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Abstract 

We evaluate and compare two downscaling methods for reproducing observed temperature 
statistics across weather stations in India: (i) a dynamical downscaling approach using the 
Weather Research and Forecasting (WRF) model, and (ii) an Empirical–Statistical 
Downscaling (ESD) method. Both methods are driven by the same global climate model, 
CESM1-CAM4, allowing a consistent evaluation. Owing to its computational efficiency, the 
ESD method is also applied to the full CMIP5 multi-model ensemble to explore a broader 
range of climate futures. 

Our analysis includes multi-scale evaluation at global, regional, and local levels, with a focus
on seasonal and annual mean air temperature. Once validated, both methods are used to 
assess projected temperature changes at national and station scales. Despite a modest cold 
bias in WRF simulations (less than 0.5°C), both downscaling approaches project annual 
warming of approximately 1.5±0.5°C by 2041–2060 and 3.0±1.0°C by 2081–2100 under 
RCP8.5. Seasonal warming may reach up to 10°C in parts of India, indicating significant 
potential impacts on health, agriculture, and infrastructure. 
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1 Introduction

The exploitation of fossil energy sources, and the associated emission of CO2 into the atmo-
sphere, has over time resulted in global warming (Stocker et al., 2013). The way global warming
affects society varies from place to place. In India, for instance, people have already experienced
more frequent deadly heatwaves, such as one in 2015, which killed thousands of people across
the country (Nageswararao et al., 2020).

Undoubtedly, India is under pressure to mitigate climate change, but it also needs to adapt
to increased temperatures and associated consequences (Dileepkumar et al., 2018; Rohini et al.,
2019; Kumar et al., 2023a). Even if greenhouse gas emissions were reduced, delayed effects
of historic emissions due to the thermal inertia of the world oceans would continue to warm
the planet for a long time (Kovats and Akhtar, 2008). One conclusion of a recent special report
from the Intergovernmental Panel on Climate Change (IPCC) was that it may still be possible to
avoid a future climate that is more than 1.5 °C warmer than pre-industrial times, although this
seems increasingly unlikely (Allen et al., 2018). Nevertheless, countries such as India need to
take immediate measures to adapt to a new climate (Dhara et al., 2020).

1.1 Historical Temperature Trends in India

There have been various studies published on historical trends in mean temperature over In-
dia (Ji et al., 2014; Gutiérrez et al., 2021). For example, Lal (2003) examined Indian meteorological
data from more than 25 weather stations over the period 1881–2001 and found a significant an-
nual mean warming rate of approximately 0.5–0.7 °C per century over the last hundred years.
Another study by Arora et al. (2005), based on recorded temperatures at 125 stations distributed
across India, also indicated that the annual mean temperature had increased by 0.42 °C during
the last century with seasonal mean temperatures increasing by 0.94 °C for the post-monsoon
season (October–November) and by 1.1 °C for the winter season (December–February). Their
study also revealed stronger warming in southern and western India, by about 1.06 and 0.36 °C
per century, respectively, and even negative temperature trends down to −0.38 °C per century in
northern areas of the Indian plains. Later, Sanjay et al. (2020a) confirmed these findings based on
a much denser meteorological network including more than 300 stations. They pointed out that,
over the last century, temperatures increased by about 0.9 and 1.1 °C per century during winter
and post-monsoon seasons, respectively, whereas during pre-monsoon (March–May) and mon-
soon (June–September) months, the warming was less pronounced—about 0.3 °C and 0.4 °C
per century—with strong geographical variations. Kothawale et al. (2005) also revealed a sub-
stantial acceleration in historical trends over India, noting that during the more recent decades
(1971–2003), the warming rate increased to approximately 2.2 °C per century, significantly higher
than the trend over the past hundred years. A recent high-resolution assessment by Kumar et al.
(2023a) further confirmed widespread warming over India, highlighting intensifying trends during
the post-monsoon and winter seasons. A more recent work by Ravindra et al. (2024) shows that
India has already experienced its hottest years on record (2016 and 2020) and projects a fur-
ther rise in summer temperatures by 3–5 °C by 2100 under high-emission scenarios. The study
emphasizes significant intensification of heatwaves, driven by both regional warming and large-
scale atmospheric dynamics, with particularly severe impacts expected in northern and central
India. Additionally, recent studies based on CMIP6 projections have provided updated insights
into temperature changes over India. For instance, Shukla et al. (2024) found that under high-
emission scenarios, extreme heat conditions in India are likely to intensify significantly by the end
of the century, with critical implications for human health and agriculture. Similarly, Kumar et al.
(2023b) highlighted a substantial increase in surface temperature variability over India, empha-
sizing the need for targeted adaptation measures. Patel et al. (2023) demonstrated that CMIP6
models capture the observed warming trends over India better than previous model generations,
particularly for extreme temperature events. Moreover, Verma et al. (2023) found that regional
temperature projections from CMIP6 scenarios show a stronger agreement with observed trends,
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suggesting higher confidence in future temperature projections under various emission scenar-
ios. Increasing temperatures in India will likely have dire consequences for various sectors, such
as health, agriculture, and transport (IPCC, 2012). Thus, reliable local estimates of future changes
in temperature are needed for impact studies to facilitate adaptation and mitigation measures.

1.2 The Need for Downscaling in Climate Studies

Global climate models are our best means for providing an outlook of plausible future climate
outcomes (IPCC, 2001), however, they are limited in terms of their ability to provide details about
regional and local scales (Takayabu et al., 2015). Hence, downscaling continues to be used as
a key approach to provide local climate information that better fits the requirements of impact
studies (Benestad, 2016). The need for downscaling can be attributed to the coarse resolution
of global climate models and simplifications of complex processes, which are necessary due to
the high computational demand of global climate simulations. All climate models have a mini-
mum skillful scale (Takayabu et al., 2015), and the main rationale for downscaling is to use the
large-scale aspects that the global climate models are able to skillfully simulate and combine
it with information on how the local-scale aspects depend on the large scales and the ambient
geography.

There are two widely used techniques of scaling down large scale climatic features to regional
or local scales: Empirical-Statistical downscaling (ESD) and Dynamical Downscaling (DD). On the
one hand, ESD-based methods establish statistical connections between predicted local climate
variables, such as recorded temperatures at weather stations, and atmospheric climate variables
or indices derived from or modeled at the large scale (resolution of about a few hundreds of
kilometers). On the other hand, Dynamical downscaling uses regional climate models (RCMs)
based on thermodynamic principles and physical processes typically simulated on high spatial
resolution (∼ few tens of kilometers or less). Both methods include local geographical features
such as topography, distance to the coast, etc.

Various ESD methods have been used to downscale and project the temperature for different
catchments across India. For instance, Ghosh and Mujumdar (2008) applied statistical down-
scaling based on sparse Bayesian learning and Relevance Vector Machine to model stream flow
at river basin scale for the monsoon period. Another study of Anandhi et al. (2009) applied a sup-
port vector machine to scale down surface temperature to the catchment of Malaprabha reservoir
in the Karnataka state of India. Later, Goyal and Ojha (2012) developed statistical downscaling
models using Linear Multiple Regression (LMR) and artificial neural networks to produce projec-
tions of mean monthly maximum and minimum temperatures for the Pichola lake catchment
in Rajasthan State in India. Mahmood and Babel (2013) evaluated statistical models for down-
scaling temperature and precipitation in the upper Jhelum river basin underparts of Pakistan
and India. Recently, Duhan and Pandey (2015) developed various statistical downscaling mod-
els to produce projections of monthly maximum and minimum air temperature for three stations
in Tons River basin, a sub-basin of the Ganges River in Central India. All the above mentioned
studies have applied statistical downscaling to isolated or small catchments in India and it is
challenging to draw a general picture of future temperature trends in India due to the variety of
data sets, time periods, methods, and case studies used. Parallel to the ESD applications, sev-
eral model studies based on dynamical downscaling on a regional scale over India have been
performed using different Regional Climate Models (RCMs).

Several multi-model RCM experiments covering the region of India have been performed,
most of them in the framework of the Coordinated Regional climate Downscaling Experiment
(CORDEX, Giorgi et al. (2009)). Such studies include several models, mostly run on 50 km reso-
lution; RegCM4 (Giorgi et al., 2012), HadRM3 (Jones, 2004), COSMO-CLM (Steppeler et al., 2003;
Velásquez et al., 2020), SMHI-RCA4 (Samuelsson et al., 2011), REMO (Jacob et al., 2012), LMDZ4
(Sabin et al., 2013), and CCAM (Evans et al., 2016). On the one hand, Mishra Vimal et al. (2014);
Mishra et al. (2018) and Varikoden et al. (2018) focused on the past using re-analyses data as
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boundary conditions to validate their models and explore the added value of regional downscal-
ing. For instance, Mishra et al. (2018) found that RCMs generally improve the spatial distribu-
tion of surface air temperature during JJAS season albeit negative biases in the magnitude after
downscaling reaching down to 5 °C in some areas. They also found strong spatial variations
of the projected temperatures with higher changes in the northernmost parts of Indian land, the
Himalayan foothills, and northeastern parts of India. On the other hand, Kumar et al. (2013) in
addition to simulations of the past, projected future climate in a 25 km resolution. Adopting the
SRES A1B emission scenario they estimated warming over India to be about 1.5 °C and 3.9 °C
at the end of 2050 and the end of the 21st century, respectively, with respect to the base period
1970-1999. The RCM studies of the future mentioned here have downscaled a variety of GCMs.
Also, Coppola et al. (2014) and Giorgi et al. (2014) studied average and extreme climate from
1970 to 2100 with the RegCM4 model (Giorgi et al., 2012) with a resolution of 50 km using the
Representative Concentration Pathways RCP4.5 and RCP8.5 (van Vuuren et al., 2011) . Using the
same model and time period, Dash et al. (2015) estimated that towards the end of this century
the Indian subcontinent will warm up by 4 to 5 °C compared to 1975-2004, relatively more on the
western side. Bal et al. (2016) assessed projected minimum and maximum temperature changes
over India using the PRECIS regional climate model in a resolution of 25 km and assuming emis-
sion rates provided within the special report on emission scenarios (SRES) A1B. They projected
an overall increase in maximum temperature within the range 2.5 °C to 4.4 °C, also by the end of
this century, with respect to the baseline period 1975-2005. More recently, Sanjay et al. (2020b)
has confirmed those changes based on a larger downscaled ensemble of global (CMIP5) and re-
gional (CORDEX–South Asia) climate models using both physic and statistic based approaches.
They found that, relative to the period 1976–2005, the mean surface air temperature over India is
projected to be in the range of 1.4–4.4°C by 2070–2099, regardless of the radiative concentration
pathway. Furthermore, the Weather Research and Forecasting (WRF) model has been widely ap-
plied for long-term climate simulations over India. For example, Sharma et al. (2021) analyzed
the model’s performance in simulating extreme heat events, while Choudhury et al. (2021) high-
lighted its utility in capturing regional monsoon variations. Additionally, Rao et al. (2018) and
Kumar et al. (2012b) utilized the WRF model for high-resolution projections over different Indian
subregions, demonstrating its reliability in assessing future climate conditions.

In this study, we performed and evaluated a set of experiments based on two downscaling
methods, each employing a variety of data sets, applied to the entire Indian peninsula. Firstly,
the Weather Research and Forecasting (WRF) model (Skamarock and Klemp, 2008) was used
to downscale historical and future climate over India. The WRF model in climate mode has pre-
viously been used in historical studies over India of a few selected years, such as Kumar et al.
(2012a) studying climate and chemistry in 2008, and Devanand et al. (2018) investigating the con-
ditions during the three contrasting monsoon rainfall years 1994 (excess rainfall), 2002 (deficit),
and 2010 (normal). Secondly, the ESD method proposed by Benestad et al. (2016) was used,
which also has demonstrated skillful predictions across various European regions and elsewhere
both in terms of spatial and temporal distributions of temperatures at the local scale (Benestad,
2011). The strength of this method is that it builds on common ground between GCMs and
reanalyses data sets both in space and time via establishment of common Empirical Orthogo-
nal Functions (common-EOFs) that are further used along with appropriate regression models
to downscale future global climate scenarios at individual sites. Benestad et al. (2015) showed
that the method is improved by application to an entire set of weather stations across a region.
Finally, to evaluate the robustness of the temperature change signal over India, the ESD projec-
tions of temperature were compared with the results of dynamical downscaling of the same GCM
simulations using the WRF-CAM4 model with a horizontal grid resolution of 45 km and 15 km,
respectively, and interpolated to meteorological weather stations across India.
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1.3 Research Framework

To address the challenges of projecting regional temperature changes and their implications
for the Indian peninsula, this study employs a comprehensive research framework involving mul-
tiple datasets, three levels of evaluation (global, regional, and local), and two distinct downscaling
methods.

The foundation of this study is the integration of multiple datasets, including observational
meteorological data, reanalysis datasets, and outputs from global climate models (GCMs). These
datasets provide a robust basis for analyzing historical and future climate conditions across
the Indian peninsula and are essential for validating and comparing the downscaling methods.
The study incorporates three levels of evaluation: global, regional, and local. At each level, the
datasets and downscaled results are adapted accordingly to ensure specificity in the analysis.

Two complementary downscaling methods are employed in this study. The first is the Weather
Research and Forecasting (WRF) model (Skamarock and Klemp, 2008), a dynamical downscal-
ing approach used to simulate historical and future climate conditions. WRF simulations are
conducted at horizontal resolutions of 45 km and 15 km and are interpolated to meteorologi-
cal weather stations to enable evaluation at the local scale. The second method is Empirical-
Statistical Downscaling (ESD) as proposed by Benestad et al. (2016), which leverages statistical
connections between GCM outputs and local meteorological data. ESD projections are gridded
to the same spatial resolution as WRF to allow for consistent comparison across regional and
local scales. This ensures that each level of evaluation—global, regional, and local—is conducted
with tailored datasets and downscaled results.

The downscaled temperature projections are evaluated across the Indian peninsula, spanning
both historical and future climate scenarios. These evaluations enable an assessment of the
robustness of temperature change signals at local and regional scales, highlighting the ability of
each method to reproduce observed trends and project future changes.

Finally, the results from the two downscaling methods are compared to assess their reliability
and robustness in producing actionable temperature projections. This research framework pro-
vides a systematic approach to evaluating downscaling methods and their applicability in climate
impact studies, with implications for adaptation strategies in key sectors such as agriculture,
health, and water resources.

1.4 Organization of the MET Report

This MET report is organised as follows. Section 2 presents the various types of climate data
sets used in the study. The downscaling methods and experiments used to produce projected
temperature are described in Section 3. Results of our study are described in Section 4 followed
by a discussion and some conclusions presented in sections 5 and 6, respectively.

2 Data sets and climate simulations

2.1 Meteorological Weather Stations in India

The analysis of historical temperature trends in this study was based on the daily mean tem-
perature derived from recorded daily minimum and maximum temperatures at a selection of
weather stations across India. The selection was based on the criteria that the data (i) were open
access, (ii) 30-years minimum length, and (iii) covering the recent period 1986–2005. The mean
temperature values were calculated as the average between daily minimum and maximum val-
ues at each individual weather station. The 31 weather stations that were selected are listed and
described in Table 1 and displayed on the map in Figure 2.

We used the ‘esd’ R-package developed at the Norwegian Meteorological Institute (Benestad
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et al., 2014) to, first, retrieve the time series from the Global Historical Climate Network - Daily
(GHCND) database (Menne et al., 2012) and, second, process and visualise the content of the
data. A PCA-based approach following Benestad et al. (2016) was used to fill in the gaps found
in the retrieved data sets (last column in Table 1) prior to downscaling.

2.2 IMD Gridded Dataset

The India Meteorological Department (IMD) provides station-based gridded temperature prod-
ucts that are widely used for climate studies and model evaluation over India. For this study, we
used the IMD gridded daily maximum and minimum temperature dataset developed by Srivas-
tava et al. (2009), which is a station-interpolated product at 1° × 1° resolution covering the Indian
landmass for the period 1969–2005. The dataset was created from 395 quality-controlled IMD
meteorological stations using a modified Shepard’s angular distance weighting algorithm (a vari-
ant of inverse-distance weighting). Cross-validation errors were reported to be less than 0.5 °C.

The IMD gridded temperature dataset is particularly advantageous for regional climate stud-
ies because it provides spatially complete, continuous fields derived from station observations,
even in regions with relatively sparse station coverage. Although different IMD products span dif-
ferent periods (e.g., the Srivastava et al. (2009) product covers 1969–2005), IMD also maintains
longer station records for certain variables and periods. The gridding procedures and quality con-
trol applied to these products are well-documented in IMD/MAUSAM materials and Srivastava
et al. (2009).

For this study, daily mean temperature was derived as the arithmetic average of daily maxi-
mum and minimum temperatures at each grid cell. The gridded data were used to validate down-
scaled temperature projections and to assess the models’ ability to reproduce spatial patterns
and temporal trends of historical variability. Widely used and evaluated in India-focused studies
of temperature trends, heatwaves, and regional variability (e.g., Pai et al., 2013; Kothawale et al.,
2005), the IMD gridded dataset’s station-based nature makes it suitable for comparisons with
reanalyses and station observations. This enables a comprehensive assessment of the perfor-
mance of dynamical and statistical downscaling methods over India.

2.3 Reanalyses data sets

Four reanalyses were used in the empirical-statistical and dynamical model calibration. We
extracted values of seasonal 2m air temperature (T2m) from the ERA-interim (Hersbach et al.,
2020) and ERA5 (Hersbach and Dee, 2016) reanalyses from the European Centre for Medium-
range Forecasts (ECMWF) and the Modern-Era Retrospective analysis for Research and Appli-
cations (MERRA) produced by NASA’s Global Modeling and Assimilation Office (Rienecker et al.,
2011). The seasonal mean T2m for the period 1979–2018 and the domain 55–100◦E/5–35◦N
were used to extract predictors for ESD model calibration and validation. The spatial resolution
of ERA5 is ∼32 km, substantially higher than for the ERA-interim reanalysis at 0.75◦ (∼78 km)
and MERRA (∼50 km). The oceanic region is included to provide boundary conditions for both
downscaling methods, as these rely on large-scale atmospheric variables as input/initial condi-
tions. However, for local-scale assessments, the oceanic region is excluded, as the evaluation is
based on station data over the landmass.

Reanalyses from the NCEP/NCAR Reanalysis Project (NNRP), developed by the National Cen-
ters for Environmental Prediction (NCEP) with a horizontal resolution of approximately ∼250 km
(Kalnay et al., 1996), were included primarily to set the boundary conditions for the WRF simula-
tions (see Section 3.1) and for evaluation purposes.

2.4 The CMIP5 global climate model ensemble

Global climate model (GCM) simulations of temperature from the Coupled Model Intercom-
parison Project phase 5 (CMIP5; Meehl et al. (2007)) were used to represent both historical and
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future climate conditions, forming the basis for downscaling temperature over India. Historical
simulations represent past climate conditions up to the year 2005, while future simulations are
driven by Representative Concentration Pathways (RCPs)–emission scenarios that outline pos-
sible trajectories of greenhouse gas concentrations to the year 2100.

The high-emission scenario (RCP8.5) was assumed in order to drive the regional and local
dynamical and empirical-statistical downscaling models (IPCC, 2013). In addition to the CMIP5
GCM ensemble, we performed a more detailed analysis of a single simulation of the Community
Earth System Model (CESM), which includes both historical and RCP8.5 future simulations.

2.5 The Community Earth System Model – Community Atmosphere Model version 4

Meteorological initial and boundary conditions to WRF come from simulations with the Na-
tional Center for Atmospheric Research (NCAR) Community Earth System Model (CESM) version
1.0.4 (Gent et al., 2011). The CESM was set up with the CAM version 4 (Neale et al., 2013b). Ad-
ditional details on these simulations can be found in Hodnebrog et al. (2019). It should be noted
that the CAM4 module is an earlier version of CAM5 on which the CMIP5 ensemble is based (see
Section 4). One difference between CAM4 and the following generation CAM5 is that CAM4 does
not include indirect aerosol effects.

The horizontal resolution of the CESM1-CAM4 is 1.9 ° by 2.5 °(∼200 km) and the number of
vertical levels is 26. These simulations cover the period 1850–2100, with historical simulations
to the year 2005 and future projection driven by the high RCP8.5 emission scenario from the year
2006 and onward.

The CESM1-CAM4 results were used in both downscaling approaches as follows. In the DD,
they were used to set the lateral boundary conditions for the WRF model (Section 3.1), while in
the ESD, they were used to represent the predictors in the simulation framework (Section 3.2).

3 Downscaling Methods and Experiments

3.1 Dynamical Downscaling

The CESM1-CAM4 model outputs and NNRP data (as described in Section 2) were used as
inputs for dynamical downscaling of daily temperature over India using the WRF model (version
3.7.1) (Skamarock and Klemp, 2008). The WRF setup consisted of two nested domains with
35 vertical levels. The outer domain, with a resolution of 45 km × 45 km, encompassed much of
South Asia and incorporated spectral nudging for temperature, horizontal winds, and geopotential
height above the planetary boundary layer. Spectral nudging was applied to wavenumbers ≤ 6,
corresponding to wavelengths greater than 1,000 km, with a relaxation coefficient of 0.0003. The
inner domain, with a resolution of 15 km × 15 km, covered the Indian subcontinent and the Tibetan
Plateau, without spectral nudging.

The initial conditions (IC) and boundary conditions (BC) for the dynamical downscaling were
specified at a 6-hour interval. This time interval ensures that the WRF model receives sufficient
information from the driving data (e.g., CESM1-CAM4 outputs or NNRP reanalysis) to maintain
consistency with the large-scale atmospheric state while allowing the model to dynamically sim-
ulate smaller-scale features. Lateral boundary conditions were updated every 6 hours in all sim-
ulations. Sea surface temperatures (SSTs) were also prescribed and updated daily using data
from CESM1-CAM4.

The model configuration employed the CAM radiation scheme (Collins et al., 2004), the WSM
6-class graupel microphysics scheme (Hong and Lim, 2006), the Kain–Fritsch cumulus param-
eterization scheme (Kain and Fritsch, 1993), the YSU planetary boundary layer (PBL) scheme
(Hong et al., 2006), the revised MM5 Monin–Obukhov surface layer scheme (Jiménez et al., 2011),
and the unified Noah land surface model (LSM) (Tewari et al., 2004). Horizontal diffusion was ap-
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plied with diff_opt = 1 and km_opt = 4, and turbulence mixing was configured for first-order
closure.

WRF was run for two 20-year periods: 1986–2005 (historical) and 2041–2060 (near-future)
under the high-emission RCP8.5 scenario. Each year was simulated individually, with initialization
in December of the preceding year and a one-month spin-up. For historical simulations, additional
experiments were conducted using initial and boundary conditions from the NNRP dataset. Lat-
eral boundary conditions were handled using a relaxation zone of 5 grid points.

3.2 Empirical-Statistical Downscaling

The empirical-statistical downscaling involved a stepwise multiple linear regression,

y j = β0 +
m

∑
i=1

βixi,

where the predictands y j are the principal components (PCs) obtained from a Principal Compo-
nent Analysis (PCA) applied to weather station datasets of seasonal mean temperature (Benes-
tad et al., 2015), and the predictors xi are common Empirical Orthogonal Functions (common
EOFs; Suarez-Gutierrez et al. (2021)) derived from a combined data matrix of seasonal temper-
ature anomalies from both reanalysis and global climate model outputs. Here, the regression
was performed on j ∈ [1,n] PCA modes and i ∈ [1,m] common EOFs, with n = 5 and m = 20, ac-
counting for more than 70% of the variance in the data. A stepwise selection process using the
Akaike Information Criterion (AIC; Akaike (1974)) was applied to retain only statistically signifi-
cant predictors in the regression models. It is worth noting that while the EOF analysis identifies
dominant large-scale climate patterns over the region of interest, the PCA captures local climatic
variability specific to the weather stations.

The ESD framework was initially applied to downscale large-scale temperature fields sim-
ulated by the CESM1-CAM4 model combined with ERA-Interim reanalysis onto Indian weather
stations. Due to their computational efficiency, the ESD experiments were further extended to in-
clude the full set of reanalyses and CMIP5 global climate models, as described in Section 2. Cal-
ibration periods for the various ESD experiments differed according to the availability of weather
station and reanalysis data.

3.3 Summary of the downscaling experiments

Figure 3 describes the various downscaling experiments that were used to simulate historical
and future mean temperature at selected weather stations and consist of:

• WRF model forced by NNRP on a 45 km horizontal grid resolution.

• WRF model forced by NNRP on a 15 km horizontal grid resolution.

• WRF model forced by the CESM1-CAM4 on a 45 km horizontal grid resolution.

• WRF model forced by the CESM1-CAM4 on a 15 km horizontal grid resolution.

• ESD forced by the CESM1-CAM4 at selected stations.

• ESD forced by the CMIP5 multi-model ensemble, including the CESM1-CAM5.

4 Results

The results presented in this section are structured to provide a comprehensive evaluation of
temperature data and downscaling methods across multiple scales and approaches. We begin
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by analyzing thermometer measurements from selected weather stations across India, focus-
ing on spatial coverage, data completeness, and climatological gradients over the 1986–2005
reference period (Table 1, Figure 2). Subsequently, we assess large-scale temperature anoma-
lies from CMIP5 global climate models for the broader domain (55–100◦E, 5–35◦N), comparing
outcomes from three emission scenarios (RCP2.6, RCP4.5, RCP8.5) after applying a Gaussian
temporal smoothing (Figure 4). We further evaluate the regional performance of the CESM1-
CAM4 model over India by comparing simulated seasonal and annual temperatures to multiple
reanalysis datasets (ERA-Interim, ERA5, MERRA, and NNRP) and quantifying biases relative to
the multi-reanalysis ensemble mean (Table 3). Finally, we evaluate the performance of two down-
scaling methods—dynamic downscaling using the WRF model at two spatial resolutions (45 km
and 15 km) and empirical–statistical downscaling (ESD)—by assessing biases at both regional
and station scales in comparison to reference datasets (e.g., NNRP, IMD gridded data, and sta-
tion observations). This multi-scalar approach provides a detailed evaluation of the strengths
and limitations of each method, highlighting their suitability for resolving fine-scale temperature
variability and long-term climate trends over India.

4.1 Evaluation of the various data sets

4.1.1 Thermometer measurements over India

Table 1 presents the general characteristics of selected weather stations in India and Figure 2
shows their spatial distribution across the country. Table 1 also indicates the gaps in the data
sets in terms of percentage of missing values which can be, in some locations, more than 50 %
(e.g. ‘Jaipur/SA’).

Table 1 also provides the annual mean daily temperature averaged over the period 1986–2005
at the different sites, which ranges from 24.4 °C recorded at Gauhati located in the north-eastern
side of the country to 29.5 °C recorded at ‘Nellore’ near the southeastern coast of India (Table
1). It also depicts the various spatial characteristics influencing the temperature variability in the
region such as the south-north and east-west gradients, the influence of the Arabian Sea, the
Indian Ocean, and the Bay of Bengal distinguishing coastal sites and the inland sites from the
mountains (Figure 2).

4.1.2 CMIP5 global temperature anomalies over India

Figure 4 presents the annual mean temperature anomalies relative to the baseline period
1986–2005 for the domain 55–100◦E/5–35◦N, which includes India. These anomalies are shown
for three emission scenarios—RCP2.6, RCP4.5, and RCP8.5—using the NNRP global temperature
dataset as a reference. Both modeled and reference data were interpolated onto the common
NNRP grid (2.5 °× 2.5 °) before averaging over the large-scale spatial domain covering India (Fig-
ure 2).

To reduce noise in the annual mean climate signal, a Gaussian filter with a 20-year temporal
window (w = 20 years) was applied. The multi-model ensemble spread around the mean was
represented using a standard error of 0.7×σens, where σens is the standard deviation of the full en-
semble mean. This approach reduced the weight of extreme values or outliers, focusing instead
on the core variability of the data.

The comparison illustrates the range of potential future warming across different emission
scenarios, with RCP8.5 exhibiting the largest anomalies due to its assumption of sustained high
greenhouse gas emissions. Projections show a gradual warming of approximately 1 °C under
the low-emission scenario RCP2.6, intensifying to around 2 °C and 5 °C by the end of the 21st
century under the intermediate (RCP4.5) and high-emission (RCP8.5) scenarios, respectively.

In the following analysis, we focus on the high-emission RCP8.5 scenario as a worst-case
pathway to assess the impacts of global temperature changes on local climates at the selected
stations listed in Table 1. Further evaluation of CESM1-CAM4 outputs, which serve as lateral
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boundary conditions for the WRF simulations, is provided in the next section.

4.1.3 CESM1-CAM4 regional performance over India

To evaluate the performance of the CESM1-CAM4 model over India, we first estimated sea-
sonal and annual regional mean temperatures averaged over the domain encompassing India
using various reanalysis data sources, including ERAINT, ERA5, MERRA, and NNRP. The model
results demonstrated good agreement with all reanalysis data sets in reproducing the regional
mean seasonal cycle of surface air temperature over the selected spatial domain, with a relatively
small multi-reanalysis ensemble spread of approximately +0.4 to +0.5 °C on both seasonal and
annual scales.

Next, we computed the bias between the regional temperatures simulated by the CESM1-
CAM4 model and the multi-reanalysis ensemble mean, which was taken as the reference. The
results, summarized in Table 3, indicate good agreement between the modeled and reference
data sets at both seasonal and annual scales. Specifically, small cold biases were observed in
DJF and MAM seasons, reaching down to −0.6 °C and −0.1 °C, respectively. Conversely, in JJA
and SON, the CESM1-CAM4 model exhibited a modest positive bias of approximately+0.7 °C and
+0.6 °C, respectively. Importantly, these biases are of similar magnitude to the multi-reanalysis
ensemble spread (±0.5 °C), suggesting that the signal-to-noise ratio is close to unity.

When compared to its successor, CESM1-CAM5, the CESM1-CAM4 model exhibits slightly
cooler temperatures under the high-emission RCP8.5 scenario. CESM1-CAM5 simulations closely
align with the CMIP5 multi-model ensemble mean, while CESM1-CAM4 projects a slightly cooler
climate, consistent with the findings of Meehl et al. (2013). This difference can likely be at-
tributed to advancements in physical parameterizations and cloud-aerosol interactions imple-
mented in CESM1-CAM5, which contribute to its improved performance compared to CESM1-
CAM4. Nonetheless, CESM1-CAM4 demonstrates sufficient accuracy in representing regional
mean temperatures over India, making it a reliable choice for providing boundary conditions for
the WRF simulations.

4.2 Evaluation of Downscaling Methods

To evaluate the performance of the downscaling methods, temperature biases were assessed
at regional and local scales across both annual and seasonal levels for the reference period
1986–2005. Regional biases reflect the difference between simulated and reference data (NNRP
and IMD gridded datasets), spatially averaged over the domain (55–100◦E, 5–35◦N). Local-level
evaluation was conducted by comparing station observations with simulated values (Table 1);
for WRF simulations, this required bilinear interpolation to specific station coordinates, whereas
for ESD, a rigorous five-fold cross-validation procedure was performed to ensure model reliability
across the entire calibration period.

4.2.1 WRF Model Evaluation

Annual Biases

Regional analysis (Figure 5) indicates that WRF effectively captures large-scale thermal pat-
terns, though significant deviations (± 10◦C) are observed in the Himalayas. These biases are
primarily attributed to the coarse resolution of the NNRP reference data (2.5° × 2.5° ≈ 250 km),
which inadequately resolves the region’s complex topography. When evaluated against the IMD
gridded dataset (Figure 6, 1° × 1° ≈ 100 km), WRF simulations exhibit lower cold biases in the
Himalayan region, exceeding ± 5◦C, even in the finer domain (D02: 15 km). In flatter regions such
as central and coastal India, the biases are smaller. For the coarser domain (D01: 45 km), biases
typically range between −3◦C and +3◦C, while the finer domain (D02) reduces these biases to
within −2◦C to +2◦C.
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At the station level (Table 5), WRF/NNRP simulations at 15 km resolution show an average
annual bias of −0.4◦C, an improvement over the 45 km resolution (−1.2◦C). Similarly, WRF/CAM4
simulations exhibit an average bias of −0.6◦C at 15 km, compared to −0.9◦C at 45 km. However,
WRF simulations exhibit higher variability in biases (standard deviation of 1.3◦C) compared to
ESD simulations, which show much smaller biases (−0.3◦C for CAM4 and 0.0◦C for CAM5) and
minimal variability (standard deviation of 0.1◦C).

Seasonal Biases

Seasonal biases reveal significant variability in WRF performance across both regions and
seasons (Tables 6a–6b). Systematic cold biases dominate the DJF season (average bias−1.5◦C),
while MAM exhibits the largest variability, with seasonal standard deviations reaching up to 2.0◦C.
Coastal stations in southern India (e.g., Nellore, Tiruchchirapalli) show pronounced cold biases
during MAM, while localized warm biases are evident in the Indo-Gangetic Plain during JJA, par-
ticularly at stations such as New Delhi/S (up to +4.3◦C).

The IMD dataset comparison reveals that WRF/NNRP simulations tend to exhibit larger cold
biases in regions with sparse observational coverage, such as northeastern India and the Hi-
malayas, while WRF/CAM4 simulations show smaller cold biases in these regions but higher
warm biases in the Indo-Gangetic Plain. Both WRF/NNRP and WRF/CAM4 simulations struggle
to resolve biases in coastal zones, though the finer resolution (15 km) consistently reduces errors
compared to the coarser resolution (45 km).

Despite these challenges, WRF simulations offer valuable insights into fine-scale temperature
patterns, complementing the more consistent but coarser ESD simulations.

4.2.2 ESD Model Evaluation

Annual Biases

The ESD simulations, driven by CESM1-CAM4 and CESM1-CAM5, exhibit smaller annual bi-
ases compared to WRF simulations (Table 5). On average, ESD simulations driven by CAM4
have an annual bias of −0.3◦C, while those driven by CAM5 show negligible biases (0.0◦C). Fur-
thermore, ESD simulations show minimal variability across stations, with a standard deviation of
just 0.1◦C for both CAM4 and CAM5. This highlights the strength of statistical downscaling in
reducing systematic biases.

At the station level, ESD biases remain consistently small across most locations. For example,
coastal stations such as Nellore and Tiruchchirapalli exhibit biases close to 0.0◦C, while inland
stations such as New Delhi/S show slightly positive biases (up to +0.1◦C). These results indicate
that ESD performs well across both coastal and inland regions, with smaller biases and less
variability than WRF.

Seasonal Biases

Seasonal biases in ESD simulations (Tables 6a and 6b) are also smaller and less variable
compared to WRF. For example, in DJF, ESD simulations driven by CAM5 show an average bias
of −0.1◦C, compared to −1.5◦C in WRF simulations. Similarly, in MAM, ESD simulations exhibit
much smaller standard deviations (0.1◦C) compared to WRF (up to 2.0◦C). These results highlight
the ability of ESD to consistently reproduce seasonal temperature patterns with minimal errors.

4.2.3 Model Comparisons

WRF simulations at 15 km resolution (both NNRP and CAM4-driven) consistently improve
over 45 km simulations, with average annual biases reducing from−1.2◦C to−0.4◦C for WRF/NNRP
and from −0.9◦C to −0.6◦C for WRF/CAM4. However, ESD simulations demonstrate even smaller
biases (−0.3◦C for CAM4 and 0.0◦C for CAM5) and minimal variability, highlighting the robustness
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of statistical downscaling in reducing systematic errors.

WRF exhibits significant variability in seasonal biases, with cold biases dominating DJF (−1.5◦C
on average) and warm biases dominating JJA (e.g., +4.3◦C at New Delhi/S). In contrast, ESD re-
mains consistent across all seasons, with biases generally within ±0.3◦C.

The comparison between WRF and ESD reveals distinct strengths and weaknesses for each
approach. WRF offers superior spatial resolution, enabling it to capture fine-scale temperature
patterns, particularly in flatter regions. However, it struggles in regions with complex terrain or
strong land-sea contrasts, leading to larger biases and higher variability, especially during certain
seasons (e.g., MAM and JJA). In contrast, ESD produces smaller biases and less variability across
both annual and seasonal scales, making it more consistent but less detailed spatially.

4.3 Projected Temperature Changes over Selected Stations in India

This section presents future projections of temperature changes at selected meteorological sta-
tions across India, derived from both dynamical (WRF) and empirical–statistical downscaling
(ESD) methods under the high-emission RCP8.5 scenario. The analysis focuses on seasonal
and annual mean temperature changes relative to the historical baseline period (1986–2005) for
near-future (2041–2060) and, where available, far-future (2081–2100) time horizons. WRF sim-
ulations were conducted at two spatial resolutions (45 km and 15 km) using CESM1-CAM4 as
the driving global climate model, while ESD projections were developed using statistically cali-
brated relationships between observed and modeled data. The results, summarized in Tables 7
and 8, provide insights into the spatial and temporal variability of projected warming across In-
dia, evaluating differences in regional sensitivity as well as the influence of model resolution and
methodological approaches. This comparative assessment highlights both consistencies and
discrepancies in the downscaled projections, providing a robust foundation for subsequent im-
pact analyses.

4.3.1 WRF-CAM4 Projected Changes

Table 7 presents absolute temperature changes for 2041–2060 relative to the baseline period
1986–2005, as simulated by the WRF model driven by the global climate model CESM1-CAM4 at
two resolutions (45 km and 15 km). Averaged across all sites, the WRF-driven simulations project
an increase in annual mean temperature of approximately 1.4±0.1 °C and 1.3±0.1 °C for the 45
km and 15 km resolutions, respectively. Seasonal temperature increases vary between 1.1±0.2
and 1.6±0.4 °C, largely independent of resolution.

Spatial variability in projected warming is small, with a standard deviation below 0.4 °C. The
strongest warming occurs in northern India, while southern regions exhibit comparatively lower
temperature increases. For the 45 km runs, projected seasonal increases range from 1.1 °C (e.g.,
‘Nellore’ station) to 2.3 °C (e.g., ‘Ahmadabad’ station) in DJF; 1.1 °C (e.g., ‘Bombay/Santacruz’) to
1.7 °C (‘Jabalpur’) in MAM; 0.7 °C (‘Indore’) to 1.4 °C (‘Patna’) in JJA; and 1.1 °C to 1.6 °C in SON.

Temperature changes from the 15 km simulations closely match those from the 45 km runs
(differences less than 0.1 °C), suggesting that increased horizontal resolution—and the corre-
sponding computational cost—does not significantly affect projected warming across Indian me-
teorological sites.

4.3.2 ESD Projected Changes

Like the WRF-driven projections, ESD-based future temperature changes were calculated as
deviations from the historical period 1986–2005 on seasonal and annual scales (Table 8). The
ESD projections extend to the end of the 21st century, providing longer-term outlooks.

Averaged over all sites, the ESD results indicate a warming of 1.5±0.5 °C by the near future
(2041–2060) under the high-emission RCP8.5 scenario. This warming is projected to approxi-
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mately double by 2081–2100, reaching 3±1.1 °C. Compared to the WRF-CAM4 projections, ESD
simulations exhibit greater spatial variability, with site-to-site differences up to 2.3 °C in SON by
the far future.

At individual stations, the highest warming occurs during SON, with temperature increases of
4.9 °C and 9.8 °C projected for the near and far future, respectively, at ‘Gwalior’ in northern India.
Unexpectedly, slight temperature decreases (less than 0.3 °C) in JJA are projected at two high-
elevation stations—Bhopal (523 m a.s.l.) and Indore (567 m a.s.l.)—both located in the desert
region.

5 Discussion

5.1 Key Findings and Insights

This study highlights the complementary nature of Dynamical Downscaling (DD) and Empirical-
Statistical Downscaling (ESD) approaches in capturing climate variability across spatial and tem-
poral scales. At the global scale, CESM-CAM4 and CESM-CAM5 global climate model outputs
demonstrated robust performance in reproducing temperature features over the Indian region,
with seasonal and annual deviations within ±0.8 °C relative to the multi-reanalysis ensemble
mean. These findings align with earlier studies (e.g., Gent et al., 2011; Neale et al., 2013a), which
showed reliable performance of CESM for capturing large-scale climate features.

At the regional scale, WRF simulations revealed systematic cold biases of −1.6 to −0.5 °C,
consistent with previous findings by Kumar et al. (2012a) and Thomas et al. (2016). However,
substantial spatial variability in biases was observed, particularly in regions with complex topog-
raphy such as the Himalayan foothills, where biases exceeded±5 °C. This result is consistent with
studies suggesting that coarse-resolution reanalysis datasets (e.g., NNRP) struggle to resolve
fine-scale topographic effects (Majumdar et al., 2021; Laprise, 2008). These biases underscore
the limitations of dynamical models in regions where topography and land-surface interactions
play a critical role.

At the local scale, both DD and ESD approaches yielded broadly consistent warming trends,
with mean annual temperature increases of approximately +1.3 °C (WRF-15 km) and +1.5 °C
(ESD) projected for 2041–2060. Similar warming trends have been reported in other downscaling
studies over South Asia (Dash et al., 2013; Krishnan et al., 2020). However, spatial variability was
notably higher in ESD simulations (0.5–1.2 °C) compared to WRF-15 km (0.1–0.3 °C), suggesting
that ESD may better preserve local-scale heterogeneities. This finding aligns with Tebaldi et al.
(2009), who emphasized the ability of ESD methods to capture sub-grid variability.

5.2 Comparative Performance of DD and ESD

The study demonstrates the strengths and weaknesses of both approaches. DD, through the
WRF model, provides superior spatial resolution and captures mesoscale processes more effec-
tively, particularly in flatter regions, as shown in Mezghani et al. (2016) and Goyal et al. (2022).
However, WRF struggles in areas with complex topography and exhibits systematic biases, likely
propagated from boundary conditions or due to model physics, as noted in Laprise (2008) and
Gao et al. (2017).

In contrast, ESD relies on long-term statistical relationships and consistently exhibits smaller
biases across scales. Its ability to directly leverage station-level observations makes it particularly
suited for evaluating localized climate variability. However, ESD’s reliance on historical data for
calibration may limit its applicability in regions where observational records are sparse or of poor
quality, as highlighted in Wilby et al. (2004) and Hessami et al. (2008). Nonetheless, ESD has
been shown to perform well across diverse climates and regions, including India (Mujumdar et al.,
2012).
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5.3 Implications for Downscaling Studies in India

The findings have significant implications for climate impact assessments in India. The sys-
tematic cold biases observed in WRF simulations over the Arabian Sea and the Himalayan re-
gion may affect projections of Indian monsoon dynamics, as previously noted by Sandeep et al.
(2014) and Krishnan et al. (2016). Addressing these biases is critical, as they could influence
hydrological and agricultural impact assessments, which depend on accurate monsoon projec-
tions. Improved parameterizations of surface fluxes and regional atmospheric dynamics in WRF
are needed to address this issue (Gill et al., 2020).

Furthermore, the higher spatial variability in ESD simulations suggests that applying ESD
methods to high-resolution gridded datasets, such as those developed by Srivastava et al. (2009),
could enhance the representation of localized extremes, particularly in urban areas. Incorporating
urban canopy and albedo effects in WRF (e.g., Bhati and Mohan, 2018; Chen et al., 2011) could
further improve urban climate simulations, reducing warm biases in cities like Delhi, Lucknow,
and Patna. This is particularly relevant given the rapid urbanization in India and the associated
impacts on local and regional climates (Seto and Dhakal, 2012).

5.4 Limitations and Future Directions

Despite its contributions, this study has several limitations. The use of coarse-resolution re-
analysis datasets (e.g., NNRP) as boundary conditions for WRF simulations likely contributed
to the observed biases in regions with complex topography, as noted by Laprise (2008). Addi-
tionally, the limited availability and variable quality of Indian observational data pose significant
challenges for both DD and ESD evaluations. Although high-resolution gridded datasets (Srivas-
tava et al., 2009) are now accessible, direct station-level observations remain critical for rigorous
model evaluation and validation. As Maraun (2016) noted, reliance on gridded datasets alone
introduces uncertainties due to interpolation artifacts, which can propagate into downscaling
evaluations.

Future research should prioritize integrating gridded products with station-level observations
to enhance the robustness of downscaling evaluations (Mujumdar et al., 2012; Mezghani et al.,
2019). Expanding ESD analyses to incorporate multiple GCMs from the CMIP5 or CMIP6 ensem-
ble (Tebaldi et al., 2009; Krishnan et al., 2020) could provide more comprehensive uncertainty
estimates. Additionally, exploring advanced bias correction methods (e.g., Cannon et al., 2015)
and incorporating urban-specific processes in WRF could further improve the accuracy of re-
gional and local climate simulations.

This study underscores the strengths of combining DD and ESD methods for climate down-
scaling in India. While DD offers high-resolution spatial detail, ESD provides consistent perfor-
mance with minimal biases. Together, these approaches can provide a more holistic understand-
ing of climate variability and trends, enabling more effective climate adaptation and mitigation
planning for the region. Future efforts should focus on addressing systematic model biases,
improving observational datasets, and refining methodologies to enhance the reliability of down-
scaling projections.

6 Conclusions

We evaluated temperature projections over India using two downscaling approaches: empirical-
statistical downscaling (ESD) and dynamical downscaling. Both methods utilized outputs from
the CESM-CAM4 global climate model (GCM), differing in training data and methodology. The
ESD approach was trained on ERA-Interim reanalysis data to produce station-level projections,
while dynamical downscaling employed the Weather Research and Forecasting (WRF) model
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driven by both NNRP and CESM1-CAM4 outputs at 45 km and 15 km horizontal resolutions (Ta-
ble 9).

An initial global-scale evaluation over 55°–100°E and 5°–35°N—including the Indian subcon-
tinent and surrounding seas—confirmed that the CMIP5 multi-model ensemble under RCP2.6,
RCP4.5, and RCP8.5 scenarios realistically reproduced historical temperature anomalies. The
RCP8.5 scenario projected the highest warming, with global temperature increases of approxi-
mately 5 ± 2 °C by 2081–2100, motivating our focus on this scenario as a worst-case pathway.

At the regional scale, CESM1-CAM4 demonstrated satisfactory skill in simulating historical
absolute surface temperatures, with annual and seasonal biases of +0.2 °C and ±0.8 °C relative
to multi-reanalysis means (Table 3), supporting its use for downscaling.

Local-scale assessments revealed widespread increases in mean temperature across India
on both annual and seasonal scales. Minor cooling (< 0.3 °C) during the monsoon season was
projected at select stations (e.g., Indore and Bhopal). Spatial and seasonal variability was evident,
with the largest warming at Gwalior (SON, 9.8 °C), Ahmedabad (SON, 8.1 °C), and Nagpur Sonega
(DJF, 7.6 °C), as projected by ESD under RCP8.5 by late century. Generally, ESD projected larger
temperature increases than WRF, while WRF simulations showed that increasing horizontal res-
olution from 45 km to 15 km had negligible impact on warming projections (< 0.1 °C difference).

Despite some historical biases in WRF-CAM4 at local sites, both downscaling methods con-
sistently projected warming of about 1.5 °C by mid-century. Projections suggest warming may
roughly double by 2100, with localized increases reaching up to 10 °C, posing potential risks to
sensitive sectors such as agriculture. The CMIP5 multi-model ensemble further indicated that
New Delhi could experience warming up to 7 °C by century’s end under the worst-case scenario.
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Figure 2: Geographical locations of the weather stations described in Table 1, along with a map
displaying the mean temperature values at the selected stations within the domain spanning 55°E
to 100°E and 5°N to 35°N. For clarity, station names are abbreviated to a maximum of seven
characters, with additional characters replaced by dots (...). The mean temperature estimates
are calculated as the average of daily minimum and maximum temperatures. Data was obtained
from the Global Historical Climate Network – Daily (GHCND).

19



Figure 3: Workflow of the various simulations based on Empirical-Statistical Downscaling (A,
ESD) and Dynamical Downscaling (B, WRF) along with different levels of evaluations (C). (Adapted
from Mezgahni et al. 2019)
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Figure 4: Regional estimates of annual mean temperature anomalies for the period 1920–2100
with regard to the based period 1986–2005 based on the full set of CMIP5 global climate model
simulations for the historical (black) and assuming the three Radiative Concentration Pathways
RCP2.6 (blue), RCP4.5 (orange), and RCP8.5 (red), respectively. Simulated temperature time se-
ries were first extracted, then area-averaged over the spatial domain extending from 55–100 East
to 5–35 North as shown in Figure 2. The dashed lines and their corresponding envelopes rep-
resent multi-model ensembles’ means and standard errors, respectively. The black dots corre-
spond to temperature estimates from the NNRP taken as pseudo observation. The time series
have been smoothed using a Spline filter. The envelopes show 0.7× multi-model ensemble stan-
dard error(σ/

√
N ; where σ is the standard deviation and N is the total number of GCMs (displayed

between brackets)). The green and deep pink lines highlight the CESM1-CAM5 and CESM1-CAM4
model simulations, respectively, for both historical and the RCP8.5 mitigation scenario.
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Figure 5: Biases in annual means of simulated temperature (in °C) by the WRF/NNRP (left) and
WRF/CAM4 (right) model runs on a 45 km (top) and 15 km (bottom) grid resolutions, respectively,
with regard to NNRP taken as reference. Model results were remapped to the NNRP grid reso-
lution before the bias is computed. The circles show the geographical location of the selected
weather stations along with their abbreviated names.
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Figure 6: Biases in annual means of simulated temperature (in °C) by the WRF/CAM4 (top) and
WRF/NNRP (bottom) model runs on a 45 km (left) and 15 km (right) grid resolutions, respec-
tively, with regard to IMD data taken as reference. Model results were remapped to the IMD grid
resolution (1 °× 1 °) before the bias is computed.
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Figure 7: Example of an evaluation of the ESD method for JJA mean temperature. The inner
plots correspond to the spatial pattern of the first principal component (PCA Pattern #1, top left
panel) based on the observational network, the spatial pattern of the first Empirical-Orthogonal
Function (EOF Pattern #1) based on the ERA-interim reanalyses data set (top right panel), cross-
validation plot showing correlations between original data and predictions (bottom left panel),
and time series of the fitted (red) versus original (black) PC #1 (bottom right panel). The color
bars in the top sub panels are dimensionless and indicate high (red palette) and low (blue palette)
systems of the spatial pattern.
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Figure 8: Downscaled temperature values at ‘New Delhi/S’ weather station. Annual mean val-
ues were derived from ESD simulation (red) for the period spanning from 1940 to 2100, the
WRF/NNRP (green) for the period 1986–2005 and WRF/CESM-CAM4 (blue) for the period 2041–
2060 assuming the high RCP8.5 emission scenario. The WRF simulations were bi-linearly inter-
polated to the ’New Delhi/S’ weather station for the low (45 km; dashed lines) and high (15 km;
continuous lines) spatial domains, respectively. The grey dotted line shows observations and the
envelope indicates the 95th confidence interval (σ e = 1.96×σ , where σ is the standard derivation
of ESD-based CMIP5 multi-model ensemble).
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Figure 9: Empirical density function of annual mean temperature at ‘New Delhi/S’ weather sta-
tion based on various experiments/simulations over the control time period 1986–2005. Annual
mean values are estimated from the weather station (black) and interpolated from ESD driven by
the CESM-CAM4 simulation (red) and for the WRF simulations driven by NNRP (green) and CESM-
CAM5 (blue) and considering the two spatial domains with 45km and 15km (dashed lines) grid
resolutions, respectively.
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Figure 10: Density function of future mean temperature values at ‘New Delhi/S’ weather station
based on various experiments/simulations over the period 2041–2060. Same caption details as
in Figure 9.
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Table 1: General characteristics of selected temperature weather stations in India. These are
the location name, the geographical coordinates in terms of longitude (Degrees East) and latitude
(Degrees North), the elevation above sea level (m) at the weather station as well as in WRF/45km
and WRF/15km runs, the percentage of missing daily values in the period 1986–2005, and the
estimated mean daily values (°C) calculated as the average between the daily minimum and max-
imum recorded values. The temperature data and meta data were obtained from the Global His-
torical Climate Network – Daily (GHCN-D).

ID Location Name Lon. (°E) Lat. (°N) Alt. (m) Alt. (m) Alt. (m) Missing (%) Mean (°C)

Station WRF45km WRF15km

1 Pbo Anantapur 77.63 14.58 364 414 362 30 28.2
2 Machilipatnam 81.15 16.20 3 4 3 32 28.4
3 Nellore 79.98 14.45 20 24 16 32 29.5
4 Gauhati 91.58 26.10 54 166 113 28 24.4
5 Patna 85.10 25.60 60 50 47 32 25.5
6 Ahmadabad 72.63 23.07 55 54 57 33 27.8
7 Veraval 70.37 20.90 8 33 17 34 26.8
8 Bhuj-Rudramata 69.67 23.25 80 66 145 31 27.0
9 Surat 72.83 21.20 12 14 11 34 27.8

10 Gadag 75.63 15.42 650 590 648 39 25.7
11 Kozhikode 75.78 11.25 5 40 11 42 28.0
12 Thiruvananthapuram 76.95 08.48 64 54 18 26 27.6
13 Jagdalpur 82.03 19.08 553 566 560 42 25.1
14 Pendra Road 81.90 22.77 625 545 621 45 24.8
15 Gwalior 78.25 26.23 207 195 202 44 25.7
16 Indore 75.80 22.72 567 492 559 33 25.3
17 Jabalpur 79.95 23.20 393 467 393 43 25.5
18 Bhopal/Bairagarh 77.35 23.28 523 474 510 29 25.3
19 Bombay/Santacruz 72.85 19.12 14 39 12 40 27.4
20 Nagpur Sonega 79.05 21.10 310 326 300 30 26.8
21 Poona 73.85 18.53 559 665 640 23 24.6
22 Sholapur 75.90 17.67 479 482 466 24 27.3
23 Bhubane 85.83 20.25 46 35 43 29 27.4
24 Jaipur/SA 75.80 26.82 390 365 365 52 25.7
25 Cuddalo 79.77 11.77 12 18 17 33 28.5
26 Madras/Minambakkam 80.18 13.00 16 19 17 35 28.9
27 Tiruchchirapalli 78.72 10.77 88 161 82 37 29.2
28 Agartala 91.25 23.88 16 32 21 35 25.1
29 New Delhi/S 77.20 28.58 216 208 220 23 25.0
30 Lucknow/Amausi 80.88 26.75 128 120 122 49 25.5
31 Calcutta/Dum 88.45 22.65 6 7 11 40 26.4
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Table 2: Description of the simulations used in this study.

Acronym Scenario GCM RCM Description

WRF/NNRP RCP8.5 NNRP WRF WRF model forced by the NNRP and in-
terpolated to station.

WRF/CAM4 RCP8.5 CESM1-CAM4 WRF WRF model forced by the CESM1-
CAM4 and interpolated to station.

ESD/CAM4 RCP8.5 CESM1-CAM4 N/A ESD forced by the CESM1-CAM4 di-
rectly to stations.

ESD/CMIP5 RCP8.5 CMIP5-Ensemble N/A ESD forced by the full CMIP5/GCM en-
semble – including CESM1-CAM5 – di-
rectly to stations.

WRF, Weather Research Forecast
NNRP, NCEP/NCAR Reanalysis Product

CESM1-CAM4/5, Community Earth System version 1 - Community Atmosphere Model version
4/5

N/A, not applicable

Table 3: Annual and seasonal mean temperature (°C) as estimated from various reanalyses data
sets such as NNRP, ERAINT and ERA5, and MERRA and modeled by the CESM1-CAM5 model.
Mean values were calculated using the average over the domain spanning from 55 to 100 degrees
east and from 5 to 35 degrees north encompassing parts of the Arabian sea, the bay of Bengal
and parts of the Indian ocean (land + sea, and not only land) and averaged over the time period
1986–2005. The Ens. SD and Mean correspond to the standard deviation and mean of the multi-
reanalyses ensemble, while, the Bias in the last row shows annual and seasonal deviations of
CESM1-CAM4 model from the multi-reanalyses ensemble mean.

Annual DJF MAM JJA SON

Reanalyses
- NNRP 22.1 17.5 23.7 25.6 21.8
- ERAINT 22.8 18.2 24.0 26.2 22.9
- ERA5 22.4 17.8 23.6 25.8 22.5
- MERRA 23.1 18.5 24.6 26.4 23.1
Ens. Mean 22.6 18.0 24.0 26.0 22.6
Ens. SD 0.4 0.4 0.5 0.4 0.5

Model-Run
- CESM1-CAM4 22.8 17.4 23.9 26.7 23.1

Bias 0.2 -0.6 -0.1 0.7 0.6

DJF, December-January-February season; MAM, March-April-May season; JJA,
June-July-August season; SON, September-October-November season
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Table 4: Cross-validation based on the top five leading principal components. The values corre-
spond to Spearman correlations calculated based on original and estimated time series for each
principal component derived from each of the reanalyses ERAINT, ERA5, MERRA, and NNRP, re-
spectively.

Rea. Sea. PC1 PC2 PC3 PC4 PC5

ERAINT DJF 0.96 0.74 0.71 0.64 0.39
MAM 0.89 0.85 0.65 -0.29 0.79
JJA 0.96 0.82 0.81 -0.28 0.27
SON 0.77 0.69 0.48 0.29 0.33

ERA5 DJF 0.84 0.67 0.50 0.30 -0.11
MAM 0.52 0.59 0.69 -0.03 0.79
JJA 0.89 0.61 0.79 0.03 0.21
SON 0.94 0.67 0.10 0.27 0.00

MERRA DJF 0.77 0.60 0.43 0.64 0.06
MAM 0.88 0.80 0.48 -0.26 0.39
JJA 0.81 0.60 0.63 -0.08 0.25
SON 0.87 0.65 0.25 0.62 -0.02

NNRP DJF 0.79 0.54 0.63 0.46 -0.44
MAM 0.48 0.29 0.41 -0.15 0.31
JJA 0.82 0.13 0.58 0.40 0.17
SON 0.68 0.39 0.38 0.34 -0.14

Rea., Reanalyses
Sea., Season

PC, Principal Component
DJF, December-January-February season; MAM, March-April-May season; JJA,

June-July-August season; SON, September-October-November season
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Table 5: Biases (°C) of annual mean temperatures under RCP8.5 scenario from WRF and ESD
models driven by NNRP, CESM1-CAM4, and CESM1-CAM5. Biases are calculated as deviations
from observations averaged over 1986–2005. The last two rows show the spatial average (Av-
erage) and variation (Standard Deviation) across the observational network.

Experiment WRF/NNRP WRF/CAM4 ESD

Location 45 km 15 km 45 km 15 km CAM4 CAM5

Pbo Anantapur -2.2 -1.5 -3.2 -2.3 -0.5 -0.2
Machilipatnam -1.7 -1.3 -2.3 -1.6 -0.2 0.1
Nellore -1.9 -1.6 -2.8 -2.2 -0.1 0.1
Gauhati -3.0 -2.3 -1.5 -1.1 -0.2 0.1
Patna -0.6 1.3 0.9 1.9 -0.2 0.1
Ahmadabad -1.0 1.3 -1.0 0.5 -0.7 -0.3
Veraval -1.1 -0.3 -1.0 -0.5 -0.3 0.1
Bhuj-Rudramata -0.3 -1.3 -0.5 -1.9 0.0 0.2
Surat -1.4 0.8 -1.7 0.3 -0.5 -0.2
Gadag -0.7 -1.4 -1.1 -1.8 -0.3 -0.1
Kozhikode -2.0 -2.1 -1.3 -1.3 -0.1 0.0
Thiruvananthapuram -0.9 -1.1 -0.9 -0.9 -0.1 0.0
Jagdalpur -1.1 -0.8 -1.0 -0.7 -0.3 -0.1
Pendra Road -0.3 -0.5 0.9 -0.4 -0.1 0.2
Gwalior -0.4 1.3 0.8 0.5 -0.3 -0.1
Indore 0.4 0.5 0.4 -0.3 -0.5 -0.3
Jabalpur -1.8 -0.0 -1.1 -0.4 -0.3 0.1
Bhopal/Bairagarh -0.1 -0.0 0.2 -0.7 -0.3 -0.0
Bombay/Santacruz -1.4 0.6 -1.3 0.4 -0.2 -0.1
Nagpur Sonega -0.6 -0.1 -0.2 -0.4 -0.3 0.0
Poona -2.4 -0.9 -2.2 -0.8 -0.2 0.1
Sholapur -1.3 -0.8 -1.7 -1.2 -0.2 0.1
Bhubane -1.2 -1.2 -1.0 -1.2 -0.3 0.1
Jaipur/SA -0.8 0.9 0.1 -0.2 -0.5 -0.1
Cuddalo -1.1 -1.0 -2.0 -1.6 -0.2 -0.1
Madras/Minambakkam -1.7 -1.3 -2.5 -2.0 -0.2 0.0
Tiruchchirapalli -2.3 -1.5 -3.4 -2.3 -0.2 0.0
Agartala -1.8 -1.2 -0.1 -0.2 -0.1 0.1
New Delhi/S 0.4 3.6 1.7 2.6 -0.2 0.1
Lucknow/Amausi -0.9 1.7 0.6 1.3 -0.3 -0.1
Calcutta/Dum -1.3 -1.0 -0.1 -0.3 -0.2 0.0

– Average -1.2 -0.4 -0.9 -0.6 -0.3 0.0
– Standard Deviation 0.8 1.3 1.3 1.2 0.1 0.1
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Table 7: WRF future changes in seasonal and annual means of estimated daily mean tem-
perature (°C) at the selected weather stations across India and assuming the high emission
scenario RCP8.5 by 2041–2060. Absolute temperature changes are defined as deviations be-
tween the future (2041–2060) and historical (1986–2005) WRF simulations driven by the global
climate model and for the two 45 km and 15 km grid resolutions, respectively. The last two rows
in the table show the spatial average and standard deviation over all sites.

WRF/45km WRF/15 km

Location | Season DJF MAM JJA SON ANN DJF MAM JJA SON ANN

Pbo Anantapur 1.3 1.6 1.3 1.2 1.3 1.2 1.3 1.3 1.3 1.3
Machilipatnam 1.1 1.4 1.3 1.2 1.2 1.0 1.7 1.3 0.9 1.2
Nellore 1.1 1.4 1.4 1.2 1.2 1.0 1.7 1.5 1.2 1.3
Gauhati 1.7 1.5 1.4 1.5 1.5 1.9 1.6 1.5 1.3 1.6
Patna 1.8 1.6 1.4 1.5 1.6 1.7 1.7 1.4 1.1 1.5
Ahmadabad 2.3 1.4 0.9 1.5 1.5 1.6 1.1 1.1 1.1 1.2
Veraval 2.0 1.1 1.0 1.4 1.3 1.6 1.1 1.1 1.3 1.3
Bhuj-Rudramata 2.3 1.2 1.0 1.6 1.5 1.4 1.1 1.1 1.2 1.2
Surat 2.1 1.2 0.9 1.4 1.4 1.7 1.0 1.1 1.2 1.2
Gadag 1.4 1.4 1.1 1.1 1.2 1.2 1.1 1.1 1.3 1.2
Kozhikode 1.1 1.0 1.2 1.4 1.2 1.1 1.0 1.2 1.4 1.2
Thiruvananthapuram 1.1 1.0 1.2 1.4 1.1 1.1 1.0 1.2 1.4 1.2
Jagdalpur 1.4 1.6 1.3 1.3 1.3 1.3 1.8 1.4 1.1 1.3
Pendra Road 1.9 1.7 1.3 1.3 1.5 2.1 1.7 1.4 1.2 1.6
Gwalior 2.0 1.5 1.0 1.4 1.5 1.7 1.4 1.4 1.0 1.3
Indore 2.2 1.6 0.7 1.4 1.5 1.9 1.2 1.0 1.1 1.3
Jabalpur 2.1 1.7 1.1 1.4 1.5 2.0 1.5 1.4 1.1 1.5
Bhopal/Bairagarh 2.2 1.6 0.8 1.5 1.5 1.9 1.4 1.1 1.1 1.3
Bombay/Santacruz 1.6 1.1 0.9 1.2 1.2 1.5 1.0 1.1 1.3 1.2
Nagpur Sonega 1.9 1.7 1.0 1.4 1.5 1.9 1.5 1.1 1.1 1.4
Poona 1.7 1.4 1.0 1.2 1.3 1.4 1.0 1.1 1.2 1.2
Sholapur 1.5 1.5 1.0 1.1 1.2 1.3 1.1 1.0 1.2 1.2
Bhubane 1.4 1.4 1.3 1.3 1.3 1.3 1.8 1.4 1.1 1.3
Jaipur/SA 2.0 1.5 0.9 1.4 1.5 1.7 1.3 1.3 1.2 1.3
Cuddalo 1.0 1.3 1.4 1.2 1.2 1.1 1.4 1.5 1.3 1.3
Madras/Minambakkam 1.0 1.4 1.3 1.2 1.2 1.1 1.5 1.6 1.2 1.3
Tiruchchirapalli 1.1 1.4 1.5 1.2 1.3 1.2 1.1 1.3 1.4 1.2
Agartala 1.5 1.2 1.2 1.3 1.3 1.8 1.5 1.4 1.2 1.5
New Delhi/S 1.8 1.5 1.2 1.4 1.5 1.6 1.4 1.2 1.1 1.3
Lucknow/Amausi 1.8 1.5 1.3 1.4 1.5 1.6 1.5 1.3 1.0 1.3
Calcutta/Dum 1.7 1.4 1.3 1.3 1.4 1.7 1.7 1.3 1.2 1.5

– Average 1.6 1.4 1.1 1.3 1.4 1.5 1.4 1.3 1.2 1.3
– Standard Deviation 0.4 0.2 0.2 0.1 0.1 0.3 0.3 0.2 0.1 0.1
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Table 8: ESD future changes in seasonal and annual means of daily mean temperature (°C) at
the selected weather stations across India and assuming the high emission scenario RCP8.5.
Absolute temperature changes were derived from the empirical–statistical downscaling (ESD)
results driven by the CESM1-CAM4 global climate model. Values were estimated as future devi-
ations from the historical base-period 1986–2005 for two horizons 2041–2060 and 2081–2100,
respectively. The last two rows in the table show the spatial average and standard deviation over
all sites.

ESD changes by 2041–2060 ESD changes by 2081–2100

Location | Season DJF MAM JJA SON ANN DJF MAM JJA SON ANN

Pbo Anantapur 1.3 1.2 1.0 1.1 1.1 2.6 2.0 2.0 2.3 2.2
Machilipatnam 1.5 0.3 2.3 1.5 1.4 3.0 0.6 4.4 3.2 2.8
Nellore 1.0 0.4 1.2 1.0 0.9 2.0 0.6 2.2 2.0 1.7
Gauhati 1.9 0.6 0.3 1.8 1.1 4.2 1.1 0.5 3.4 2.3
Patna 1.3 1.1 0.9 2.4 1.4 2.7 1.8 1.9 4.6 2.8
Ahmadabad 2.4 1.8 1.0 4.0 2.3 5.2 3.2 2.0 8.1 4.6
Veraval 2.8 0.1 0.2 3.2 1.6 6.1 0.4 0.6 6.5 3.4
Bhuj-Rudramata 1.7 1.2 1.4 2.3 1.7 3.8 2.7 2.8 4.5 3.4
Surat 1.1 1.0 0.5 0.9 0.9 2.4 1.8 1.2 1.9 1.8
Gadag 1.6 1.5 0.7 1.4 1.3 3.2 2.7 1.5 3.1 2.6
Kozhikode 0.6 0.9 0.9 0.8 0.8 1.3 1.9 1.7 1.8 1.7
Thiruvananthapuram 0.5 0.7 0.9 0.4 0.6 0.9 1.4 1.8 0.8 1.2
Jagdalpur 2.6 1.3 1.4 2.6 2.0 5.5 2.1 3.1 5.3 4.0
Pendra Road 2.1 0.9 1.3 0.1 1.1 4.4 1.7 2.8 0.3 2.3
Gwalior 2.3 3.2 0.0 4.9 2.6 5.0 6.4 0.1 9.8 5.3
Indore 2.5 1.2 -0.3 2.8 1.6 5.4 2.0 -0.2 6.0 3.3
Jabalpur 2.9 1.6 0.4 2.1 1.7 6.1 3.0 1.3 4.4 3.7
Bhopal/Bairagarh 2.7 1.3 -0.3 3.7 1.8 5.8 2.3 -0.1 7.5 3.9
Bombay/Santacruz 2.0 0.9 0.5 1.9 1.3 4.4 2.0 1.2 4.1 2.9
Nagpur Sonega 3.6 2.4 0.4 3.1 2.4 7.6 4.0 1.3 6.2 4.8
Poona 3.1 1.4 0.8 2.9 2.1 6.5 3.0 2.0 5.8 4.3
Sholapur 2.7 1.9 1.2 3.0 2.2 5.7 3.8 2.5 6.1 4.5
Bhubane 2.7 1.3 0.3 2.3 1.6 5.8 2.2 0.6 4.8 3.3
Jaipur/SA 2.8 0.5 0.3 3.4 1.8 6.0 1.3 0.5 7.2 3.8
Cuddalo 0.8 0.2 1.1 0.9 0.8 1.6 0.1 2.0 2.0 1.4
Madras/Minambakkam 1.3 0.3 1.0 1.0 0.9 2.7 0.5 1.7 1.8 1.7
Tiruchchirapalli 0.9 1.1 1.3 1.3 1.1 1.9 2.1 2.3 2.7 2.2
Agartala 1.5 1.1 0.2 3.7 1.6 3.4 1.9 0.5 7.3 3.3
New Delhi/S 1.5 2.2 1.1 3.4 2.1 3.3 4.4 2.1 6.6 4.1
Lucknow/Amausi 1.4 1.8 0.5 1.7 1.4 3.0 3.2 1.3 3.7 2.8
Calcutta/Dum 1.2 1.5 0.6 1.5 1.2 2.5 2.7 1.1 3.0 2.3

– Average 1.9 1.2 0.7 2.2 1.5 4.0 2.2 1.6 4.4 3.0
– Standard Deviation 0.8 0.7 0.6 1.2 0.5 1.8 1.3 1.0 2.3 1.1

35



Table 9: Comparison of WRF (Dynamical Downscaling) and ESD (Empirical-Statistical Downscal-
ing) Temperature Projections over India

Aspect WRF (Dynamical Downscaling) ESD (Empirical-Statistical Down-
scaling)

Driving
Data

Driven by NNRP reanalysis and
CESM1-CAM4 outputs

Trained on ERA-Interim (ERAINT)
reanalysis data

Model Weather Research and Forecast-
ing (WRF) model

Empirical-statistical downscal-
ing method

Horizontal
Resolution

Performed at 45 km and 15 km
resolutions

Station-level projections at mete-
orological stations

Historical
Skill

Some discrepancies in simulat-
ing historical temperatures at in-
dividual sites

Statistical training on ERA-
Interim offers reliable station-
scale projections

Projected
Temper-
ature
Increases

Generally projects lower warm-
ing compared to ESD

Projects larger temperature in-
creases across annual and sea-
sonal timescales

Impact of
Resolution

Increasing resolution from 45 km
to 15 km had negligible impact on
projected warming (differences
< 0.1 °C)

Not applicable (station scale pro-
jections)

Local Cool-
ing Trends

Small cooling trends during mon-
soon at a few stations (e.g., In-
dore, Bhopal) also noted

Similar cooling trends noted in
monsoon season at select high-
elevation stations

Warming by
2050

Approximately 1.5 °C warming
projected over India

Approximately 1.5 °C warming
projected over India

Warming by
2100

Projected warming approxi-
mately doubles by 2100, with
local increases up to ∼10 °C

Larger local increases up to 10 °C
by late 21st century

Spatial and
Seasonal
Variability

Captures seasonal variability but
with lower magnitudes of warm-
ing

Shows stronger spatial and sea-
sonal variability with larger ex-
tremes in warming
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