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Highlights  17 

 CLM5 captures the spatial variability of soil moisture, evapotranspiration, runoff and 18 

successfully reconstructs major historical drought events across India. 19 

 Atmospheric forcing strongly controls hydrological partitioning: IMDAA forcing 20 

reduces soil moisture and runoff RMSD by 10% and 2.5%, respectively, whereas ERA5 21 

reduces evapotranspiration RMSD by 17%. 22 

 Irrigation increases soil moisture, evapotranspiration, and runoff but improves 23 

performance only locally, reducing errors in ~26% and ~23% of irrigated grids for root-24 

zone and surface soil moisture, and in ~33% and ~45% for runoff and 25 

evapotranspiration, while rainfed simulations outperform irrigated configurations 26 

across most regions. 27 

 Three distinct climate-zone-dependent biases observed, including persistent dry bias in 28 

humid monsoon regions, storage surplus in semi-arid and arid zones, and a runoff 29 

paradox in temperate regions. 30 
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 These findings highlight the need for improved irrigation parameterization, targeted 31 

model calibration, and careful selection of meteorological forcing datasets to support a 32 

national drought monitoring framework for India. 33 

Abstract 34 

In this study, we evaluate the Community Land Model version 5.0 (CLM5.0) as a first step 35 

toward building a National Drought Monitoring Framework – DRISHTI (Drought Risk & 36 

Impact Surveillance using Hydrometeorological, Terrestrial & Inference Models) in India. 37 

CLM5.0 was applied over India at 0.1° resolution (1980–2020), using India Meteorological 38 

Department (IMD) precipitation and two atmospheric forcing datasets: the Indian Monsoon 39 

Data Assimilation and Analysis (IMDAA) regional reanalysis and the fifth generation ECMWF 40 

Re-Analysis (ERA5). Model performance was assessed for soil moisture (SM), 41 

evapotranspiration (ET), and runoff under rainfed and irrigated conditions against in-situ 42 

measurements and satellite/reference datasets: Soil Moisture Active Passive (SMAP), Global 43 

Land Evaporation Amsterdam Model (GLEAM), and Global Runoff Reconstruction (GRUN). 44 

CLM5.0 reproduced spatial and temporal hydrological variability well. Model diagnostics 45 

revealed three climate-zone biases: (1) an apparent 'Dry Bias' in humid zones (Am) 46 

characterized by low SM, runoff, and ET. This bias reflects underestimation of precipitation in 47 

IMD rather than model process deficiencies; (2) a 'Wet Bias' in semi-arid and arid zones (BSh, 48 

BWh), where the Dry Surface Layer scheme suppresses evaporation, generating excess storage 49 

and runoff; and (3) a 'Runoff Paradox' in temperate zones (Cwa, Cwb), where high surface SM 50 

coincides with low runoff. Systematic runoff underestimation in complex terrains reflects 51 

limitations in sub-grid hillslope lateral flow representation, which led to high moisture 52 

retention. Relative to ERA5-driven simulations, IMDAA reduces RMSD in SM and runoff by 53 

10% and 2.5%, respectively, while ERA5 improves ET estimates by 17%. At the national scale, 54 

rainfed simulations generally outperform irrigated runs; however, irrigation leads to localized 55 

improvements - most notably over the Indo-Gangetic Plain - with a stronger influence on root-56 

zone SM than on surface SM. Specifically, irrigation reduces errors over ~26% of irrigated grid 57 

cells for root-zone SM compared to ~23% for surface SM, while corresponding improvements 58 

are observed over ~33% and ~45% of irrigated grid cells for runoff and ET, respectively. 59 

Despite these limitations, CLM5.0 successfully reproduces historical droughts, demonstrating 60 

its utility for drought monitoring in data-scarce regions while highlighting the need for 61 
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improved irrigation parameterization, targeted model calibration, and careful selection of 62 

meteorological forcing datasets. 63 

Keywords: Droughts, Land Surface Modeling, India, Soil Moisture, Evapotranspiration, 64 

Runoff. 65 

 66 

1. Introduction 67 

Climate change in recent decades has increased the frequency of short-term extreme wet 68 

spells and prolonged dry spells across India (Vinnarasi and Dhanya, 2016), accompanied by a 69 

reduction in light precipitation days (Dash et al., 2011; Mishra and Liu, 2014). This has led to 70 

more frequent severe and extreme drought events, with the percentage of such events rising 71 

over time (Chiru Naik et al., 2023), significantly affecting agriculture, water resources, and 72 

millions of lives. Accurate estimation and regular assessment of historical drought 73 

characteristics are essential for mitigating these socio-economic impacts and aiding 74 

policymakers in planning for future resilience (Svoboda et al., 2002; Xu et al., 2020; Zink et 75 

al., 2016). While in-situ measurements from specific stations provide the most accurate data on 76 

land surface variables, the sparse and uneven distribution of these stations limits the accuracy 77 

of such analyses. To overcome this challenge, satellite-based data and Land Surface Models 78 

(LSMs) provide valuable alternatives. However, not all land surface processes can be directly 79 

observed using satellites - for example, runoff - and while satellite-based soil moisture (SM) 80 

products offer continuous global coverage, they are generally limited to the surface layer due 81 

to shallow sensor penetration and orbital revisit constraints. LSMs are thus essential for 82 

estimating key variables such as runoff, evapotranspiration (ET), and SM at multiple depths 83 

and temporal scales, delivering spatially consistent and continuous outputs from regional to 84 

global domains (Lawrence et al., 2019a). Obtaining these variables daily is particularly 85 

important for understanding land–atmosphere interactions and assessing their impacts on the 86 

water cycle and agricultural systems (Xu et al., 2020; Xu et al., 2023). 87 

While mature national and continental-level drought monitoring frameworks - including the 88 

North American Land Data Assimilation System (NLDAS), European Drought Observatory 89 

(EDO), China Land Data Assimilation System (CLDAS), and the Famine Early Warning 90 

Systems Network (FEWS NET) Land Data Assimilation System (FLDAS) - utilize integrated 91 

land surface models, satellite data, and observations (Cammalleri et al., 2021; Hao et al., 2012, 92 

2016; Liu et al., 2021; McNally et al., 2017; Wang and Li, 2020), such a fully integrated 93 
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national framework is currently lacking over India. To address this gap, we are developing a 94 

National Drought Monitoring Framework - DRISHTI (Drought Risk & Impact Surveillance 95 

using Hydrometeorological, Terrestrial & Inference Models) - over India. As a first step, we 96 

employ the Community Land Model (CLM), an advanced land surface model integrated within 97 

the Community Earth System Model (CESM) framework developed by the National Center for 98 

Atmospheric Research (NCAR) (Lawrence et al., 2011; Lawrence et al., 2019a). Over time, 99 

CLM has evolved to version 5, with significant enhancements in its capabilities (Brunke et al., 100 

2016; Lawrence et al., 2011; Oleson et al., 2008). It is widely used to enhance our understanding 101 

of the terrestrial energy, water, carbon and nitrogen cycles (Lawrence et al., 2011; Lawrence et 102 

al., 2019a) and their interactions (Green et al., 2019; Koven et al., 2017; McGuire et al., 2018; 103 

Yang et al., 2019), as well as the impact of land use and land cover change on climate, water, 104 

carbon, nitrogen and extreme events (Ghodichore et al., 2022; Lawrence & Chase, 2010; 105 

Mahowald et al., 2017; McGuire et al., 2018). CLM’s ability to simulate global energy, water, 106 

carbon and nitrogen budgets has earned its wide recognition, and it serves as the land 107 

component in models such as the Norwegian Earth System Model (NorESM) (Seland et al., 108 

2020) and the Earth System Model at the Euro-Mediterranean Center on Climate Change 109 

(CMCC-ESM2) (Lovato et al., 2022). These models contributed significantly to the Coupled 110 

Model Intercomparison Project Phase 5 (CMIP5) and CMIP6 (Cherchi et al., 2019).  111 

As LSMs have become more complex in their parameterization, it is crucial to conduct 112 

comprehensive validations to assess their capabilities, applications, and provide references for 113 

future model improvements. For instance, Decker & Zeng (2009) noted that a modified version 114 

of Richards’s equation improved the representation of SM in CLM3.5 compared to the standard 115 

approach. Replacing uniform soil layers with spatially explicit soil thickness, as demonstrated 116 

by Pelletier et al. (2016) and implemented in CLM4.5 (Brunke et al., 2016), significantly 117 

enhanced the simulation of water and energy cycles. Additionally, Swenson & Lawrence 118 

(2015) highlighted the sensitivity of water storage dynamics to soil layer depth in CLM4.5. A 119 

multi-model comparison study on groundwater (Rashid et al., 2019) underscored the 120 

importance of improving the representation of subsurface hydrological processes in LSMs, 121 

including CLM4. While systematic evaluations have been conducted in countries like the US 122 

and China (Cheng et al., 2021; Ma and Wang, 2022), the effectiveness of CLM5 in accurately 123 

simulating water and energy cycles over India, where local land surface changes are especially 124 

significant due to sparse in-situ data, has yet to be evaluated.  125 
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The analysis of CLM5 performance is therefore the necessary foundational step toward 126 

establishing the envisioned DRISHTI framework. This future operational framework will use 127 

the model's identified limitations to guide its focus on improving drought monitoring robustness 128 

by optimally merging satellite and in-situ observations with model simulations to support 129 

national water resource management. This study aims to address two critical questions: How 130 

effectively does CLM5 simulate hydrological variables in irrigated versus rainfed conditions 131 

over India, and how sensitive is it to atmospheric forcing? Additionally, how well does CLM5 132 

simulate historical drought events? To answer these questions, land surface processes are 133 

simulated using CLM5 at a high resolution of 0.1° (~10 km) from 1980 to 2020 across India. 134 

A comprehensive validation is conducted by comparing simulation results with high-quality 135 

data from in situ observations, remote sensing, and re-analysis products at various temporal 136 

scales (daily, monthly, and interannual). The anticipated outcome of this study is to provide 137 

valuable insights into the capabilities and limitations of CLM5 simulations over India, 138 

highlighting areas for improvement and enhancing confidence in simulating future extreme 139 

events under climate change scenarios. The structure of the study is as follows: Section 2 140 

provides a brief description of the study area, Section 3 details the methodology, Section 4 141 

model setup and input data, Section 5 model evaluation and drought assessment, Section 6 142 

offers results and discussion, and Section 7 concludes the study. 143 

 144 

2. Study area 145 

This study is conducted over the Indian region, which features diverse topography and a variety 146 

of climatic zones, ranging from the lush evergreen forests and snow-clad Himalayan mountains 147 

to the arid Thar Desert and plains. The different climate zones are classified based on long-term 148 

observed precipitation and temperature data, using the Köppen–Geiger climate classification 149 

(Peel et al., 2007). The key climate zones in India include tropical wet and dry (savanna) (Aw) 150 

climate, tropical monsoon (Am) climate, hot desert (BWh) climate, hot steppe (BSh) climate, 151 

dry winter humid subtropical (Cwa), and dry winter maritime temperature (Cwb), which cover 152 

the majority of the country and form the focus of this study. The Am region, which includes 153 

the western coast, experiences substantial rainfall due to its orographic features. The Aw 154 

climate zone spans central and southern India, characterized by croplands and fallow lands, 155 

receiving moderate to heavy rainfall. The BSh zone covers the drier regions of Western and 156 

Southern India, with low to moderate rainfall, while the Thar Desert, part of the BWh zone, 157 

https://doi.org/10.5194/egusphere-2026-1296
Preprint. Discussion started: 17 April 2026
c© Author(s) 2026. CC BY 4.0 License.



6 
 

experiences very low rainfall. The Cwa and Cwb zones, covering central, northeastern, and 158 

eastern India, including parts of the Ganga and Brahmaputra basins, form extensive agricultural 159 

regions with moderate to heavy rainfall (Upadhyaya and Ramsankaran, 2018).  160 

 161 

Figure 1: Spatial distribution of Köppen-Geiger climate classification zones across India. 162 

 163 

3 Methodology 164 

3.1 Model description  165 

CLM is the land component of the CESM. The latest version, CLM5, effectively simulates 166 

biophysical and biogeochemical processes, including interactions with the atmosphere. It 167 

represents sub-grid scale heterogeneity by categorizing land into five distinct types: vegetated, 168 

lake, urban, glacier, and crop. Each of these units consists of multiple snow/soil columns, which 169 

can be occupied by different plant functional types (PFTs) (Lawrence et al., 2019b). Sub-model 170 
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schemes are defined for each land unit type to calculate the water and energy fluxes for 171 

individual grid cells.  172 

In CLM5.0, soil thickness ranges from 0 to 8.5 meters, divided into 20 hydrologically active 173 

layers, with increasing depth from top to bottom. Water movement in the soil (unsaturated 174 

zone) is assumed to be one-dimensional, following the Richards equation, i.e., vertically 175 

towards the groundwater table, without interaction between parallel soil columns (Kim and 176 

Mohanty, 2016). Soil water dynamics are modeled using a multi-layer approach, where vertical 177 

SM transport is influenced by infiltration, surface and subsurface runoff, gradient diffusion, 178 

gravity, and canopy transpiration through root extraction (Lawrence et al., 2019a). The 179 

vegetation units in CLM5 are represented by 15 PFTs plus bare land. These PFTs differ in 180 

vegetation physiology and structure and are derived from MODIS satellite data at a 0.05° spatial 181 

resolution (Bonan et al., 2002; Dagon et al., 2020; Lawrence and Chase, 2007). Vegetation 182 

characteristics such as the yearly cycles of leaf area index (LAI), stem area index (SAI), and 183 

canopy height are defined for each PFT (Myneni et al., 2002; Zeng et al., 2002). CLM5 utilizes 184 

a multi-layer canopy model that simulates fluxes using combined information about plant 185 

canopy structure, leaf physiology, and radiative transfer (Bonan et al., 2014). The canopy is 186 

divided into multiple leaf layers with sunlit and shaded fractions, where photosynthesis, 187 

stomatal conductance, leaf temperature, and energy balance are coupled at each layer. The total 188 

ET in CLM5 is the sum of transpiration from vegetation, evaporation from the ground, and 189 

evaporation from water stored in the canopy (canopy evaporation), which is influenced by both 190 

wet leaves and transpiration (Lawrence et al., 2007). A simple TOPMODEL-based runoff 191 

model (SIMTOP), as described by Niu et al. (2005) is implemented to parameterize runoff in 192 

CLM5. The maximum fractional saturated area, slope, and elevation, derived from the USGS 193 

HYDRO1K 1-km dataset (microtopography), significantly influence surface water storage and 194 

outflow processes.  195 

4. Model Setup and Input data  196 

4.1 Model Setup 197 

CLM incorporates complex biogeochemical processes, requiring an extensive spin-up period 198 

of several hundred years to achieve equilibrium in the carbon and nitrogen cycles (BGC), which 199 

demands significant computational resources (Lawrence et al., 2019b). Notably, CLM5BGC 200 

has been shown to consistently underestimate Gross Primary Productivity (GPP) and LAI, 201 

leading to lower ET values (Cheng et al., 2021) and highlighting the need to adjust dynamic 202 

https://doi.org/10.5194/egusphere-2026-1296
Preprint. Discussion started: 17 April 2026
c© Author(s) 2026. CC BY 4.0 License.



8 
 

vegetation planting dates regionally for accurate LAI simulation  (Reddy et al., 2025). To 203 

enhance computational efficiency and leverage observation-based constraints on vegetation, 204 

this study uses the Satellite Phenology (SP) mode. In SP mode, vegetation states - including 205 

LAI, SAI, and canopy height - are prescribed using MODIS satellite data, while carbon and 206 

nitrogen biogeochemistry cycles remain inactive. This approach avoids the prognostic 207 

uncertainties and documented underestimations of GPP and LAI found in CLM5-BGC (Cheng 208 

et al., 2021; Li et al., 2022). Under this configuration, vegetation states are calculated daily 209 

through linear interpolation of the monthly satellite climatology (Lawrence and Chase, 2007). 210 

For the SP simulations, the LAI/SAI for each PFT is derived from a monthly climatology 211 

averaged over the 2003-2015 period, which is applied consistently across all simulation years, 212 

ensuring the same annual cycle of LAI/SAI. A 26-year spin-up period was conducted to achieve 213 

equilibrium, with these equilibrium values serving as the initial conditions for the final 214 

simulations.  215 

The standalone CLM5 is configured to run over the Indian domain (8଴ 𝑁 to 38଴ 𝑁, 68଴ 𝐸 to 216 

98଴ 𝐸, 360 × 360 grid cells) at a spatial resolution of 0.1଴ (~10 km) for the period of 1980 to 217 

2020.  218 

 219 

4.2 Input data  220 

Essential land surface parameters, including the fractions of different land unit types (lake, 221 

glacier, urban, natural vegetation, and crops) within grid cells, as well as soil properties (such 222 

as soil colour, texture, and organic matter density), are derived from high-resolution datasets. 223 

These datasets are compiled from various sources, including the International Geosphere-224 

Biosphere Program (IGBP) and the Global Land One-km Base Elevation Project (Lawrence et 225 

al., 2019a). Land cover information, such as the percentage of PFTs, is derived from a 226 

combination of datasets, including the 2001 MODIS Vegetation Continuous Field (VCF), 227 

MODIS land cover product, and the 1992–1993 AVHRR Continuous Field Tree Cover Project 228 

data (Lawrence and Chase, 2007). The maximum fractional saturated area, slope, and elevation 229 

are obtained from the United States Geological Survey (USGS) HYDRO1K dataset (Verdin & 230 

Greenlee, 1996) and processed using the algorithm described in Niu et al. (2005). For further 231 

details on CLM5 input requirements, readers are directed to the detailed technical description 232 

of CLM5 (Lawrence et al., 2019a). 233 

https://doi.org/10.5194/egusphere-2026-1296
Preprint. Discussion started: 17 April 2026
c© Author(s) 2026. CC BY 4.0 License.



9 
 

To evaluate the sensitivity of CLM5 to atmospheric forcings, two distinct datasets were 234 

selected: a regionally tailored dataset and a globally representative one. The Indian Monsoon 235 

Data Assimilation and Analysis (IMDAA) reanalysis, developed as part of the National 236 

Monsoon Mission (NMM) by the Ministry of Earth Sciences, Government of India, in 237 

collaboration with the National Centre for Medium-Range Weather Forecasting (NCMRWF), 238 

the India Meteorological Department (IMD), and the UK Met Office, provides a high-239 

resolution (12-km) regional dataset for the Indian monsoon. This dataset utilizes a 4D-Var data 240 

assimilation method and the U.K. Met Office Unified Model, integrating both conventional and 241 

satellite observations, including Indian surface and upper-air data that had not been used in 242 

previous reanalyses (Ashrit et al., 2020; Indirarani et al., 2021; Mahmood et al., 2018; Singh et 243 

al., 2021). The ERA5 reanalysis, developed by the European Centre for Medium-Range 244 

Weather Forecasts (ECMWF), serves as the successor to ERA-Interim, offering improved 245 

accuracy and consistency for climate modeling (Hersbach et al., 2020). While both IMDAA 246 

and ERA5 provide comprehensive atmospheric variables, precipitation fields from these 247 

datasets were replaced with the gridded precipitation (P) product from the IMD (Pai et al., 248 

2014) to ensure consistency over India. The P data were generated by spatially interpolating 249 

station data from approximately 6,995 rain gauges across the country using the inverse distance 250 

weighting method (Shepard, 1968). The original resolutions of IMDAA (0.12଴ × 0.12଴) and 251 

ERA5 (0.25଴ × 0.25଴) were subsequently re-gridded to a common resolution of 0.1଴ × 0.1଴, 252 

which was used as the meteorological forcing for CLM5 simulations. In CLM5, cropland within 253 

each grid cell is partitioned into irrigated and rainfed soil columns, based on the global 254 

irrigation dataset from Portmann et al. (2010). Irrigation is applied to the soil surface beneath 255 

irrigated crops, with water drawn from river storage to ensure mass conservation. The model 256 

evaluates daily irrigation demand after 6 a.m. local time. Irrigation is triggered when the crop 257 

LAI  is greater than 0 indicating active growth, and when the SM levels fall below a predefined 258 

threshold ensuring that crops receive adequate water during dry periods (Lawrence et al., 259 

2019a). 260 

To examine the effects of irrigation and meteorological forcing on land surface processes, two 261 

experiments were conducted using each atmospheric dataset: 262 

 Experiment 1: Irrigation activated (irrigated scenario) 263 

 Experiment 2: Irrigation deactivated (rainfed scenario) 264 

All simulations used the same land cover, soil parameters, and initial conditions, ensuring a 265 

consistent basis for comparison. This resulted in four simulations: 266 
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 IMDAA-Irr and ERA5-Irr: Irrigated simulations forced with IMDAA and ERA5, 267 

respectively. 268 

 IMDAA-Rfd and ERA5-Rfd: Rainfed simulations forced with IMDAA and ERA5, 269 

respectively. 270 

This framework enables a robust assessment of CLM5 performance under different irrigation 271 

regimes and atmospheric forcings, while also evaluating its sensitivity to regional (IMDAA) 272 

versus global (ERA5) input data. 273 

 274 

4.3 Observation data set 275 

4.3.1 COSMOS SM  276 

The Indian Cosmic Ray Network (ICON) operates the Cosmic-ray Soil Moisture Observation 277 

System (COSMOS) at seven sites across India (Upadhyaya et al., 2021). In this study, SM data 278 

from three locations: Berampudi (BMB), Madahalli (MDH), and Singanallur (SGR) - were 279 

used to evaluate the model's performance in simulating SM. Additional site details are provided 280 

in Table S1 and Figure S1 (see supplementary material). 281 

 282 

4.3.2 Soil Moisture Active Passive (SMAP) Data 283 

SMAP, launched in 2015, was the first mission dedicated to SM and freeze/thaw monitoring 284 

using both radar and radiometer at L-band, the radar component ceased functioning after three 285 

months, leaving only the passive radiometer operational (Entekhabi et al., 2010). From the 286 

radiometer, with a native footprint of ~39 × 47 km, SM estimates every 2–3 days at 3, 9, and 287 

36 km resolution are derived, with spectral filtering applied to reduce radio-frequency 288 

interference. Retrievals are based on brightness temperature and supported by ancillary data 289 

such as land surface temperature, vegetation opacity, albedo, surface roughness, and soil texture 290 

(O’Neill et al., 2017). For this study, we used the Level 3 passive-only SMAP product at 36 km 291 

resolution from the ascending (AM) orbit, which aligns with CLM5’s daily output referenced 292 

to 6:00 a.m. local time. SMAP data were sourced from NASA's APPEEARS platform.  293 

 294 

4.3.3 GLEAM dataset 295 

The Global Land Evaporation Amsterdam Model (GLEAM)(Miralles et al., 2011) employs 296 

distinct algorithms to estimate various components of terrestrial evaporation, including 297 

transpiration, interception loss, bare-soil evaporation, snow sublimation, and open-water 298 
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evaporation. GLEAM datasets, which provide estimates of ET and root-zone SM (RZSM), are 299 

widely used to analyze spatial variability, water cycle trends, and drought conditions 300 

(Gebrechorkos et al., 2023; Ma et al., 2023; Miralles et al., 2011; Zhang et al., 2016). These 301 

datasets have also been instrumental in evaluating CLM’s ET and SM simulations, with several 302 

studies (Cheng et al., 2021; Ghodichore et al., 2022; Wang et al., 2021) reporting that GLEAM's 303 

performance outperforms MODIS ET when compared against in-situ data (Jia et al., 2022; 304 

Michel et al., 2016; Miralles et al., 2016). For this study, we used the latest GLEAM V4.2a ET 305 

and SM products, at spatial resolution of 0.1଴  × 0.1଴ to evaluate CLM5 ET and SM. The data 306 

can be accessed at GLEAM's website.  307 

 308 

4.3.4 GRUN dataset 309 

The Global Runoff Reconstruction (GRUN) dataset, developed using machine learning 310 

techniques, provides a global gridded reconstruction of monthly runoff rates on a 0.5° × 0.5° 311 

WGS84 grid for the period 1902 to 2014 (Ghiggi et al., 2019). It incorporates runoff 312 

observations from a global collection of in-situ streamflow data, primarily from relatively small 313 

catchments (< 2500 𝑘𝑚ଶ), and trains its algorithm using gridded precipitation and 314 

temperature data from century-long reanalysis as predictors. The GRUN dataset offers valuable 315 

insights into runoff variability, especially in regions with sparse observational data. The dataset 316 

is freely available in NetCDF-4 format and can be accessed at Figshare. 317 

 318 

 319 

5 Model evaluation and Drought assessment 320 

5.1 Performance evaluation 321 

The performance of the CLM5 simulations was assessed by comparing the model outputs 322 

against in situ observations (COSMOS) and reference datasets, such as SMAP, GLEAM, and 323 

GRUN, which are used as observational benchmark in the absence of in-situ data. This study 324 

employed three statistical metrics to evaluate model performance: Root Mean Square Error 325 

(RMSE), Mean Error (ME), and Spearman’s Rank Correlation Coefficient (𝜌), the latter chosen 326 

for its robustness to the non-linear and non-Gaussian characteristics of hydrological variables, 327 

unlike the Pearson correlation which assumes linearity and normality (Helsel et al., 2020). For 328 

gridded products, which provide spatially continuous estimates rather than absolute ground 329 
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truth, differences are reported as Root Mean Square Deviation (RMSD) and Mean Deviation 330 

(MD). The corresponding equations are as follows: 331 

 

𝑅𝑀𝑆𝐸/𝑅𝑀𝑆𝐷 = ඩ෍
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௜ୀଵ

 

          

        (1) 
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where 𝑦௜ refers to values (SM/ET/runoff) from reference datasets, 𝑥௜ to simulated values by 332 

CLM5, 𝑛 to the number of time steps (daily/monthly scale) and 𝑑௜ to the difference between 333 

the ranks of 𝑦௜ and 𝑥௜  334 

To ensure consistency with reference datasets, CLM5 outputs (0.1଴ resolution) were 335 

upscaled using bilinearly interpolated to match the coarser grids of the reference products: ~36 336 

km for SMAP, 0.1° for GLEAM, and 0.5଴ for GRUN. Temporal harmonization was applied to 337 

match each dataset’s resolution: daily for COSMOS, and monthly for GLEAM, and GRUN. 338 

For in-situ comparisons, model outputs were extracted at the exact coordinates of COSMOS 339 

stations to evaluate SM at multiple depths. 340 

 341 

5.2 Drought Indices 342 

To evaluate meteorological, agricultural, and hydrological droughts, we used three 343 

standardized indices: the Standardized Precipitation Evapotranspiration Index (SPEI; Vicente-344 

Serrano et al., 2010), the Standardised Soil Moisture Index (SSI; Hao & AghaKouchak, 2013), 345 

and Standardized Runoff Index (SRI; Shukla & Wood, 2008), respectively. P data was obtained 346 

from the IMD, and ET, SM, and runoff were taken from a single CLM5 configuration selected 347 

based on its overall performance, to maintain internal consistency of the water balance in the 348 

drought analysis. Drought-relevant variables - net precipitation (P – ET), SM, and runoff were 349 

computed for the monsoon season (June to September; JJAS) and the water year (June-May). 350 

These variables were fitted to suitable Probability Distribution Functions (PDFs), including 351 

gamma, log-logistic, GEV, Pearson Type-III, and log-normal distributions (Stagge et al., 2015; 352 

Vicente-Serrano et al., 2010), The Kolmogorov–Smirnov (KS) test was used to select the best-353 
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fit PDF for each variable. From the selected PDFs, Cumulative Distribution Functions (CDFs) 354 

were calculated and transformed to a standard normal distribution to derive the drought indices. 355 

Drought severity was categorized using the U.S. Drought Monitor classification (Svoboda et 356 

al., 2002). 357 

 358 
6 Results and Discussion 359 

6.1 Evaluation of SM against COSMOS 360 

The evaluation of simulated surface soil moisture (SSM) against COSMOS observations 361 

highlights a strong dependence on meteorological forcing and irrigation representation across 362 

stations (Figure 2; Table 1). IMDAA-driven simulations generally outperform ERA5-forced 363 

runs at Berampudi (BMB), Madahalli (MDH), and at Singanallur (SGR) both forcings perform 364 

similarly, with irrigated simulations exhibiting slightly lower RMSE than rainfed runs. This 365 

suggests that the regional reanalysis better captures the hydroclimatic variability governing 366 

near SSM dynamics, while irrigation effects at the station scale remain limited. Across all 367 

stations, simulations exhibit a systematic wet bias, which is amplified under irrigated 368 

conditions. This effect is most pronounced at BMB, where larger errors indicate that irrigation 369 

inputs in CLM5 likely exceed effective water inputs inferred from COSMOS observations. In 370 

contrast, SGR shows comparatively smaller biases, with near-zero mean error under irrigated 371 

conditions and slightly negative bias in rainfed simulations, indicating a more balanced SM 372 

response. MDH displays intermediate behavior between these two cases. 373 

The relationship between error magnitude and correlation varies across stations, with larger 374 

errors at BMB coinciding with higher correlations, while SGR exhibits smaller biases but 375 

weaker correlations. Some discrepancies can be partly attributed to scale mismatches between 376 

COSMOS observations (~150–250 m footprint) and CLM5 simulations (~0.1° resolution), as 377 

well as to structural limitations in the model’s soil hydraulic parameterization, which is based 378 

solely on texture and neglects soil structural features such as bio-pores and aggregation that 379 

strongly influence water retention and flow (Chaney et al., 2018; Fatichi et al., 2020). 380 

 381 
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 382 

Figure 2. Comparison of CLM5SP-simulated SM at 5cm depth against COSMOS observations 383 

at three sites: (a) BMB, (b) MDH, and (c) SGR. In the boxplots, the central line represents the 384 

median, the colored box spans the interquartile range (25th–75th percentile), and the whiskers 385 

extend to the minimum and maximum values within 1.5×IQR; outliers beyond this range are 386 

shown as circles.  387 

Table 1: Performance metrics (RMSE, ME, and ρ) for CLM5-simulated SSM against 388 

COSMOS observations. 389 

Station 
Name 

Metric IMDAA-Irr IMDAA-Rfd ERA5-Irr ERA5-Rfd 

BMB ME (cm³/cm³) 0.09 0.09 0.10 0.10 

 RMSE (cm³/cm³)  0.12 0.12 0.13 0.13 

 𝜌 0.50 0.50 0.50 0.50 

MDH ME (cm³/cm³)  0.02 0.02 0.03 0.03 

 RMSE (cm³/cm³) 0.07 0.07 0.08 0.07 

 𝜌 0.43 0.43 0.42 0.42 

SGR ME (cm³/cm³)  0.00 -0.01 0.01 -0.01 

 RMSE (cm³/cm³) 0.06 0.07 0.06 0.07 

 𝜌 0.38 0.38 0.37 0.37 

 390 

6.2: Grid-wise performance evaluation SM: CLM5 vs. Reference datasets 391 

A grid-wise evaluation of CLM5 was first conducted for SM to capture spatial heterogeneity 392 

and assess the influence of atmospheric forcing and irrigation, providing context for the 393 

subsequent climate zone–wise analysis. 394 

  395 
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   396 

Figure 3: Grid-wise Mean Deviation (MD) of surface soil moisture (SSM, 5 cm) simulated by 397 
CLM5 relative to SMAP across India for 1980–2020. Panels (a–d) show MD for IMDAA-Irr, 398 
IMDAA-Rfd, ERA5-Irr, and ERA5-Rfd. Panels (e–f) present differences in MD (ΔMD) 399 
highlighting the influence of atmospheric forcing (IMDAA vs. ERA5), while panels (g–h) 400 
illustrate the impact of irrigation by contrasting irrigated and rainfed configurations. 401 

 402 

 The Mean Deviation (MD) maps (Figure 3a-d) reveal clear and systematic regional biases in 403 

CLM5 SSM. Overall, simulated SM is higher than SMAP estimates across northwest, central, 404 

peninsular, and parts of northern and northeastern India, indicating a widespread wet bias across 405 

all simulations. In contrast, negative biases dominate in wetter regions, particularly along the 406 

eastern and western coastal belts and portions of northeastern India. Notably, in rainfed 407 

simulations much of the Indo-Gangetic Plain exhibits enhanced dry bias, whereas in irrigated 408 

configurations wet biases are more pronounced and spatially extensive. Among the 409 

experiments, IMDAA-driven simulations exhibit the lowest overall MD, indicating improved 410 

bias representation relative to ERA5-driven runs (Figure 3e–f), and especially compared to 411 

irrigated configurations. Figures 3g–h further confirm that irrigation scenarios consistently 412 

reinforce wet biases over irrigated regions, reflecting an overestimation of SM.  413 
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 414 

Figure 4: Grid-wise Root Mean Square Deviation (RMSD) of surface soil moisture (SSM, 5 415 
cm) simulated by CLM5 relative to SMAP across India for 1980–2020. Panels (a–d) show 416 
RMSD for IMDAA-Irr, IMDAA-Rfd, ERA5-Irr, and ERA5-Rfd. Panels (e–f) present 417 
differences in RMSD (ΔRMSD) highlighting the influence of atmospheric forcing (IMDAA 418 
vs. ERA5), while panels (g–h) illustrate the impact of irrigation by contrasting irrigated and 419 
rainfed configurations. 420 

 421 

To further quantify the magnitude of model bias, Figure 4 presents the grid-wise RMSD values 422 

for all simulations (subplots a–d). Mean RMSD is slightly lower for IMDAA-rainfed 423 

configuration (IMDAA-Rfd: 0.09) than for irrigated runs (IMDAA-Irr: 0.10; ERA5-Irr: 0.10), 424 

indicating overall better performance under rainfed conditions. Higher RMSD values (>0.11 425 

cm³ cm⁻³) persist across northeastern, central, southern, and northern regions, with errors 426 

generally more pronounced in irrigated configurations. Subplots e–h shows the spatial 427 

differences in RMSD (∆RMSD) of SSM between IMDAA- and ERA5-driven simulations. 428 

Overall, IMDAA-based runs exhibit lower RMSD (∆RMSD ≈ −0.005 cm³ cm⁻³) across large 429 

parts of central and southern India, portions of northwestern India, and localized northern 430 

regions, reflecting improved performance relative to ERA5 forcing. In contrast, ERA5-driven 431 

simulations perform better along the southeastern coast, over northeastern India, and across 432 

parts of the Indo-Gangetic Plain. These spatial patterns are further quantified in Supplementary 433 
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Figure S2. In non-irrigated areas, irrigated and rainfed simulations yield identical RMSD values 434 

because irrigation is not activated, resulting in overlapping percentages (e.g., IMDAA-Irr = 435 

IMDAA-Rfd; ERA5-Irr = ERA5-Rfd). Overall, IMDAA-Rfd achieves the lowest RMSD 436 

across 67.2% of grid cells, followed by IMDAA-Irr (33.2%), ERA5-Irr (20.4%), and ERA5-437 

Rfd (17%). Focusing on irrigated grid cells (Figure 4g–h), localized RMSD reductions occur 438 

along the western Indo-Gangetic Plain, while higher RMSD dominates most other irrigated 439 

regions, as also shown in Supplementary Figure S3. Across irrigated areas, IMDAA-Rfd 440 

performs best in 65.3% of cases, particularly over central and peninsular India, whereas rainfed 441 

simulations consistently outperform irrigated runs over much of the Indo-Gangetic Plain. 442 

Overall, both MD and RMSD diagnostics consistently indicate that IMDAA-Rfd provides the 443 

most robust SSM performance across India, while irrigation yields only localized 444 

improvements and often degrades performance at larger scales. A likely cause is that CLM5 445 

triggers irrigation whenever SM falls below a threshold and LAI > 0, directly adding water to 446 

the soil. This mechanism often triggers irrigation too early relative to actual demand 447 

(Dombrowski et al., 2024) and fails to account for diverse real-world application methods (e.g., 448 

canal, groundwater, flood, drip, and sprinkler) or variable timings (Yao et al., 2022). The 449 

correlation maps (Figure S4) show strong temporal agreement (ρ > 0.6) across most of India in 450 

all simulations. In contrast, lower correlations occur in the arid and northern part, likely 451 

reflecting the influence of snow cover, complex terrain, and limitations in SMAP retrievals. 452 

While a standard 1.0 m depth was considered for root zone SM (RZSM) in model evaluation 453 

and agricultural drought analysis, this study accounted for grid cells where CLM5 simulates 454 

the soil columns due to bedrock constraints based on the spatially explicit soil thickness datasets 455 

(Pelletier et al., 2016).As shown in Figure S5 and in Table S2 (see supplementary material), 456 

CLM5 simulates the full 1.0 m depth for 81.9% of the grid cells, whereas reduced depth occur 457 

in specific regions: 0.8 m in 5.1% of cells (eastern Aw zone, western Am coast, and a few 458 

scattered locations), 0.58 m in 9.7% (Cwb zone and Jammu & Kashmir), and 0.4 m in 1.7% 459 

(parts of Jammu & Kashmir). These effective soil depths – were used consistently in all model 460 

– reference comparisons and drought assessments. 461 

Figures S6–S9 present the grid-wise MD, RMSD, and the percentage of grid cells where CLM5 462 

simulations achieve the lowest RMSD when evaluated against GLEAM across India. The 463 

surface soil moisture (10 cm) patterns are broadly consistent with the SMAP-based assessment 464 

and are therefore provided in the Supplementary Material. It is important to note that GLEAM 465 
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does not explicitly represent irrigation; however, as a data assimilation product incorporating 466 

ESA-CCI observations, irrigation signals are indirectly embedded within the dataset. 467 

Figure S10 (subplots a–d) shows the MD patterns for RZSM, which largely mirror the bias 468 

structure observed for SSM. Positive biases dominate across northern, northwestern, and 469 

central India and much of the southern Indo-Gangetic Plain, while negative biases prevail in 470 

northeastern India and along the southeastern and southwestern coastal regions, as well as parts 471 

of the northern Indo-Gangetic Plain. Rainfed simulations (IMDAA-Rfd and ERA5-Rfd) 472 

generally exhibit smaller biases than irrigated configurations, with IMDAA-Rfd providing the 473 

most balanced performance. Overall, MD magnitudes are lower for RZSM than for SSM. 474 

Figure S19 presents the correlation between CLM5 simulations and GLEAM. High correlations 475 

(>0.8) are maintained across most of India for RZSM, though correlations are smaller in 476 

northern and northwestern India and extend into parts of southern India. These spatial patterns 477 

highlight ongoing challenges in simulating deeper SM dynamics in water-limited and high-478 

altitude regions.  479 

Figure S11 (subplots a–d) presents the grid-wise RMSD of RZSM. The spatial error patterns 480 

broadly resemble those of SSM, with higher RMSD concentrated over northern India, parts of 481 

central and southern India, and the northeastern region across all simulations. However, RMSD 482 

magnitudes are generally lower for RZSM than for SSM, reflecting the reduced temporal 483 

variability of deeper soil moisture and its weaker sensitivity to short-term precipitation 484 

fluctuations. Consistent with surface-layer results, IMDAA-driven simulations outperform 485 

ERA5-driven runs (Figure S11e-f) across much of central and southern India and portions of 486 

northwestern India, while ERA5-based simulations perform better along the southeastern coast, 487 

northeastern India, and parts of the Indo-Gangetic Plain. IMDAA-Rfd achieves the lowest mean 488 

RMSD for RZSM, performing best at 61.5% of grid cells (Figure S12). Over irrigated regions 489 

(Figure S13), it again dominates at 64.8% of grid cells, particularly across central and 490 

peninsular India and parts of the Indo-Gangetic Plain. Irrigated configurations provide 491 

improvements only in localized pockets mainly within the Indo-Gangetic Plain, northeastern 492 

India, and along the southeastern coast while ERA5-Irr contributes moderately within the Indo-493 

Gangetic Plain (21.5%), and ERA5-Rfd shows limited influence. Although some irrigated grids 494 

exhibit reduced RMSD (Figure S11g–h), irrigation increases errors across most irrigated 495 

regions, consistent with the wet-bias reinforcement observed in SSM.    496 

 497 
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6.3 Performance evaluation SM across major climate zones 498 

Figure 5 presents the performance of CLM5-simulated SSM at 5 cm depth against SMAP 499 

observations across six major climate zones in India. The model generally exhibits a systematic 500 

wet bias (MD: 0.00 to 0.09 cm³/cm³), most pronounced in the arid and semi-arid regions (BWh, 501 

BSh). Conversely, all simulations consistently underestimate SSM in the Am zone (−0.05 to 502 

−0.06 cm³/cm³), identifying it as a unique region of dry bias. Across most climate zones, 503 

IMDAA-based simulations particularly the rainfed configuration (IMDAA-Rfd) outperformed 504 

ERA5, yielding the lowest RMSD (0.03–0.09 cm³/cm³) and maintaining robust correlations 505 

(0.75–0.93). However, regional exceptions were observed: in the arid BWh zone, IMDAA-Rfd 506 

performed comparably to ERA5-Rfd, while in the tropical monsoon (Am) zone, ERA5-based 507 

simulations achieved a lower RMSD than IMDAA.  508 

Supplementary evaluation against GLEAM at 10 cm depth shows strong agreement with the 509 

SMAP-based patterns (Figure S14; Table S3). At the root-zone level (100 cm), comparisons 510 

with GLEAM further indicate that CLM5 effectively captures deeper SM dynamics (Figure 511 

S14; Table S4). Compared to SSM, RZSM exhibits consistently lower RMSD and MD, which 512 

is related to the fact that SM in deeper layers shows less temporal variability and is less affected 513 

by precipitation peaks. Bias directions largely persist from surface to RZSM, with systematic 514 

wet biases in the arid BSh and BWh zones and underestimation in the humid Am zone. In 515 

contrast, the temperate Cwb zone transitions from a surface-level wet bias to root-zone 516 

underestimation, reflecting climate-dependent differences in subsurface hydrological 517 

processes. Spearman correlations range from 0.63 to 0.95 across climate zones, indicating 518 

strong temporal consistency between simulations and observations. Overall, IMDAA-Rfd 519 

exhibits the best performance across most regions. However, ERA5-driven simulations achieve 520 

higher accuracy in the humid Am and temperate Cwb zones, with IMDAA-Irr also showing 521 

localized improvements in the Cwb region. 522 

In the Am zone, ERA5-based simulations perform slightly better than others, as lower 523 

shortwave radiation (SWR: −23.17 W m⁻²) and higher relative humidity (RH: +21.97%) reduce 524 

atmospheric demand and enhance soil water retention (Table S6; Figure S21). Although 525 

irrigation offers a modest improvement, its limited spatial extent leaves ERA5-Irr simulations 526 

still negatively biased. In Cwb, discrepancies likely arise from differences in effective root-527 

zone depth: CLM5 includes the top four layers (~0.58 m), whereas GLEAM defines the root 528 

zone at ~1 m, permitting greater storage. In BSh and BWh zones, IMDAA-Rfd performs best, 529 
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as IMDAA’s higher SWR and lower RH promote stronger evaporative demand, mitigating the 530 

model’s moisture over-retention.  531 

 532 

Figure 5: Comparison of CLM5-simulated SM against SMAP observations across climate 533 

zones: (a) Am, (b) Aw, (c) BSh, (d) BWh, (e) Cwa, and (f) Cwb. In the boxplots, the central 534 

line represents the median, the colored box spans the interquartile range (25th–75th percentile), 535 

whiskers extend to 1.5×IQR, and outliers are shown as circles.  536 

Table 2: Performance metrics (RMSD, MD, and ρ) for CLM5-simulated SSM against SMAP 537 

observations. 538 

Climate 
Zone 

Metric IMDAA-Irr IMDAA-Rfd ERA5-Irr ERA5-Rfd 

Am MD (cm³/cm³) -0.06 -0.06 -0.05 -0.05 

 RMSD (cm³/cm³)  0.08 0.08 0.07 0.07 

 𝜌 0.87 0.87 0.87 0.87 

Aw MD (cm³/cm³)  0.05 0.03 0.06 0.04 

 RMSD(cm³/cm³) 0.05 0.04 0.06 0.05 

 𝜌 0.93 0.93 0.92 0.92 

BSh MD (cm³/cm³)  0.08 0.05 0.09 0.06 

 RMSD (cm³/cm³) 0.08 0.05 0.09 0.06 

 𝜌 0.92 0.92 0.93 0.92 

BWh MD (cm³/cm³)  0.05 0.03 0.05 0.03 
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 RMSD (cm³/cm³) 0.05 0.04 0.06 0.04 

 𝜌 0.76 0.76 0.76 0.76 

Cwa MD (cm³/cm³)  0.02 0.00 0.04 0.01 

 RMSD (cm³/cm³) 0.04 0.03 0.05 0.04 

 𝜌 0.87 0.88 0.86 0.87 

Cwb MD (cm³/cm³)  0.04 0.03 0.05 0.05 

 RMSD (cm³/cm³) 0.06 0.05 0.07 0.07 

 𝜌 0.79 0.79 0.75 0.75 

 539 

Conversely, ERA5-driven runs - with lower atmospheric demand and added irrigation - 540 

intensify the wet bias. Overall, CLM5 shows consistent directional biases: underestimation in 541 

humid and highland zones (Am, Cwb) and overestimation in drier zones (BSh, BWh), 542 

irrespective of forcing or management scenario. This contrasts with earlier studies over the 543 

USA and China (Cheng et al., 2021; Ma and Wang, 2022), which reported RZSM 544 

underestimation alongside SSM overestimation. Here, both soil layers show bias in the same 545 

direction, and surface-layer errors are larger. 546 

 547 

6.4 Evapotranspiration evaluation against GLEAM grid-wise 548 

Mean Deviation (MD) patterns reveal spatially coherent biases linked to water management 549 

practices (Figure 6a–d). Widespread negative biases dominate across parts of northeastern, 550 

northern, northwest, and southern India and are stronger in rainfed simulations, reflecting lower 551 

ET associated with SM retention in CLM5. In contrast, irrigated configurations shift biases 552 

toward positive values in irrigated regions, where added water enhances ET relative to 553 

GLEAM. Differences in ET magnitude between forcing datasets are further illustrated in Figure 554 

6e–f, with IMDAA-driven simulations generally producing higher ET than ERA5-based runs, 555 

while irrigation tends to increase MD across irrigated regions. Consistent with these patterns, 556 

ERA5-Rfd exhibits the smallest overall MD, remaining closest to the reference data. Temporal 557 

correlations (Figure S19) are strong across most of India, with rainfed simulations (ERA5-Rfd 558 

and IMDAA-Rfd) showing the highest agreement (ρ > 0.8), particularly over the Indo-Gangetic 559 

Plain and parts of northwestern and southern India. 560 

 561 
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 562 

Figure 6: Grid-wise Mean Deviation (MD) of evapotranspiration (ET) simulated by CLM5 563 
relative to GLEAM across India for 1980–2020. Panels (a–d) show MD for IMDAA-Irr, 564 
IMDAA-Rfd, ERA5-Irr, and ERA5-Rfd. Panels (e–f) present differences in MD (ΔMD) 565 
highlighting the influence of atmospheric forcing (IMDAA vs. ERA5), while panels (g–h) 566 
illustrate the impact of irrigation by contrasting irrigated and rainfed configurations. 567 

  568 

Figure 7 (subplots a–d) presents the grid-wise RMSD of ET relative to GLEAM across India. 569 

Overall, ERA5-driven simulations consistently exhibit lower RMSD than IMDAA-driven runs 570 

(Figure 7e–f). This is further supported by Supplementary Figure S15, which shows ERA5-Rfd 571 

and ERA5-Irr achieving the best performance at 68.6% and 62.7% of grid cells, respectively. 572 

In contrast, IMDAA-based simulations outperform ERA5 only over limited regions, primarily 573 

in parts of northwestern India, the northeast, and small pockets of southern India (IMDAA-Rfd: 574 

7.1%; IMDAA-Irr: 7.9%). The impact of irrigation on ET performance is illustrated in Figure 575 

7g–h, where irrigation generally increases RMSD across irrigated grid cells. Localized 576 

improvements are observed in parts of southern India and in a few grids within the Indo-577 

Gangetic Plain. A focused analysis over irrigated areas (Figure S16) confirms this behavior, 578 

with ERA5-Rfd and ERA5-Irr remaining closer to GLEAM over 54.4% and 43.4% of irrigated 579 

grid cells, respectively, while IMDAA-driven simulations account for less than 3%.  580 
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 581 

Figure 7: Grid-wise Root Mean Square Deviation (RMSD) of evapotranspiration (ET) 582 
simulated by CLM5 relative to GLEAM across India for 1980–2020. Panels (a–d) show RMSD 583 
for IMDAA-Irr, IMDAA-Rfd, ERA5-Irr, and ERA5-Rfd. Panels (e–f) present differences in 584 
RMSD (ΔRMSD) highlighting the influence of atmospheric forcing (IMDAA vs. ERA5), while 585 
panels (g–h) illustrate the impact of irrigation by contrasting irrigated and rainfed 586 
configurations. 587 

 588 

This performance contrasts with the SM results, where IMDAA was superior. This divergence 589 

arises from differences in atmospheric demand driven primarily by radiation and humidity, as 590 

differences in mean values of other forcing variables were negligible (< 1; see Figure S20, 591 

supplementary material). IMDAA has significantly higher mean incoming SWR and 592 

substantially lower mean relative humidity compared to ERA5 (Table S6; supplementary 593 

material). In CLM5, this increased energy input and atmospheric demand resulted in a 594 

significantly higher mean simulated net radiation (Rnet: ~+17.87 W/m²; Figure S21, 595 

supplementary material). This surplus energy enhances ET, causing positive ET biases relative 596 

to GLEAM. However, through water balance partitioning, this increased evaporative flux 597 

actively depletes soil water, effectively correcting the model's intrinsic wet bias and thereby 598 

improving SM accuracy. Conversely, ERA5’s lower SWR and higher RH constrain ET - 599 

bringing it closer to GLEAM estimates - but suppress soil drying, resulting in the retention of 600 
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excess moisture and the degradation of SM performance. These results highlight that SWR and 601 

RH inputs strongly regulate the partitioning between SM storage and ET fluxes, creating a 602 

trade-off in model performance depending on the variable evaluated (Wang et al., 2007). As 603 

none of the simulation runs optimally resolves all hydrological processes - with IMDAA 604 

excelling in SM and ERA5 in ET - future efforts should focus on data fusion (Wang et al., 605 

2024). Assimilating different datasets, including estimation of ecosystem parameters which 606 

have an important impact on ET, could yield a more robust hybrid dataset capable of resolving 607 

current trade-offs and reproducing both SM and ET dynamics concurrently. 608 

 609 

6.5 Evapotranspiration (ET) evaluation against GLEAM across zones 610 

Figure 8 compares CLM5-simulated ET against GLEAM estimates across six climate zones. 611 

MD patterns indicate that overall model performance varied substantially by region. Systematic 612 

negative biases were evident in the Am and Cwb zones across all simulations. Similarly, rainfed 613 

simulations in the semi-arid (BSh) and arid (BWh) zones - as well as ERA5-Rfd in Aw - exhibit 614 

negative biases, consistent with water-limited conditions. In contrast, positive biases emerged 615 

in the subtropical Cwa and in the irrigated simulations over BSh and BWh, where artificial 616 

water application enhanced ET. The smallest differences were observed in the temperate 617 

highland (Cwb) and arid (BWh) zones, while the largest differences occurred in the humid 618 

monsoon zone (Am). The magnitude of these errors is further reflected in the RMSD. ERA5-619 

based simulations (both irrigated and rainfed) yielded the lowest RMSD in the Am, Aw, and 620 

BSh zones; performance in the arid BWh zone was comparable across IMDAA-Rfd, ERA5-621 

Irr, and ERA5-Rfd; ERA5-Rfd performed best in Cwa; and IMDAA-Irr showed the lowest 622 

RMSD in Cwb. Bias patterns show a clear link to moisture availability. Temporal agreement is 623 

strong across most regions, with correlation coefficients exceeding 0.8 in all zones except Am, 624 

where values are notably lower (~0.42–0.47). 625 
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 626 

Figure 8: Comparison of CLM5-simulated evapotranspiration (ET) with GLEAM across six 627 

climate zones. Panels (a–f) show boxplots of ET for GLEAM and simulations (s1–s4) over Am, 628 

Aw, BSh, BWh, Cwa, and Cwb zones. In the boxplots, the central line indicates the median, 629 

the box spans the interquartile range (25th–75th percentile), whiskers extend to 1.5×IQR, and 630 

outliers are shown as circles.  631 

 632 

Table 3: Performance metrics (𝑅𝑀𝑆𝐷, 𝑀𝐷 , and 𝜌) for ET vs GLEAM. 633 

Climate 
Zone 

Metric IMDAA-Irr IMDAA-Rfd ERA5-Irr ERA5-Rfd 

Am MD (mm/day) -0.19 -0.21 -0.30 -0.32 

 RMSD (mm/day)  0.68 0.70 0.66 0.68 

 𝜌 0.47 0.46 0.42 0.42 

Aw MD (mm/day)  0.35 0.08 0.20 -0.03 

 RMSD (mm/day) 0.61 0.62 0.39 0.44 

 𝜌 0.89 0.88 0.89 0.87 

BSh MD (mm/day)  0.37 -0.15 0.24 -0.20 

 RMSD (mm/day) 0.57 0.51 0.42 0.42 

 𝜌 0.83 0.91 0.83 0.90 

BWh MD (mm/day)  0.14 -0.09 0.07 -0.12 

 RMSD (mm/day) 0.31 0.27 0.27 0.27 
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 𝜌 0.83 0.86 0.83 0.85 

Cwa MD (mm/day)  0.49 0.22 0.31 0.08 

 RMSD (mm/day) 0.68 0.59 0.44 0.36 

 𝜌 0.91 0.88 0.91 0.88 

Cwb MD (mm/day)  -0.10 -0.19 -0.21 -0.29 

 RMSD (mm/day) 0.26 0.33 0.27 0.35 

 𝜌 0.88 0.87 0.91 0.89 

 634 

6.6 Runoff evaluation against GRUN grid-wise 635 

The grid-wise MD patterns for runoff (Figure 9a–d) show widespread positive biases across 636 

southern India and parts of central and northern regions, with larger magnitudes in irrigated 637 

simulations. In contrast, negative biases dominate across northeastern India, portions of 638 

northern India, and along the southwestern coast. Comparisons between forcing datasets 639 

(Figure 9e–f) indicate lower MD for IMDAA-driven runs across most of India, whereas ERA5-640 

driven simulations exhibit smaller biases in localized areas of the northeast, north, northwest, 641 

and southern regions. The irrigation contrast (Figure 9g–h) further confirms that, consistent 642 

with SM and ET results, irrigated configurations generally reinforce positive runoff biases 643 

relative to rainfed simulations.  644 

Figure 10 presents the grid-wise RMSD of runoff relative to GRUN across India. 645 

Consistent with the SM results, IMDAA-Rfd exhibits the lowest mean RMSD (1.13 mm day⁻¹) 646 

among the four simulations, indicating the best overall performance. This is further supported 647 

by Supplementary Figure S17, which shows IMDAA-Rfd achieving the lowest RMSD at 648 

64.9% of grid cells, reaffirming its robustness in representing runoff dynamics nationwide. 649 

Spatially, the highest RMSD values across all simulations occur along the western coast, 650 

northern India, and northeastern regions (Figure 10a–d). Differences between forcing datasets 651 

(Figure 10e–f) show lower RMSD for IMDAA-driven runs across much of central and northern 652 

India, while ERA5-driven simulations perform better in limited areas of central India, the 653 

northeast, and the southwestern and southeastern coasts. A focused evaluation over irrigated 654 

grid cells (Figure S18) similarly identifies IMDAA-Rfd as the best-performing configuration 655 

at 59.2% of irrigated locations, particularly across central and peninsular India. However, a 656 

mixed performance emerges within parts of the Indo-Gangetic Plain, where the lowest RMSD 657 

is distributed among rainfed and irrigated simulations, including ERA5-Rfd, IMDAA-Rfd, 658 

ERA5-Irr, and to a lesser extent IMDAA-Irr. Localized improvements from irrigated runs also 659 
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appear in eastern India and scattered grids along the southwestern and southeastern coasts. 660 

ERA5-Irr performs best at 27.3% of irrigated grid cells, primarily across the Indo-Gangetic 661 

Plain, northeastern India, and sections of the eastern coast. Although IMDAA-Rfd dominates 662 

overall, irrigated configurations contribute improvements at nearly one-third of irrigated 663 

locations, highlighting their localized influence.  The irrigation impact (Figure 10g–h) indicates 664 

that, similar to SM and ET, irrigated simulations generally increase RMSD relative to rainfed 665 

configurations across most irrigated grid cells. 666 

 667 

 668 

Figure 9: Grid-wise Mean Deviation (MD) of Runoff simulated by CLM5 relative to GLEAM 669 
across India for 1980–2020. Panels (a–d) show MD for IMDAA-Irr, IMDAA-Rfd, ERA5-Irr, 670 
and ERA5-Rfd. Panels (e–f) present differences in MD (ΔMD) highlighting the influence of 671 
atmospheric forcing (IMDAA vs. ERA5), while panels (g–h) illustrate the impact of irrigation 672 
by contrasting irrigated and rainfed configurations. 673 

Correlation patterns (Figure S19) provide complementary insight, showing that rainfed 674 

simulations consistently achieve stronger temporal agreement with GRUN than irrigated runs, 675 

particularly across southern India and the Indo-Gangetic Plain. This indicates that although 676 

irrigation can locally reduce mean bias, it does not systematically improve runoff performance 677 

across regions. Atmospheric forcing also plays a critical role: the higher evaporative demand 678 

associated with IMDAA forcing (Figures S20 and S21) enhances ET and depletes SM relative 679 
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to ERA5, thereby reducing runoff generation. Together, these findings highlight the strong 680 

sensitivity of CLM5 runoff simulations to both irrigation representation and meteorological 681 

drivers in regulating hydrological partitioning. 682 

 683 

 684 

Figure 10: Grid-wise Root Mean Square Deviation (RMSD) of Runoff simulated by CLM5 685 
relative to GRUN across India for 1980–2020. Panels (a–d) show RMSD for IMDAA-Irr, 686 
IMDAA-Rfd, ERA5-Irr, and ERA5-Rfd. Panels (e–f) present differences in RMSD (ΔRMSD) 687 
highlighting the influence of atmospheric forcing (IMDAA vs. ERA5), while panels (g–h) 688 
illustrate the impact of irrigation by contrasting irrigated and rainfed configurations. 689 

 690 

6.7 Runoff evaluation against GRUN across climate zones 691 

Figure 11 compares CLM5-simulated runoff with GRUN across six climate zones. Mean 692 

Deviation (MD) patterns indicate that model performance varies substantially across regions, 693 

with biases differing by climate regime. The model performance also varies significantly in 694 

terms of error magnitude, with RMSD ranging from 0.05 mm/day (BWh) to 1.70 mm/day 695 

(Am). In terms of correlation, values range from 0.47 (BWh) to 0.93 (Cwb), with the lowest 696 

values consistently found in arid regions. The best-performing configurations also vary by 697 

climate zone: all simulations yield comparable RMSD in the Am (1.70) and BWh (0.05) zones; 698 
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ERA5-Irr performs best in Cwa and Cwb; IMDAA-Rfd shows the lowest RMSD in BSh; and 699 

ERA5-Rfd performs best in Aw.  700 

Synthesizing the results across climate zones (Figures 5, 8, 11, and 12) reveals three 701 

distinct behavioural patterns in the model. First, the Am zone exhibits a consistent 'Dry Bias,' 702 

characterized by low SM, ET, and runoff across all simulations, stemming from two 703 

interconnected factors: (a) systematic underestimation of precipitation in IMD forcing over 704 

humid regions (Goteti et al. 2024), reducing available water, and (b) flawed ET partitioning - 705 

wherein interception and bare soil evaporation are high while transpiration (see Figure 12) is 706 

severely low (Zhang et al., 2023) - collectively resulting in net low ET, SM, and runoff. 707 

 708 

Figure 11: Comparison of CLM5-simulated runoff with GRUN across six climate zones. 709 

Panels (a–f) show boxplots of runoff for GRUN and simulations (s1–s4) over Am, Aw, BSh, 710 

BWh, Cwa, and Cwb zones. In the boxplots, the line inside each box indicates the median, the 711 

box spans the interquartile range (25th–75th percentile), whiskers extend to 1.5×IQR, and 712 

outliers are shown as circles.  713 

Second, the Tropical and Arid zones (Aw, BSh, BWh) exhibit a 'Storage Surplus,' defined by 714 

high SM and high runoff. In the arid zones (BSh, BWh), this accumulation can probably be 715 

attributed to the Dry Surface Layer (DSL) scheme, which suppresses soil evaporation (Deng et 716 

al., 2020; Wang et al., 2024), trapping excess moisture and driving elevated runoff. ET in these 717 

zones varies by water supply: it remains low in rainfed arid simulations but increases 718 

substantially in irrigated runs (and consistently in the Aw zone) where water availability meets 719 
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atmospheric demand. Third, the Temperate zones (Cwa, Cwb) display a 'Runoff Paradox,' 720 

characterized by high surface SM but low runoff. In Cwa, this surplus SM successfully supports 721 

high ET. However, Cwb presents a distinct decoupling: despite high surface SM, ET and runoff 722 

are low. The lower simulated root-zone moisture may partly reflect differences in how the root 723 

zone is defined, as CLM5 represents SM within the upper ~0.58 m (as bedrock presents in 724 

CLM5), whereas GLEAM's estimates root-zone moisture over a deeper profile (~1 m; no bed 725 

rock, considers uniform SM depth), leading to structural inconsistencies between the two 726 

datasets rather than a definitive model bias. Consequently, the suppressed ET in Cwb is likely 727 

not caused by surface water stress, but rather by limited root-zone storage, restricted infiltration, 728 

and biases in plant phenology (low transpiration: see Figure 12) that prevent effective root-729 

water uptake. 730 

Table 4: Performance metrics (𝑅𝑀𝑆𝐷, 𝑀𝐷 , and 𝜌) for Runoff vs GRUN. 731 

Climate 
Zone 

Metric IMDAA-Irr IMDAA-Rfd ERA5-Irr ERA5-Rfd 

Am MD (mm/day) -0.35 -0.36 -0.29 -0.30 

 RMSD (mm/day)  1.70 1.70 1.70 1.70 

 𝜌 0.91 0.91 0.91 0.91 

Aw MD (mm/day)  0.08 -0.03 0.12 0.02 

 RMSD (mm/day) 0.33 0.31 0.32 0.29 

 𝜌 0.82 0.87 0.82 0.87 

BSh MD (mm/day)  0.24 0.11 0.24 0.13 

 RMSD (mm/day) 0.31 0.22 0.31 0.24 

 𝜌 0.64        0.75 0.64 0.75 

BWh MD (mm/day)  0.02 0.00 0.02 0.00 

 RMSD (mm/day) 0.05 0.05 0.05 0.05 

 𝜌 0.55 0.47 0.55 0.47 

Cwa MD (mm/day)  -0.15 -0.24 -0.11 -0.20 

 RMSD (mm/day) 0.40 0.45 0.35 0.39 

 𝜌 0.90 0.90 0.90 0.91 

Cwb MD (mm/day)  -0.31 -0.34 -0.26 -0.29 

 RMSD (mm/day) 0.79 0.80 0.78 0.79 

 𝜌 0.92 0.93 0.93 0.93 

 732 
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Specifically, the model likely underestimates LAI due to limitations in the SP parameterization 733 

in CLM5. The SP scheme relies on long-term monthly climatology that repeats annually, failing 734 

to capture interannual variability in vegetation dynamics. Consequently, the model cannot 735 

capture enhanced vegetation growth during wetter years, creating a "vegetation-limited" rather 736 

than "water-limited" state where excess SM does not translate into higher transpiration rates 737 

(Wang et al., 2024). Similar behaviour has been reported for CLM5-BGC, which tends to 738 

underestimate ET even more strongly than CLM5-SP due to an inherent underestimation of 739 

LAI, further reinforcing the role of vegetation phenology in shaping ET biases (Cheng et al., 740 

2021; Wei et al., 2017). Overall, these patterns indicate a systematic bias in CLM5 toward 741 

lower ET and higher SM, consistent with findings from evaluations over China, Europe, and 742 

the USA (Cheng et al., 2021; Poppe Terán et al., 2025; Zhang et al., 2023). 743 

Second, regarding the 'Runoff Paradox' (high SM yielding low runoff), the contradiction 744 

likely stems from CLM5's omission of hillslope-scale terrain processes. The model primarily 745 

simulates vertical water movement (infiltration and percolation) but neglects sub-grid lateral 746 

ridge-to-valley flows, which are a primary mechanism for runoff generation in complex terrain 747 

(Fan et al., 2019). Without these lateral pathways, excess water that should rapidly enter 748 

streams via saturation-excess runoff is instead retained within the soil column, directly 749 

contributing to the observed overestimation of SM. As demonstrated by Swenson et al. (2019), 750 

incorporating representative hillslope physics - whereby grid cells are decomposed into upland 751 

and lowland columns - is necessary to redistribute this soil water correctly, thereby resolving 752 

the structural disconnection between SM storage and runoff generation. 753 

 754 

6.8 Precipitation partitioning and its regional variability across climatic zones 755 

Figure 12 summarizes the partitioning of precipitation into runoff, transpiration, evaporation, 756 

and interception across six climate zones for CLM5 (ERA5-Rfd) relative to GLEAM and 757 

GRUN. A clear hydroclimatic gradient emerges. In the humid Cwb and Am zones, runoff 758 

dominates the water balance. GRUN indicates that runoff accounts for ~43–50% of 759 

precipitation, with transpiration contributing ~26%. In comparison, CLM5 allocates a smaller 760 

fraction to both runoff (~37–46%) and transpiration (~18%), with a compensating increase in 761 

bare-soil evaporation and interception. In semi-arid BSh, transpiration represents the primary 762 

pathway in GLEAM (~51%), whereas CLM5 assigns a lower fraction to transpiration (~45%) 763 

and a higher fraction to runoff (~18%) compared with GRUN (~11%). 764 
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 765 

Figure 12. Comparison of observed and CLM5SP-simulated hydrological component 766 

partitioning (runoff, evaporation, interception, and transpiration) expressed as a percentage of 767 

precipitation across six major climate zones in India. 768 
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In the arid BWh zone, GLEAM partitions atmospheric losses nearly evenly between 769 

evaporation (~44%) and transpiration (~38%), while CLM5 simulates slightly lower 770 

evaporation (~38%) and marginally higher transpiration (~40%). The transition zones (Aw and 771 

Cwa) exhibit a more balanced regime, with transpiration (~32–37%) exceeding runoff (~23–772 

29%). Relative to GLEAM and GRUN, CLM5 consistently allocates smaller fractions to 773 

transpiration and, in Cwa, substantially lower runoff, while increasing non-productive losses 774 

such as bare-soil evaporation (e.g., ~17% in CLM5 versus ~13% in GLEAM). These 775 

differences reflect contrasting assumptions in water-balance partitioning rather than definitive 776 

errors, given the large uncertainties in separating evaporation and transpiration. 777 

 778 

Figure 13.  Transpiration Fraction of Evapotranspiration Across Köppen Climate Zones 779 
(values rounded to two decimals). 780 

 781 

Figure 13 shows the transpiration fraction of evapotranspiration (T/ET), highlighting how much 782 

of total ET is driven by vegetation rather than non-transpirative evaporation. Across Köppen 783 

climate zones, T/ET ranges from about 0.43 to 0.74, consistent with global estimates (Wei et 784 

al., 2017) that identify transpiration as the dominant ET component in most regions (Song et 785 

al., 2020). GLEAM yields higher T/ET ratios than CLM5SP in most regions, especially in 786 

humid climates, while in the semi-arid BSh climate both products give nearly identical ratios. 787 

In contrast, over the arid BWh climate CLM5SP produces a higher T/ET (0.48) than GLEAM 788 

(0.43), suggesting differences in partitioning ET under strongly water-limited conditions 789 

between GLEAM and CLM5SP.  790 

 791 

 792 
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6.9 Simulating Historical Drought Events  793 

To assess CLM5's capability in simulating historical droughts, this study reconstructs major 794 

meteorological and agricultural monsoon droughts from 1987, 2002, 2009, and 2015, and 795 

hydrological droughts during the 2018 monsoon and the 2003 and 2016 water years, based on 796 

prior studies (Chuphal et al., 2024; Mishra, 2020; Mishra et al., 2018). For the drought analysis, 797 

all land-surface variables (SM, ET, and runoff) are taken from the IMDAA-Rfd configuration. 798 

This setup was selected because it provides the best overall hydrological consistency, reducing 799 

RMSD for SM (10%) and runoff (2.5%) relative to ERA5-Rfd, despite exhibiting higher ET 800 

errors (by 17%) compared with ERA5-based simulations. 801 

The best-fitting distributions at the grid level are shown in Figures S23–S26 802 

(supplementary material). As illustrated in Figures 14, 15, and 16, the spatial extent of 803 

monsoon-season and water-year droughts - across meteorological, agricultural, and 804 

hydrological categories - closely matches previous findings by Chuphal et al. (2024), and 805 

Mishra et al. (2020). Figure 16b shows lower drought severity  over parts of the Indo-Gangetic 806 

Plain and Northeast India during 2018 relative to the Variable Infiltration Capacity (VIC) based 807 

estimates, likely reflecting differences in runoff representation between the VIC and CLM5 808 

models. Overall, the strong agreement with historical records highlights CLM5SP's 809 

effectiveness in reproducing drought conditions across varied hydroclimatic zones in India. 810 

 811 

Figure 14: Spatial extent of meteorological droughts (Standardised Precipitation and 812 
Evapotranspiration Index - SPEI) simulated by CLM5SP for the Monsoon (JJAS) during the 813 
years 1987, 2002, 2009 and 2015. 814 
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 815 

Figure 15: Spatial extent of agricultural droughts (Soil Moisture Index - SSI) simulated by 816 
CLM5SP for the Monsoon (JJAS) during the years 1987, 2002, 2009 and 2015. 817 

 818 

Figure 16. Spatial extent of Hydrological drought (SRI) derived from CLM5SP products for 819 
(a) 2003 water-year (June-May: sum), (b) 2018 monsoon drought (JJAS: sum), and (c) 2016 820 
water-year (June-May: sum).    821 

 822 

6. 10 Discussion 823 

The marginal benefit of irrigation simulations likely stems from two key limitations. First, the 824 

input dataset - Monthly Irrigated and Rainfed Crop Areas around the year 2000 (MIRCA2000; 825 

Portmann et al., 2010) is static and derived from coarse resolutions, failing to capture year-to-826 

year variability and expansion of irrigation across India. Second, the default irrigation scheme 827 

in CLM5 is structurally simplified: it applies water uniformly at a fixed time (06:00 local time) 828 

whenever LAI > 0 and SM falls below a threshold. This logic ignores the diverse timing, 829 

methods, and efficiencies of real-world practices and excludes critical water sources such as 830 

reservoirs and groundwater pumping. Recent studies (Dombrowski et al., 2024; Yao et al., 831 
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2022) demonstrate that integrating observed irrigation data and refining parameterizations for 832 

specific methods (e.g., sprinkler, flood, and paddy) substantially improves the simulation of 833 

SM, transpiration, and crop yield. Therefore, accounting for this spatial and temporal 834 

heterogeneity is an essential next step. Such enhancements would not only improve 835 

hydrological consistency but also strengthen CLM5’s ability to assess the broader impacts of 836 

irrigation on energy fluxes, carbon–nitrogen cycling, and regional climate (Dombrowski et al., 837 

2024; Zhu et al., 2020).  838 

Our central finding is that CLM5 biases stem from fundamental, climate-dependent structural 839 

flaws that manifest as three distinct patterns: a 'Dry Bias' in humid zones (Am), a 'Wet Bias' in 840 

arid and semi-arid zones (BWh, BSh), and a 'Runoff Paradox' in temperate zones (Cwa, Cwb). 841 

Addressing the wet bias in arid regions requires revisiting the DSL parameterization. 842 

Conversely, the dry bias in humid (Am) zones can be overcome by incorporating high-843 

resolution dynamical downscaling models (e.g., Weather Research and Forecasting (WRF) 844 

Hydro model at 3–4 km resolution), which better capture orographic precipitation in 845 

mountainous regions than gauge-based products (Hunt and Menon, 2020; Li et al., 2017). Such 846 

downscaled precipitation could address IMD underestimation over humid zones and improve 847 

CLM5.0 simulations of SM, ET, and runoff for drought assessments in data-scarce 848 

mountainous regions. Temperate (Cwb) regions reveal a critical biological limitation. Although 849 

interception and bare-soil evaporation may be overestimated, the net low ET is most likely 850 

driven by underestimated transpiration, consistent with CLM5 evaluations that attribute low 851 

ET to underestimated LAI and, consequently, a small transpiration component  (Cheng et al., 852 

2021; Wei et al., 2017). Our T/ET analysis (Figure 13) further supports this interpretation: 853 

GLEAM generally produces higher T/ET ratios than CLM5 across most Köppen climate zones, 854 

particularly in humid regions, indicating that CLM5 allocates a smaller fraction of ET to 855 

transpiration. Overall, these patterns point to a systematic CLM5 bias toward lower ET and 856 

higher SM, in line with regional evaluations over North America, Europe, and China (Cheng 857 

et al., 2021; Poppe Terán et al., 2025; Zhang et al., 2023). Rather than relying solely on 858 

parameter tuning, future work should combine parameter optimization with targeted 859 

improvements in vegetation-related processes (e.g. phenology, stomatal conductance, and root 860 

water uptake) to better reconcile CLM5’s transpiration and ET with observations. This could 861 

include LAI data assimilation (Raczka et al., 2021) and regionally adjusting dynamic vegetation 862 

planting dates to improve plant phenology (Reddy et al., 2025). Resolving these climate-863 

dependent biases requires a comprehensive strategy that involves tuning to address structural, 864 
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parametric, and data-driven limitations. First, lateral flow processes in complex terrain must be 865 

considered. The model currently omits sub-grid hillslope processes, such as lateral ridge-to-866 

valley flows, which significantly affect water partitioning (Fan et al., 2019). Incorporating 867 

representative hillslope models (Swenson et al., 2019) and realistic soil depth profiles (Jin et 868 

al., 2022) represents a critical pathway to resolve the 'Runoff Paradox' and improve the 869 

simulation of saturation-excess runoff. Second, parameter refinement is essential to correct the 870 

phenological and storage biases identified in this study. Calibrating deep soil layers (Deng et 871 

al., 2021), and employing multi-objective calibration (Denager et al., 2023) have all proven 872 

effective in substantially reducing model error. Finally, advanced data integration techniques 873 

offer a solution for residual biases driven by forcing uncertainties. Coupling the model with 874 

data assimilation systems (Raczka et al., 2021; Strebel et al., 2022) or applying time-variant 875 

bias correction strategies, such as Random Forest methods (Zhang et al., 2025), has shown 876 

promise in improving hydrological estimates. 877 

 Furthermore, discrepancies in our simulations were amplified by variations in meteorological 878 

forcing (IMDAA vs. ERA5). Given the uncertainties in input data, it is important to consider 879 

these via ensemble simulations (Wang et al., 2024). Finally, it is important to note that the 880 

CLM5 simulations in this study were uncalibrated, a standard approach for regional baselines 881 

that inherently anticipates discrepancies. Furthermore, the reference datasets themselves are 882 

subject to uncertainties, complicating the definitive attribution of error. Thus, the distinct 883 

behavioral patterns identified here likely reflect a combination of model structural deficiencies, 884 

parameter mismatches, and uncertainties within the reference benchmarks.  885 

 Rather than attempting ad-hoc model tuning, this study establishes a first evaluation of 886 

CLM5’s ability to represent key hydrological variables across the Indian subcontinent. Much 887 

like regional assessments in the United States and China (Cheng et al., 2021; Ma and Wang, 888 

2022), this work provides a necessary benchmark. By delineating the model's strengths and 889 

structural limitations within a complex, irrigation-dominated environment, we identify critical 890 

pathways for improving the representation of irrigation and water–energy interactions in future 891 

Earth system modeling. 892 

 893 

7. Conclusions 894 

This study presents a comprehensive evaluation of the Community Land Model 5 (CLM5.0) 895 

over India, focusing on its ability to simulate key hydrological variables - soil moisture (SM), 896 
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evapotranspiration (ET), and runoff - and its skill in reconstructing historical drought events 897 

from 1980 to 2020. Simulated outputs were evaluated against multiple reference datasets, 898 

including in-situ data from the Cosmic-ray Soil Moisture Observation System (COSMOS), 899 

satellite-derived Soil Moisture Active Passive (SMAP) products, the Global Land Evaporation 900 

Amsterdam Model (GLEAM), and the Global Runoff Reconstruction (GRUN). High-901 

resolution (0.1°) simulations were performed using two atmospheric forcing datasets, Indian 902 

Monsoon Data Assimilation and Analysis (IMDAA) and ECMWF Reanalysis v5 ERA5 - to 903 

assess the model’s sensitivity to forcing inputs and its capability to capture the spatial and 904 

temporal variability of hydrological processes across India. 905 

The evaluation demonstrates that CLM5 captures the spatiotemporal variability of SM, ET, and 906 

runoff across India, showing strong potential to bridge observational gaps in data-scarce 907 

regions. Rainfed configurations generally outperform irrigated ones at majority of grids, 908 

suggesting that CLM5 currently represents hydrological processes more realistically without 909 

irrigation. Notably, irrigation reduced errors in root-zone SM over only ~26% of irrigated grid 910 

cells, while surface SM was improved over ~23% grid cells, and runoff and ET improvements 911 

were observed in ~33% and ~45% of irrigated grid cells, respectively. The grid-wise 912 

differences between irrigated and rainfed simulations show that irrigation consistently increases 913 

soil moisture, evapotranspiration, and runoff over irrigated regions in CLM5, reflecting the 914 

direct addition of water and its subsequent partitioning within the land surface system. These 915 

findings point to the need for improved irrigation parameterizations, incorporating observed 916 

irrigation practices, timing, and methods, to better capture regional water dynamics. 917 

Distinct structural biases emerged. First, the Am humid zone's persistent dry bias stems 918 

from systematic IMD precipitation underestimation reducing available water, combined with 919 

flawed ET partitioning where interception and bare-soil evaporation are probably 920 

overestimated while transpiration is probably (severely) underestimated, resulting in net low 921 

ET, SM, and runoff. Second, the tropical and arid zones (Aw, BSh, BWh) exhibit a storage 922 

surplus, with high SM and high runoff. This is probably driven by the Dry Surface Layer (DSL) 923 

scheme, which overly suppresses soil evaporation. Under rainfed conditions this leads to low 924 

ET, whereas irrigation adds sufficient water to increase soil evaporation and raise ET. Third, 925 

the temperate zones (Cwa, Cwb) display a runoff paradox: high surface SM but low runoff. In 926 

Cwa, this moisture supports high ET, while in Cwb the root-zone SM, ET, and runoff are low. 927 

This decoupling (Cwb) reflects shallow effective root-zone depth in CLM5 and phenology-928 

related biases that limit transpiration and root-water uptake. Additionally, the low runoff in 929 
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Am, Cwa and Cwb is consistent with CLM5’s omission of hillslope-scale lateral flow, which 930 

prevents ridge-to-valley redistribution of water and leads to unrealistic runoff deficits in 931 

complex terrain and holding moisture in the soil columns. 932 

Model performance is strongly influenced by atmospheric forcing. Based on India-wide 933 

mean RMSD, IMDAA-Rfd reduces SM and runoff deviations by ~10% and ~2.5%, 934 

respectively, relative to ERA5-Rfd, whereas ERA5-driven simulations (ERA5-Rfd and ERA5-935 

Irr) reduce ET RMSD by ~17% relative to IMDAA-based runs. Crucially, since all simulations 936 

were forced with identical precipitation (IMD), these discrepancies are driven solely by 937 

differences in atmospheric demand. IMDAA’s high shortwave radiation (SWR) and low 938 

relative humidity (RH) enhance ET; this depletion of soil water reduces storage and runoff, 939 

improving consistency with SM and runoff benchmarks by counteracting the model's wet bias. 940 

Conversely, ERA5’s lower SWR and higher RH suppress ET, bringing fluxes closer to 941 

observations but resulting in overly wet soils and overestimated runoff. This highlights the 942 

dominant role of radiation and humidity in regulating the partitioning between SM, ET, and 943 

runoff, even under identical precipitation inputs. 944 

Finally, CLM5 successfully reproduced historical droughts across meteorological, agricultural, 945 

and hydrological domains, underscoring its utility for both retrospective drought assessment 946 

and operational drought monitoring in India. 947 

In summary, this study demonstrates the suitability of CLM5 as a land surface modeling 948 

framework across India’s diverse hydro-climatic regions, while providing process-level 949 

benchmarks that are critical for hydrology and climate research. The findings also reveal key 950 

opportunities for improvement. Going forward, efforts under DRISHTI – CLM5 should 951 

prioritize targeted parameter calibration, improved representation of irrigation, and better 952 

handling of terrain-driven hydrological processes to enhance simulations in intensively 953 

managed and complex landscapes. These developments will enable CLM5 to more reliably 954 

support drought monitoring, water resources management, and climate resilience applications 955 

in India. 956 

Code and data availability: The datasets and Python codes used for the analysis and 957 

generation of figures in this study are available at (Naik and Dhanya, 2026).  958 
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