern agreement by increasing correlation and
reducing cRMSE. Over WC, ML post-processing improves
correlation and cRMSE but introduces additional smoothing
due to lower variability. However, XGB performs best in this
region, achieving the highest correlation and the lowest cRMSE
among all methods.

4.1.5.2 Tmin. For the AI region, the raw NCUMG Tmin fore-
casts lie close to the unit-standard-deviation arc but exhibit
Fig. 13 Heatmap of the HSS difference between model and raw for Tmax

(AI), (b) northwest (NW), (c) north east (NE), (d) north central (NC), (e) nort
(SC) for NCUM model TMAX forecast during 2023–2024.

Environ. Sci.: Adv.
lower correlations, resulting in higher cRMSE. ML-based post-
processing shis the forecasts closer to the reference point by
increasing correlation and reducing cRMSE, albeit with
a modest reduction in variability (s < 1), indicating slight
smoothing. Among the methods, XGB achieves the highest
correlation and lowest cRMSE, while CNN performs worse than
the raw forecasts.

Over EC, NI, and WC, the raw forecasts show overdispersion
(s > 1), reduced correlation, and larger cRMSE. ML correction
improves performance by increasing correlation, reducing
variability toward unity, and lowering cRMSE. Over NE, NW,
exceeding 30 and 35 °C during MAMJ 2023–2024. (a) All India region
h India (NI), (f) west coast (WC), (g) east coast (EC), and (h) south central

© 2026 The Author(s). Published by the Royal Society of Chemistry
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and SC, the raw forecasts already exhibit variability comparable
to observations, and ML-based methods primarily improve
pattern agreement by increasing correlation and reducing
cRMSE. In contrast, across NC, the raw forecasts are under-
dispersive, and most ML methods introduce overdispersion,
accompanied by reduced correlation and increased cRMSE.
Overall, XGB emerges as the most effective method for Tmin bias
correction across regions.

From the above analyses, it is evident that while ME and
RMSE quantify the overall reduction in forecast errors, the
Taylor diagrams provide additional insight into how ML-based
post-processing redistributes errors between variability and
pattern agreement. ML correction is most effective in regions
where the raw model exhibits excessive variability or weak
correlation, but may introduce over-smoothing or over-disper-
sion where the raw variability is already well represented. These
diagnostics explain the pronounced regional dependence and
the contrasting behaviour observed between Tmax and Tmin.
4.2 Categorical verication

ME and RMSE quantify average forecast errors but do not fully
capture performance for temperature extremes. Hence, cate-
gorical verication is carried out using seasonally relevant
thresholds for India (Tmax $ 30 and 35 °C during MAMJ, and
Tmin # 10 and 15 °C during DJF) to assess skill for warm days
and cold nights. Results are shown as heatmaps of score
differences (bias-corrected minus raw). Additionally, REV is
computed to evaluate the economic benet of bias correction
for decision-making.

4.2.1 ETS for Tmax. Fig. 12 shows the ETS difference (Model
– RAW) for Tmax $ 30 °C and 35 °C from Day-1 to Day-10 across
regions during March–June. Positive values indicate improved
categorical skill aer bias correction.
Fig. 14 Heatmap of the ETS difference between model and raw for Tmin

(b) northwest (NW), (c) north east (NE), (d) north central (NC), (e) north Ind

© 2026 The Author(s). Published by the Royal Society of Chemistry
For Tmax $ 30 °C, over the AI region, RF and XGB show
consistent improvements of 0.20 to 0.26, while LSTM gives 0.19
to 0.23. Over NW India, XGB shows the best improvement with
differences in ETS ranging from 0.17 to 0.23, this is followed by
RF 0.16 to 0.20, and LSTM 0.15 to 0.19. Over SC and NC,
improvements are moderate, ranging from 0.10 to 0.20, and
they increase with lead time. In contrast, NE and NI show only
very small gains (0.00 to 0.08). For this threshold, large gains are
seen over WC, with XGB showing an improved ETS ranging
from 0.31 to 0.35 across all lead times.

For Tmax $ 35 °C, the magnitude of improvement reduces
and becomes more region-dependent. Over AI, EC, NC, NW, SC,
and WC, ETS gains range from +0.05 to +0.17, with NC showing
a clear increase with lead time. However, over NE and NI, several
methods show near-zero or negative differences (−0.02 to
−0.12), indicating that bias correction does not consistently
improve skill for higher Tmax in these regions.

Across both thresholds and nearly all regions, XGB and RF
consistently provide the largest ETS improvements, while CNN
shows the least benet and frequently exhibits negligible or
negative changes.

4.2.2 HSS for Tmax. Fig. 13 quanties the HSS improvement
aer bias correction for Tmax $ 30 °C and $35 °C during
March–June. For the 30 °C threshold, very large gains are
evident over the WC region, where XGB, RF, and LSTM improve
HSS by about 0.35 to 0.44 across lead times. Over AI, consistent
gains of 0.19 to 0.24 are seen for XGB and RF, with LSTM being
slightly lower (0.17 to 0.22). Over NW, improvements of 0.14 to
0.20 occur, while NC and SC show gains of 0.10 to 0.27 which
increase with lead time. In contrast, NE and NI show only
marginal improvements, typically # 0.06. For the higher
threshold of 35 °C, the magnitude of improvement decreases
across all regions, with gains generally in the range 0.05 to 0.18
over AI, EC, NC, NW, SC, and WC. Over NE and NI, several
methods show near-zero or negative differences (−0.03 to
exceeding 10 and 15 °C during DJF 2023–2024. (a) All India region (AI),
ia (NI), (f) west coast (WC), (g) east coast (EC), and (h) south central (SC).

Environ. Sci.: Adv.
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Fig. 15 Heatmap of the HSS difference between model and raw for Tmin exceeding 10 and 15 °C during DJF 2023–2024. (a) All India region (AI),
(b) northwest (NW), (c) north east (NE), (d) north central (NC), (e) north India (NI), (f) west coast (WC), (g) east coast (EC), and (h) south central (SC).
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−0.12), indicating limited benet of bias correction for more
extreme heat conditions. Across both thresholds, XGB and RF
provide the most consistent HSS improvement, while CNN
exhibits the weakest performance.
Fig. 16 REV diagram for raw and bias corrected Tmax forecasts during MA
Day 07 and (e) Day 09.

Environ. Sci.: Adv.
4.2.3 ETS for Tmin. Fig. 14 presents the ETS difference for
Tmin # 10 and 15 °C from Day-1 to Day-10 across regions during
winter. The improvements are strongly threshold-dependent.
For the 10 °C threshold, ETS gains are moderate across most
regions, and are in the range 0.10 to 0.35, with XGB and RF
MJ 2023–2024 for the lead times (a) Day 01, (b) Day 03, (c) Day 05 (d)

© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 17 REV diagram for raw and bias corrected Tmin forecasts during DJF 2023–2024 for the lead times (a) Day 01, (b) Day 03, (c) Day 05 (d) Day
07 and (e) Day 09.
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showing the most consistent improvements. Over NW and AI,
gains remainmodest but steady, while over SC, NC, and NE they
increase gradually with lead time.

In contrast, for the 15 °C threshold, larger improvements are
seen in ETS. Over WC, SC, NC, NE, EC, and NI, XGB shows gains
of +0.40 to +0.60 across lead times, with RF also showing
substantial improvements. These regions correspond to areas
where the raw model exhibits strong systematic biases, and ML
correction substantially improves the skill. Even over NW,
improvements for this threshold remain consistently positive.
CNN shows smaller gains compared to the other methods.

4.2.4 HSS for Tmin. Fig. 15 shows the HSS difference which
is similar to the ETS results for Tmin. For Tmin # 10 °C, HSS
improvements are moderate, generally between 0.10 and 0.35,
with XGB and RF providing consistent gains across regions and
lead times. For Tmin # 15 °C, the HSS gains become highly
pronounced. Over WC, SC, NC, NE, EC, and NI, XGB frequently
achieves improvements of 0.45 to 0.65, indicating better
performance of the model in predicting higher Tmin during
winter season. RF shows similar but slightly smaller gains,
while CNN provides the least improvement.

These results show that ML-based bias correction, particu-
larly using XGB, is effective in improving the model's ability to
correctly identify winter cold-night conditions across India,
especially for themore climatologically frequent threshold (#15
°C).
© 2026 The Author(s). Published by the Royal Society of Chemistry
These sections show that ML-based bias correction, espe-
cially using XGB (and RF), substantially improves the model's
ability to correctly identify warm and cold temperature events,
as seen by consistent positive ETS and HSS differences across
most regions and lead times. The improvements are greatest in
regions where the raw model has poor categorical skill, partic-
ularly for winter Tmin and summer Tmax over WC, EC, NC, and
SC, while gains are smaller in regions where the raw variability
and skill are already reasonable (NE and NI).

4.2.5 Relative economic value. Bias correction may lead to
a reduced economic value of forecasts, particularly when it
introduces over-smoothing of the data. In such cases, extreme
events may be inadequately represented, leading either to
unnecessary precautionary actions (incurring avoidable costs)
or to missed events (resulting in high losses). This is closely
linked to the discrimination ability of the model, i.e., its
capacity to distinguish between extreme and non-extreme
events.67

4.2.5.1 REV for Tmax. Across all lead times, the ML-corrected
forecasts, particularly from XGB and RF, consistently provide
higher REV (Fig. 16) than the raw model for both thresholds
(Tmax $ 30 °C and $ 35 °C). For the 30 °C threshold, the raw
forecast shows positive value only over a narrower range of cost/
loss ratios (z0.4–1.0), whereas bias-corrected forecasts yield
positive values across a much wider range (z0.2–1.0). A similar
pattern is observed for the 35 °C threshold, where bias
Environ. Sci.: Adv.
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correction not only expands the range of cost/loss ratios for
which the forecasts are decision-useful, but also increases the
peak economic value. As lead time increases (Day-01 to Day-09),
the value of the raw model decreases, whereas the ML-based
forecasts retain meaningful economic value, demonstrating
that post-processing not only reduces statistical error but also
extends the relevance of the models for decision-making even at
longer lead times. It is seen that XGB and RF yield the highest
REV values at all lead times, followed by LSTM. CNN performs
worse than the other ML models.

4.2.5.2 REV for Tmin. For Tmin (Fig. 17), the value diagrams
show a much stronger separation between the raw and ML-
corrected forecasts than for Tmax. The raw NCUMG forecasts
provide useful economic value only over a limited range of cost/
loss ratios (#0.8 for Day-01 and Day-03 lead times), and this
range narrows further with lead time, along with the peak value,
particularly for Tmin # 10 °C. In contrast, forecasts obtained by
using XGB and RF substantially increase both the maximum
REV and the range of cost/loss ratios over which the forecasts
remain useful for decision making across all lead times.

XGB shows the highest REV as compared to all models for
both Tmin # 10 °C and 15 °C. A notable feature is the atness of
the XGB curve, indicating that the forecast retains high
economic value regardless of user cost/loss preferences. This is
associated with strong discrimination and low false alarm rates,
indicating that the model correctly identies cold-night events
without frequently triggering unnecessary actions.

5. Conclusions

In this study, we have sought to correct the systematic biases in
NCMRWF Unied Model (NCUMG) Tmax and Tmin forecasts
across India usingmachine learning (ML)-based bias-correction
frameworks. Using a comprehensive station network and
multivariate predictor set derived from NCUMG forecasts,
several ML methods, including Random Forest (RF), eXtreme
Gradient Boost (XGB), Long Short-Term Memory (LSTM), and
Convolutional Neural Network (CNN), were evaluated for their
ability to correct forecast errors across different climatic regions
and lead times. The effectiveness of these methods was
assessed using continuous, categorical, and decision-oriented
verication metrics, enabling a comprehensive evaluation of
how bias correction improves not only forecast accuracy but
also forecast usability. The salient conclusions drawn from this
study are presented below:

SHAP analysis conrms that the predictors driving bias
correction are physically consistent with known daytime and
nighttime temperature processes, lending interpretability to the
ML framework and providing condence in the physical basis of
the corrections applied. ML-based bias correction substantially
reduces mean error and RMSE for both Tmax and Tmin across all
regions and lead times, with improvements becoming more
pronounced at longer lead times where raw model biases grow.
Among the four methods evaluated, XGB consistently emerges
as the best performing method across regions and lead times,
particularly for Tmin, followed by RF, LSTM, and CNN respec-
tively. Analysis based on Taylor diagrams further shows that ML
Environ. Sci.: Adv.
correction improves not only error magnitude but also corrects
both over-dispersion and under-dispersion present in the raw
NCUMG forecasts. Categorical verication using ETS and HSS
shows large positive skill improvements across most regions
and lead times, particularly for winter Tmin and summer Tmax

over WC, EC, NC, and SC where the raw model has weak skill,
while regions such as NE and NI show comparatively smaller
categorical improvements as the raw model already represents
temperature variability reasonably well in these areas. REV
analysis conrms that ML-corrected forecasts remain useful
over a much wider range of cost/loss ratios and retain economic
value at longer lead times, unlike the raw model whose value
diminishes rapidly beyond Day-3. The results clearly show that
ML-based bias correction, with XGB emerging as the most
consistently skilful method, delivers meaningful improvements
in accuracy, categorical skill, and economic value across diverse
climatic regions and lead times, offering a practically viable and
immediately deployable enhancement to operational Tmax and
Tmin predictions over India. It is worth noting that the LSTM
and CNN architectures as implemented here operate on a single
predictor vector per lead time at each station independently and
therefore do not fully exploit their temporal sequencing and
spatial feature extraction capabilities. Earlier studies and our
own recent work have shown that under comparable station
level tabular predictor conditions, tree-based methods perform
at least as well as neural network approaches, a nding our
results are entirely consistent with. The real promise of LSTM
and CNN for this problem lies in autoregressive implementa-
tions combining past observations with forecast sequences and
spatially aware CNN frameworks incorporating geographic
information such as orography and land cover. Work is already
underway at NCMRWF to develop an advanced ML framework
combining CNN with statistical methods for gridded Tmax and
Tmin bias correction from operational NWP models, building
directly on the baseline this study has established.

This study demonstrates that ML-based bias correction,
particularly using XGB, enhances forecast accuracy, categorical
skill, and economic value thus providing an improved Tmax and
Tmin prediction across India. It is worth noting, however, that
LSTM and CNN as implemented here operate on a single
predictor vector per lead time at each station independently,
and therefore do not fully exploit temporal sequencing and
spatial feature extraction. The potential of LSTM and CNN can
be fully realised through temporally aware autoregressive
implementations and spatially aware frameworks incorporating
geographic elds such as orography and land–sea mask. Work
is ongoing at NCMRWF to develop a hybrid ML framework
combining CNN with statistical methods for gridded Tmax and
Tmin bias correction from operational NWP.
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