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Abstract 14 

Spatial resolution strongly influences how flood hazards and exposed assets are 15 

represented, yet this source of uncertainty is often overlooked in impact-oriented flood 16 

studies. This study examines how hydraulic model resolution and exposure-data 17 

aggregation affect flood hazard classification and estimates of exposed buildings and 18 

population in the downstream reach of the Upper Narmada Basin, India. Two-19 

dimensional flood simulations were performed for the August 2022 and 2020 events and 20 

evaluated using radar-derived inundation extent and observed discharge data. A 30 m 21 

hydraulic model was used as the reference and compared with coarser 140 m and 280 m 22 

resolutions. Building exposure was derived from combined OpenStreetMap and Open 23 

Buildings datasets, while population exposure was estimated using WorldPop data. 24 

Coarser resolutions systematically overestimated flood extent, hazard zones, and 25 

exposed elements. The overpredicted inundation area increased from 51.30 km² at 30 m 26 

to 58.45 km² at 140 m and 73.36 km² at 280 m. Similarly, the estimated number of 27 

affected buildings increased from 894 (2.5 times) at 30 m to 3051(8.8 times) at 140 m 28 

and 11 537 (33 times) at 280 m, while the affected population increased from 1612 to 29 

5982 and 24 733, respectively. These results show that coarse-resolution hazard and 30 

exposure data can substantially inflate exposure estimates and may distort emergency 31 

planning, infrastructure prioritization, and resource allocation. Spatial resolution should 32 

therefore be treated as a key source of uncertainty in flood hazard and exposure 33 

assessment, and model/data resolution should be aligned with the research question and 34 

intended decision scale. 35 

Keywords: Flood hazard assessment; exposure assessment; building exposure; 36 

population exposure; hydraulic model resolution; uncertainty propagation 37 
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1. Introduction 39 

Floods are the most frequent, destructive and costliest worldwide (Guimarães Nobre et 40 

al., 2020) causing the largest average annualized losses globally compared to any other 41 

natural hazard (Williams et al., 2021). Flood directly affect lives, homes, livelihoods, crop 42 

production and hydraulic structures and regional economics. Globally, with 1.65 billion 43 

individuals affected, flooding accounts for the largest share of average annual disaster 44 

impacts (Alfieri et al., 2023). Riverine floods, one of the most common flood types, often 45 

cause severe damage to infrastructure and agriculture (Kimuli et al., 2021). Flooding is a 46 

devastating natural hazard in India, affecting approximately 21.21 million hectares 47 

leading to severe damage to agriculture, infrastructure, livelihoods, and human 48 

settlements (CWC, 2024). Between 1990 and 2022, floods affected over 629 million 49 

people, making India the second most flood-affected nation in terms of population with 50 

46,000 fatalities and economic losses surpassing US$115 billion (Q. Liu et al., 2024), 51 

underscoring the country's high vulnerability to flooding. 52 

The main drivers of increasing flood impacts include rapid population growth, expansion 53 

of settlements and investments in flood-prone areas, changes in upstream land-use 54 

patterns, and multi-day heavy precipitation (Pandidurai et al., 2026). Flooding is also 55 

likely to become more frequent and extensive in the future due to extreme weather 56 

events associated with a changing climate (Vogel et al., 2011). Rising temperatures driven 57 

by global climate change can intensify the severity and frequency of heavy precipitation 58 

events (Burn & Whitfield, 2023; Nithila Devi et al., 2025; Wasko et al., 2021; Wasko & 59 

Sharma, 2017)). Rapid urban growth further amplifies flooding by creating impervious 60 

surfaces, reducing infiltration, and increasing surface runoff  (Huong & Pathirana, 2013; 61 

Nirupama & Simonovic, 2007; Olang & Fürst, 2011). Regions that fail to reduce exposure 62 

and vulnerability may therefore face serious consequences from increasing flood severity 63 

(Kreibich et al., 2017). These societal and environmental changes are expected to 64 

increase disaster impacts and costs, intensifying the need for effective reduction 65 

strategies (Arduino et al., 2005; Badika et al., 2024; Vashistha et al., 2025). 66 

Understanding flood hazard, exposure, and potential impacts is essential for both society 67 

and the economy. Flood hazard and exposure assessment supports disaster 68 

preparedness, response, mitigation planning, and the protection of communities, 69 

infrastructure, and ecosystems. Such assessment combines different types of information 70 
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and models to estimate flood extent, water depth, event characteristics, exposed 71 

elements, and potential consequences. In recent decades, flood assessment and 72 

management have gained increasing attention (Hooijer et al., 2004; Intergovernmental 73 

Panel on Climate Change (IPCC), 2023; Petrow et al., 2006). Flood maps are widely used 74 

to visualize hazard and exposure, support flood-management strategies, prioritize 75 

mitigation measures, and, in some countries, inform insurance-related decisions (De 76 

Bruijn & Klijn, 2009). A typical assessment begins with hazard analysis, which describes 77 

the likelihood and severity of possible flood events (Alfieri et al., 2013; Pappenberger et 78 

al., 2012). Hydrodynamic models are commonly used to simulate flood extent, water 79 

depth, and flow velocity, which provide the physical basis for impact calculations (Kiba 80 

et al., 2023). Exposure assessment then combines hazard maps with socio-economic 81 

information, such as building footprints, land-use maps, and population data, to translate 82 

physical flood characteristics into potential societal impacts (Jongman et al., 2012). 83 

Damage assessment can further link flood intensity with economic or human losses using 84 

vulnerability information (De Moel & Aerts, 2011; Kreibich & Thieken, 2008). However, 85 

translating modelling frameworks into reliable and usable flood-impact maps remains 86 

challenging. 87 

Flood hazard and exposure mapping faces significant challenges due to the scarcity of 88 

accurate, high-resolution datasets, especially in data-scarce areas, and due to the trade-89 

off between data detail and computational demand. Poor data quality can compromise 90 

hazard assessment and hinder effective communication of flood impacts (Merz et al., 91 

2010; Schwanghart et al., 2024). Accurate flood modelling requires high-quality input 92 

data, including detailed digital elevation models (DEMs), land-cover information, and 93 

exposure datasets. However, using such detailed information increases computational 94 

time and processing requirements (Teng et al., 2017). In addition, uncertainties related 95 

to model structure, boundary conditions, parameters, and data scaling can affect the 96 

reliability of flood-impact estimates (Dasgupta et al., 2020; Ongdas et al., 2020; Rathod & 97 

Manekar, 2020). The present study focuses on the spatial resolution of the DEM and 98 

hydraulic model, as topography is an important factor for flood simulation accuracy. In 99 

this context, the spatial resolution of topographic data and hydraulic model grids is 100 

particularly important because topography strongly controls flood simulation accuracy 101 

(Altenau et al., 2017; Lim & Brandt, 2019; Sharma & Regonda, 2021a). 102 
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The DEM forms the foundation of hydraulic modelling, and its resolution determines how 103 

well important terrain features are represented. High-resolution DEMs can capture 104 

narrow channels, local drainage pathways, embankments, and small elevation 105 

differences, whereas coarse-resolution DEMs may oversimplify the landscape. In urban 106 

or complex rural environments, coarse models may miss narrow flow paths and produce 107 

artificial blockage effects, where terrain representation prevents water from following 108 

natural drainage pathways (Yu & Lane, 2006). The availability of high-resolution 109 

topographic data from remote sensing has improved flood modelling (Altenau et al., 110 

2017; Sharma & Regonda, 2021a). But there is a nagging problem between precision and 111 

practicality. Moreover, in many regions, particularly in developing countries, generating 112 

or accessing very high-resolution DEMs over large areas remains difficult because of 113 

financial, logistical, and computational constraints (Y. Liu et al., 2025). Higher spatial 114 

resolution does not necessarily imply better accuracy, since it can add noise, increase 115 

computational cost, and require detailed parameterization. Therefore, identifying an 116 

appropriate or optimal resolution is an important research need. The selected resolution 117 

should be fine enough to represent key topographic features, such as narrow channels 118 

and local flow paths, while avoiding unnecessary computational burden (Azizian & 119 

Brocca, 2020; Brandt, 2016). If DEMs are too coarse, the landscape is oversimplified, 120 

resulting in artificial blockages or excessive smoothing that can distort flood pathways 121 

and inundation patterns (Yu & Lane, 2006). 122 

This scale sensitivity is not limited to hazard modelling but also affects exposure 123 

assessment. Flood impacts vary strongly across space, and the representation of exposed 124 

buildings and population can influence final impact estimates. Building exposure may be 125 

assessed using individual building footprints or aggregated spatial units, such as census 126 

blocks or gridded exposure layers. The vulnerability and exposure of a building depend 127 

on its exact location, elevation, and relationship to the flood hazard. For example, impact 128 

estimates may differ depending on whether flood depth is evaluated at the building 129 

centre, across the entire building footprint, or within an aggregated exposure unit 130 

(Staffler et al., 2008; Zischg et al., 2018). Therefore, exposure assessment at multiple 131 

spatial scales is necessary to understand whether calculated impacts reflect actual 132 

exposure or are partly an artefact of spatial aggregation. 133 
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Although progress has been made in two-dimensional flood modelling and high-134 

resolution data availability(Sharma & Regonda, 2021b; Vashist & Singh, 2023), important 135 

gaps remain in understanding how resolution-related uncertainty affects the flood 136 

hazard and exposure assessment chain. Previous studies have investigated the effect of 137 

DEM resolution on flood extent (Saksena & Merwade, 2015; Savage et al., 2016; Sharma 138 

& Regonda, 2021a) and the influence of hydraulic model resolution on loss-of-life 139 

estimation (Brussee et al., 2021). However, few studies have simultaneously evaluated 140 

the effects of hydraulic model resolution and exposure-map resolution (Bhere & Reddy, 141 

2025) on flood impact assessment, particularly with respect to building and population 142 

exposure. To address this gap, the present study performs a multi-resolution flood hazard 143 

and exposure assessment for the flood-prone downstream region of the Upper Narmada 144 

Basin. The study systematically evaluates how spatial resolution influences flood 145 

inundation, hazard classification, building exposure, and population exposure. 146 

Specifically, it addresses the following research questions: how do changes in DEM 147 

resolution and hydraulic model grid size affect building-level and population exposure, 148 

and what resolution provides a practical balance between computational efficiency and 149 

reliable exposure mapping in the flood-prone area of the Upper Narmada Basin? 150 

2. Study Area and data 151 

The Narmada River is the largest westward flowing river in India. The Upper basin of the 152 

Narmada River covers an area of 42000 sq.km and is located between longitudes 72°38′–153 

81°43′ E and latitudes 21°27′–23°37′ N (Fig. 1). At the downstream of the Upper 154 

Narmada basin, the Hoshangabad, Sehore and Raisen are more prone to the flood. The 155 

area of these districts has experienced numerous floods, in 1973, 1984, 1990, 2009, and 156 

2013,2020,2022. Intense southwest monsoon rainfall is the primary cause of flooding in 157 

the upper catchment receives more than 1,400 mm of precipitation annually on average, 158 

with about 94% of that amount falling between June and October. During periods of 159 

intense rainfall, the upper basin's steep hilly and plateau terrain facilitates the effective 160 

routing of floodwaters into the main river channel and the quick formation of runoff. The 161 

upper basin has two major dams-Tawa and Bargi reservoir, and the basin has a general 162 

elevation of 600-900m. 163 
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 164 

Figure 1: Location map of Upper Narmada Basin (left panel) along with the flood-165 

prone area downstream of Upper Narmada Basin (right panel). (Credit: Basemap 166 

OSM Standard in QGIS) 167 

We employed a digital elevation model of 30 m resolution of Shuttle Radar Terrain Model 168 

(SRTM) and resampled it to 140 m and 280 m resolution. For the setup of the 169 

hydrodynamic model, we chose 2022 and 2020 flood events at the downstream flood-170 

prone area of the Upper Narmada Basin. For both flood events 2022 and 2020, the flood 171 

hydrograph of Sandia and Hoshangabad collected from the India WRIS, and the flood 172 

hydrograph of the Tawa is collected from the daily reports generated by the Narmada 173 

Control Authority. The number of buildings exposed to flooding was obtained from a 174 

conflation of OpenStreetMap buildings (refer www.openstreetmap.org) and the Open 175 

Building dataset (Sirko et al., 2021) adapted from (Schorlemmer et al., 2024). 176 

Occupancy type (residential, commercial and industries) was estimated using land use 177 

areas and points of interest (e.g. restaurants, schools or hotels) from Open Street Map and 178 

attributes from the buildings (e.g. footprint area). The estimation of the population 179 

exposed to flooding was estimated using the WorldPop data (Bondarenko et al., 2020). 180 

The building and population exposure available at individual building level and 181 

aggregated to 140 m and 280 m resolution. The attributes of administrative village data 182 

are collected from the Survey of India. 183 

3. Methods 184 

The workflow to assess building and population exposure in the flood-prone area of the 185 

Upper Narmada Basin is shown in Fig. 2. It employs a hydraulic modelling framework for 186 
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hazard assessment, followed by building and population exposure assessment at 187 

different spatial resolutions. This section describes the data, model setup, and methods 188 

used for flood hazard and exposure analysis. 189 

 190 

Figure 2: Methodological framework for multi-resolution flood hazard and 191 

exposure assessment. 192 

 193 

3.1 Resolutions 194 

In the exposure dataset, the building entities are organized using the Quad tree grid 195 

(Finkel & Bentley, 1974), with the Quad tiles projected using the Web Mercator projection 196 

(EPSG:3857). The the Quad tiles are organized at zoom level 18, which roughly translates 197 

to 140 x 140 m in the case study area. 198 

Based on the availability of exposure data, three spatial resolutions are considered: 199 

1. Resolution 30 m: the 30 m DEM and hydraulic model grid are used for hazard 200 

assessment, and individual building footprints are used for exposure assessment. 201 

2. Resolution 140 m: exposure entities are represented by 140 × 140 m tiles (zoom level 202 

18), and the DEM and hydraulic model grid are resampled to 140 m. 203 

3. Resolution 280 m: exposure entities are represented by 280 × 280 m tiles (zoom level 204 

17), and the DEM and hydraulic model grid are resampled to 280 m. 205 

3.2 Flood Hazard Simulation 206 

The study employs a hydraulic model to simulate the 2022 and 2020 flood events. The 207 

hydraulic domain covers the downstream districts of Hoshangabad, Sehore, and Raisen 208 

in the Upper Narmada Basin. The model uses SRTM DEM data with an original spatial 209 
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resolution of 30 m, which was also resampled to 140 m and 280 m. The two-dimensional 210 

Hydrologic Engineering Centre–River Analysis System version 6.4.1 (HEC-RAS) (USACE, 211 

2016) is used to route upstream discharge through the hydraulic domain. The upstream 212 

boundary conditions are defined at Sandia on the main Narmada River and at Tawa on a 213 

major tributary, while the downstream boundary is located near the Hoshangabad 214 

gauging station. A reference line at Hoshangabad gauging station is used to verify the 215 

simulated hydrograph. The upstream hydrographs at Sandia and Tawa were obtained 216 

from India-WRIS and the Narmada Control Authority, respectively, for both flood events 217 

and all three resolutions. For the 2022 flood, cloud-free radar/MSS-derived inundation 218 

extent and river-flow observations at Hoshangabad were available for model validation. 219 

To avoid over-parameterization and equifinality, a uniform Manning’s roughness was 220 

used for the floodplain, which is justified by the relatively uniform land use in the 221 

simulation domain. A sensitivity analysis was conducted using nine combinations of 222 

channel and floodplain Manning’s roughness values, and model performance was 223 

evaluated using the fitness index for inundation extent, NSE, and RRMSE of the flood 224 

hydrograph. The validated hydraulic model provides flood depth, velocity, and 225 

inundation extent for the subsequent hazard and exposure analysis. The analysis is 226 

limited to the hydraulic domain covering the three downstream districts. 227 

3.3 Flood Hazard Zones 228 

Flood hazard characteristics, namely flood depth and velocity, are categorized using 229 

vulnerability thresholds for exposed people, buildings, and vehicles (Supplementary 230 

Tables S1 and S2). Six hazard zones (H1 to H6) represent progressively increasing threats 231 

to inhabitants and assets. H1 is generally safe for people, vehicles, and buildings; H2 is 232 

unsafe for small vehicles; H3 is unsafe for vehicles, children, and the elderly; H4 is unsafe 233 

for people in general; H5 indicates conditions under which buildings are vulnerable to 234 

structural damage; and H6 indicates conditions under which buildings may fail. For the 235 

three spatial resolutions, we estimate exposed buildings and population across these 236 

hazard classes. 237 

3.4 Exposure Assessment 238 

The number of buildings exposed to flooding was obtained from a conflation of 239 

OpenStreetMap buildings (OpenStreetMap, 2024) and the Open Building dataset (Sirko 240 
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et al., 2021) adapted from (Schorlemmer et al., 2024). Occupancy type-residential, 241 

commercial or industrial were estimated to use land use areas and points of interest (e.g. 242 

restaurants, schools or hotels) from Open Street Map and attributes from the buildings 243 

(e.g. footprint area). The population exposure for residential and commercial buildings 244 

were estimated by WorldPop data (Bondarenko et al., 2020). The building and population 245 

exposure are available at individual building (z-level) and these are further aggregated at 246 

two levels-Z17 and Z18. In Z17 level, the buildings are aggregated at the spatial resolution 247 

of 280 × 280 m, and Z18 level is aggregated at the spatial resolution of 140 × 140 m. All 248 

three levels have separate residential, commercial, and industrial taxonomy. These 249 

taxonomies provide the buildings assets like number of buildings, number of populations 250 

at night and the structural value. In our current study, we used the building and 251 

population in two sectors- residential sector and commercial sector (commercial plus 252 

industrial buildings) for all three resolutions. 253 

4. Results 254 

4.1 Flood inundation mapping/ Hydraulic modelling 255 

The calibration and validation results of the hydraulic modelling for flood inundation 256 

mapping are presented in this section. For each model resolution, nine combinations of 257 

Manning’s roughness coefficients were tested for the channel and floodplain, and the 258 

best-performing combination was selected based on the fitness index, Nash–Sutcliffe 259 

efficiency (NSE), and relative root mean square error (RRMSE), as shown in Table 1. The 260 

results indicate that changing channel roughness has a stronger influence on model 261 

performance than changing floodplain roughness. This is physically meaningful because 262 

channel roughness directly controls flow conveyance, flood-wave propagation, water 263 

level, and downstream discharge, whereas floodplain roughness mainly influences lateral 264 

spreading and storage after overbank flow occurs. 265 

As shown in Table 1, the best-performing Manning’s roughness coefficients for the 30 × 266 

30 m resolution were 0.02 for the channel and 0.03 for the floodplain. The same values 267 

were also found suitable for the 140 × 140 m resolution. For the 280 × 280 m resolution, 268 

the best-performing coefficients were 0.02 for the channel and 0.09 for the floodplain. 269 

This variation reflects the influence of grid resolution on the representation of terrain 270 

and surface heterogeneity. Finer-resolution models, such as 30 × 30 m, capture channel 271 
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geometry, local topographic gradients, drainage pathways, and floodplain features more 272 

effectively, and therefore require lower and more physically realistic roughness values. 273 

In contrast, coarser models, such as 280 × 280 m, smooth terrain and vegetation details, 274 

reduce the representation of local barriers and depressions, and therefore require higher 275 

effective floodplain roughness to reproduce the observed flood dynamics. 276 

Table 1: Hydraulic model performance for the 2022 flood event at 30 × 30 m, 140 277 

× 140 m, and 280 × 280 m spatial resolutions under different channel and 278 

floodplain Manning’s roughness combinations. Model performance is evaluated 279 

using the fitness index for inundation extent, Nash–Sutcliffe efficiency (NSE), and 280 

relative root mean square error (RRMSE), with the optimal parameter set 281 

identified for each resolution. 282 

 Fitness Index  NSE  RRMSE 
30 x 30m Resolution 

 n_floodplain  n_floodplain  n_floodplain 
n_chann

el 
0.0
3 

0.0
6 

0.0
9 

n_chann
el 

0.0
3 

0.0
6 

0.0
9 

n_chann
el 

0.0
3 

0.0
6 

0.0
9 

0.02 
0.6
0 

0.6
0 

0.6
0 

0.02 
0.9
1 

0.9
1 

0.9
1 

0.02 
0.2
1 

0.3
2 

0.3
3 

0.03 
0.5
1 

0.5
0 

0.5
0 

0.03 
0.8
4 

0.8
3 

0.8
2 

0.03 
0.3
1 

0.3
2 

0.3
3 

0.04 
0.4
6 

0.4
6 

0.4
2 

0.04 0.7 
0.6
7 

0.3
2 

0.04 
0.4
2 

0.4
4 

0.6
4 

140 x 140m resolution 
 n_floodplain  n_floodplain  n_floodplain 

n_chann
el 

0.0
3 

0.0
6 

0.0
9 

n_chann
el 

0.0
3 

0.0
6 

0.0
9 

n_chann
el 

0.0
3 

0.0
6 

0.0
9 

0.02 
0.5
4 

0.5
4 

0.5
4 

0.02 0.9 
0.8
9 

0.8
9 

0.02 
0.2
5 

0.2
5 

0.2
5 

0.03 
0.4
7 

0.4
7 

0.4
1 

0.03 
0.8
1 

0.7
8 

0.3
3 

0.03 
0.3
4 

0.3
6 

0.6
4 

0.04 
0.4
4 

0.4
4 

0.4
4 

0.04 
0.6
9 

0.6
2 

0.5
9 

0.04 
0.4
3 

0.4
8 

0.5
0 

280 x 280m resolution 
 n_floodplain  n_floodplain  n_floodplain 

n_chann
el 

0.0
3 

0.0
6 

0.0
9 

n_chann
el 

0.0
3 

0.0
6 

0.0
9 

n_chann
el 

0.0
3 

0.0
6 

0.0
9 

0.02 
0.4
5 

0.4
4 

0.5
4 

0.02 
0.8
6 

0.8
3 

0.8
9 

0.02 
0.2
9 

0.3
2 

0.2
5 

0.03 
0.4
3 

0.4
2 

0.4
2 

0.03 
0.7
4 

0.6
5 

0.5
9 

0.03 
0.3
9 

0.4
6 

0.5
0 

0.04 
0.4
2 

0.4
1 

0.4
1 

0.04 
0.6
4 

0.5 
0.4
2 

0.04 
0.4
7 

0.5
5 

0.5
9 

 283 

The validation of the selected parameter combinations is shown in Fig. 3, where the 284 

simulated maximum flood inundation extents are compared with the radar- and MSS-285 
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derived flood extent. The 30 × 30 m model captures the observed inundation pattern 286 

most effectively, indicating that the finer grid better represents the main flow paths and 287 

floodplain connectivity. As the grid resolution becomes coarser from 30 × 30 m to 140 × 288 

140 m and 280 × 280 m, the model increasingly overpredicts the inundated area. The 289 

overpredicted area is 51.30 km² for the 30 × 30 m model, 58.45 km² for the 140 × 140 m 290 

model, and 73.36 km² for the 280 × 280 m model. Thus, compared with the 30 × 30 m 291 

model, overprediction increases by about 13.9% for the 140 × 140 m model and by about 292 

43% for the 280 × 280 m model. This increase occurs because coarse grids average 293 

elevation over larger cells, smooth small topographic barriers, and reduce the 294 

representation of narrow drainage pathways, allowing water to spread more widely 295 

across the floodplain. 296 

The model was also validated for the 2020 flood event, and the corresponding 297 

performance indices are reported in Supplementary Table S3. The NSE and RRMSE values 298 

are within an acceptable range, confirming that the model can reproduce the general 299 

flood response. However, the 30 × 30 m resolution again performs better than the 140 × 300 

140 m and 280 × 280 m resolutions. Although the broad inundation pattern is similar 301 

across all three resolutions, important differences are observed near riverbank villages, 302 

where local topography strongly controls flood depth, velocity, and lateral spreading. 303 

These results demonstrate that model resolution has a strong influence not only on total 304 

inundated area but also on the spatial distribution of flood characteristics, which directly 305 

affects subsequent hazard classification and exposure assessment. 306 
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 307 

Figure 3: Comparison of the maximum inundation extents simulated by HEC-RAS 308 

2D at spatial resolution (b)30 × 30 m, (c)140 × 140 m, (d)280 × 280 m, with the (a) 309 

observed inundation extent derived from Radar and MSS. 310 

4.2 Flood Hazard 311 

Figure 4 illustrates the effect of spatial resolution on flood hazard mapping using HEC-312 

RAS 2D. By comparing the 30 × 30 m baseline with the coarser 140 × 140 m and 280 × 313 

280 m resolution simulations, it is evident that coarsening the grid reduces the model’s 314 

ability to represent terrain accurately and therefore affects both the extent and 315 

classification of flood hazard. The 30 m model captures the micro-topography of the 316 

landscape more effectively, including narrow drainage channels, small levees, and subtle 317 

elevation variations, which control where water flows, accumulates, and remains 318 

confined. As resolution becomes coarser, these features are progressively smoothed or 319 

lost. This effect is clearly visible in the zoomed panels of Fig. 4, where the hazard zones 320 

change from relatively continuous and spatially detailed patterns at 30 m to more blocky 321 

and generalized clusters at 140 m and especially at 280 m. 322 
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The physical reason for this behavior is that coarse grid cells average elevation over 323 

larger areas cannot distinguish narrow streams, local depressions, or small dry patches 324 

adjacent to inundated zones. As a result, water that is confined to limited pathways in the 325 

30 m model spreads over broader areas in the 140 m and 280 m models. If part of a large 326 

grid cell is inundated, the whole cell may be classified as flooded, which artificially inflates 327 

the mapped hazard extent. This causes neighboring tributaries and floodplain patches to 328 

merge into larger continuous hazard zones, particularly in the 280 m simulation. 329 

Figure 4(d) quantifies these effects through the relative change in area under each hazard 330 

category (H1–H6) for the 140 × 140 m and 280 × 280 m resolution compared with the 30 331 

× 30 m baseline resolution. For all hazard classes, the area difference is positive, 332 

indicating that the coarse-resolution models consistently overestimate the hazard 333 

footprint. The effect is strongest for the 280 m model, especially for Hazard Zone H5, 334 

where the estimated area is about 150% higher than in the 30 m simulation. In other 335 

words, the 280 m model predicts more than twice the area under high hazard conditions 336 

compared with the finer-resolution baseline. Even the 140 m model shows systematic 337 

increases, generally ranging from about 10% to 40% across the hazard classes. 338 

In addition to changing the hazard extent, coarsening the grid also affects hazard 339 

classification. Because hazard zones are derived from a combination of flood depth and 340 

flow velocity, any smoothing of topography alters the distribution of these hydraulic 341 

variables. In coarse-resolution models, the terrain becomes flatter in an effective sense, 342 

which allows water to spread laterally over a larger area with more uniform depth and 343 

lower spatial variability. Instead of being concentrated within deeper and more confined 344 

flow paths, floodwater is redistributed into broader and shallower cells. This 345 

redistribution can shift areas from one hazard class to another, as reflected in the H5 and 346 

H6 patterns in Fig. 4. Although coarser grids such as 280 m reduce computational 347 

demand, they do so at the cost of substantial loss of spatial precision. Using such coarse-348 

resolution outputs for flood hazard planning may therefore lead to inflated hazard 349 

estimates and overly conservative or misdirected mitigation decisions. 350 
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 351 

Figure 4: Maximum flood hazard extent simulated by HEC-RAS 2D at spatial 352 

resolutions of (a) 30 × 30 m, (b) 140 × 140 m, and (c) 280 × 280 m. Panel (d) shows 353 

the relative change in area under each flood hazard category (H1–H6) for the 140 354 

× 140 m and 280 × 280 m resolutions with respect to the 30 × 30 m resolution. 355 

Zoomed views of the hazard zones are also shown for the three grid resolutions to 356 

illustrate the effect of spatial resolution on the spatial distribution and 357 

classification of flood hazard. 358 

4.3 Exposure of people and buildings at different resolutions 359 

To assess how model resolution influences flood exposure, the 140 × 140 m and 280 × 360 

280 m resolutions were compared with the 30 × 30 m baseline. Fig. 5 presents the 361 

transition matrix of affected buildings and population across flood hazard categories. 362 

Each bubble represents the number of buildings and exposed population that shift from 363 

one hazard class in the 30 × 30 m baseline to another hazard class in the coarser 364 

resolutions. For example, a bubble located at H3 on the baseline axis and H4 on the 365 

coarser-resolution axis indicates that buildings or people classified under H3 at 30 m are 366 

reclassified as H4 after spatial aggregation. Bubbles along the 1:1 line indicate no change 367 

https://doi.org/10.5194/egusphere-2026-4699
Preprint. Discussion started: 23 September 2026
c© Author(s) 2026. CC BY 4.0 License.



 

16 | P a g e  
 

in hazard classification, whereas bubbles above the line represent an increase in hazard 368 

class and bubbles below the line represent a decrease. In the 140 × 140 m resolution, 369 

most bubbles remain close to the 1:1 line, indicating that a large proportion of buildings 370 

and population retain the same hazard classification as in the 30 × 30 m baseline. This 371 

suggests that, although some aggregation effects are present at 140 × 140 m, the exposure 372 

pattern remains relatively consistent with the finer-resolution model. 373 

In contrast, the 280 × 280 m resolution shows much larger off-diagonal transitions, 374 

indicating stronger deviation from the 30 × 30 m baseline. A notable feature in both 375 

coarser resolutions is the redistribution of buildings and population originally classified 376 

as H0* in the baseline into hazard classes H1–H6. This means that areas considered non-377 

flooded in the 30 × 30 m simulation become classified as flooded when the hazard and 378 

exposure layers are represented at coarser resolutions. Physically, this occurs because 379 

coarse grids smooth local topographic controls and expand the simulated flood footprint, 380 

thereby assigning flood hazard to areas that remain dry in the finer-resolution model. 381 

The wider scatter of bubbles away from the 1:1 line in the 280 × 280 m matrix shows that 382 

coarser resolution substantially alters the representation of flood exposure across hazard 383 

classes. Some transitions from higher to lower hazard categories are also observed, 384 

indicating localized reductions in estimated hazard severity. However, these downward 385 

transitions are mostly limited to adjacent hazard classes and are smaller in magnitude 386 

than the dominant diagonal and upward transitions. 387 

The 140 × 140 m resolution exposes 1,314 buildings and 2,634 people to flooding, mainly 388 

from unaffected areas (H0*), particularly in transitions to H5 and H6, which account for 389 

over 70% of new exposures. The 280 × 280 m resolution increases this to 9,155 buildings 390 

and 20,461 people, with major transitions also from H0 to H5 and H6. This shows a 391 

marked rise in high-hazard class exposure and a reduction in unaffected assets, indicating 392 

both greater flood extent and intensified severity. Marginal bar plots reveal a shift in flood 393 

exposure from the unaffected class (H0) to higher hazard classes as resolution changes. 394 

In the 140 × 140 m resolution, unaffected assets drop from 3,031 to 268 people and from 395 

1,536 to 157 buildings, while H6 and H5 show significant concentration. The 280 × 280 396 

m resolution further reduces unaffected numbers to 172 people and 125 buildings, while 397 

H5–H6 exposure increases to 12,275 people and 5,286 buildings, over four times more 398 

than at 140 m. This shift indicates a critical increase in flood exposure towards the most 399 
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hazardous classes with coarser resolution. Fig. 5 shows that coarser model resolution not 400 

only increases the number of exposed buildings and population but also changes their 401 

distribution among hazard classes, which can directly influence impact interpretation 402 

and emergency-planning priorities. 403 

 404 
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 405 

Figure 5: Flood exposure transition matrix comparing the 30 × 30 m resolution 406 

with the coarser resolutions of (a) 140 × 140 m and (b) 280 × 280 m. H0* represents 407 

the non-flooded class. Each bubble indicates the transition of exposed buildings 408 

and population from one hazard class in the 30 x 30 m resolution to another hazard 409 

class in the coarser resolution. Bubble size represents the number of affected 410 

buildings, while bubble color represents the exposed population. 411 

4.4 Affected exposure patterns at different spatial resolutions 412 

The quantitative differences among the resolutions are summarized in Table 2 and Fig. 413 

6d. The number of affected buildings and exposed population increases markedly as the 414 

spatial resolution becomes coarser. Total affected buildings increase from 346 in the 415 

satellite-derived reference to 894 in the 30 × 30 m resolution, 3051 in the 140 × 140 m 416 

resolution, and 11 537 in the 280 × 280 m resolution. Similarly, the affected population 417 

increases from 550 in the satellite reference to 1612, 5982, and 24 733 in the 30 m, 140 418 

m, and 280 m resolution, respectively. This sharp increase shows that exposure estimates 419 
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are strongly controlled by the spatial resolution at which flood hazard and assets are 420 

represented. 421 

 422 

Figure 6: Village-level distribution of affected buildings and exposed population 423 

under the (a) 30 × 30 m, (b) 140 × 140 m, and (c) 280 × 280 m resolutions. Panel 424 

(d) compares the number of affected buildings and exposed population across all 425 

buildings, residential buildings, and commercial buildings for each spatial 426 

resolution. Circles represent affected buildings, while triangles represent exposed 427 

population. 428 

The sectoral results in Table 2 further show that residential exposure dominates the total 429 

affected buildings and population across all resolutions. Residential buildings increase 430 

from 837 at 30 × 30 m to 10 816 at 280 × 280 m, while the affected residential population 431 

increases from 1577 to 24 190. Commercial exposure also increases with coarser 432 

resolution, from 57 affected buildings at 30 × 30 m to 721 at 280 × 280 m. Although 433 

commercial buildings represent a smaller share of the total exposed structures, their 434 

inclusion is important because they may carry higher economic value and contribute to 435 
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indirect flood losses. The increase in both residential and commercial exposure at coarser 436 

scales indicates that the 280 m model assigns flood hazard to many assets that remain 437 

outside the inundated area in the finer-resolution simulation. 438 

Table 2: Number of affected buildings and exposed population under the satellite-439 

derived reference, 30 × 30 m, 140 × 140 m, and 280 × 280 m resolutions. Results 440 

are presented for all buildings and population, residential buildings and 441 

population, and commercial buildings and population to show how exposure 442 

estimates vary across sectors and spatial resolutions. 443 

All buildings & population 

 Satellite Model_30m Model_140m Model_280m 

Building 346 894 3051 11537 

Population 550 1612 5982 24733 

Residential buildings & population 

 satellite Model_30m Model_140m Model_280m 

Building 324 837 2859 10816 

Population 538 1577 5839 24190 

Commercial buildings & population 

 satellite Model_30m Model_140m Model_280m 

Building 22 57 193 721 

Population 12 35 143 543 

Fig. 7 further illustrates the distribution of affected buildings and population across 444 

villages. The histograms show a strongly right-skewed pattern in all resolutions, meaning 445 

that most villages experience relatively low impacts, while a small number of villages 446 

account for very high exposure. In the satellite and 30 × 30 m resolution, most villages 447 

remain in the lower-impact classes. However, as the resolution becomes coarser, the 448 

distribution shifts toward larger values, with more villages showing high numbers of 449 

affected buildings and population. The 280 × 280 m resolution produces the widest 450 

distribution and the largest extreme values, with some villages showing more than 600 451 

affected buildings and population exposure approaching 2000 people. 452 
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Fig. 6, Table 2, and Fig. 7 demonstrate that coarser-resolution modelling can substantially 453 

inflate village-level exposure estimates. This does not necessarily indicate a real increase 454 

in impact but rather reflects the combined effects of expanded flood footprints, spatial 455 

aggregation, and loss of local topographic detail. Such overestimation may distort the 456 

identification of exposure hotspots and affect emergency planning, mitigation 457 

prioritization, and resource allocation. Therefore, high-resolution hazard and exposure 458 

data are particularly important when flood hazard and exposure information is used for 459 

local-scale decision-making. 460 

 461 

 462 

Figure 7: Frequency distribution of affected buildings (upper panel) and exposed 463 

population (lower panel) across villages under the (a) satellite-derived reference, 464 

(b) 30 × 30 m, (c) 140 × 140 m, and (d) 280 × 280 m resolutions. The top row shows 465 

the distribution of affected buildings, while the bottom row shows the distribution 466 

of exposed population. 467 

 468 
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5. Discussion 469 

5.1 Resolution effects on flood hazard simulation 470 

Our results demonstrate that spatial resolution is a key control on the accuracy and 471 

interpretation of flood hazard simulation. The comparison of the 30 × 30 m, 140 × 140 m, 472 

and 280 × 280 m HEC-RAS 2D simulations shows that coarser model grids systematically 473 

overestimate flood extent and modify the spatial distribution of flood hazard classes. This 474 

behaviour is consistent with previous studies showing that DEM and hydraulic grid 475 

resolution strongly influence flood inundation modelling by controlling how channels, 476 

floodplain gradients, embankments, depressions, and local flow pathways are 477 

represented (Brussee et al., 2021; Fewtrell et al., 2008; Jiang et al., 2022; Saksena & 478 

Merwade, 2015; Savage et al., 2016; Yu & Lane, 2006). 479 

The calibration results in Table 1 show that channel roughness has a stronger effect on 480 

model performance than floodplain roughness. This is physically meaningful because the 481 

main channel controls flow conveyance, water-level propagation, and downstream 482 

discharge, whereas floodplain roughness mainly influences lateral spreading and 483 

temporary storage after overbank flow begins. The best-performing roughness values 484 

also vary with resolution, especially for the floodplain. The 30 × 30 m and 140 × 140 m 485 

simulations perform well with lower floodplain roughness, whereas the 280 × 280 m 486 

simulation requires a higher effective floodplain roughness. This indicates that coarse 487 

grids compensate for the loss of unresolved floodplain features, such as small terrain 488 

barriers, vegetation heterogeneity, depressions, and local drainage pathways, through an 489 

adjusted roughness parameter. 490 

The validation against radar- and MSS-derived inundation extent in Fig. 3 further 491 

confirms that the 30 × 30 m model provides the most reliable representation of the 492 

observed flood pattern. As grid size increases, elevation values are averaged over larger 493 

cells, which smooths local topographic controls and allows water to spread over broader 494 

floodplain areas. Consequently, the overpredicted inundation area increases from 51.30 495 

km² at 30 m to 58.45 km² at 140 m and 73.36 km² at 280 m. The 2020 validation results 496 

reported in Supplementary Table S2 also indicate acceptable model performance but 497 

again show better performance for the 30 × 30 m resolution than for the coarser 498 

resolutions. This consistency across events strengthens the interpretation that the 499 
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observed differences are not only event-specific but are linked to spatial representation 500 

in the model. 501 

The effect of resolution becomes more evident in the flood hazard classification shown in 502 

Fig. 4. Hazard classes are derived from flood depth and velocity, and both variables are 503 

sensitive to how terrain and flow pathways are represented. At 30 m resolution, the 504 

model preserves relatively continuous and physically realistic flood pathways. In 505 

contrast, the 140 m and especially the 280 m simulations produce more generalized, 506 

blocky hazard zones. Figure 4(d) shows that all hazard classes increase in area under 507 

coarser resolutions, with the strongest increase in high-hazard zones such as H5. This 508 

suggests that coarse-resolution modelling does not simply change the total flood extent; 509 

it also redistributes depth and velocity patterns, thereby altering the classification of 510 

flood severity. These results emphasize that hazard maps should not be interpreted as 511 

purely physical outputs independent of scale. Rather, they are strongly shaped by the 512 

spatial resolution of the terrain and hydraulic model. 513 

5.2 Propagation of resolution uncertainty into exposure estimates 514 

A major contribution of this study is that it evaluates how resolution-induced differences 515 

in flood hazard propagate into building and population exposure estimates. Impact-516 

oriented flood studies are generally built on linked components: hazard, exposure, and 517 

vulnerability or impact estimation (Alfieri et al., 2013; Jongman et al., 2012; 518 

Pappenberger et al., 2012). Uncertainties introduced during hazard modelling can 519 

therefore directly influence the number of buildings and people classified as exposed. 520 

This study shows that such propagation is substantial when both hazard and exposure 521 

are represented at coarser spatial resolutions. 522 

The transition matrices in Fig. 5 provide clear evidence of this propagation. In the 140 × 523 

140 m resolution, many exposed elements remain close to the 1:1 line, indicating that 524 

their hazard classification is similar to the 30 × 30 m baseline. In the 280 × 280 m 525 

resolution, the larger number of off-diagonal transitions shows that coarser resolution 526 

substantially changes the assignment of buildings and population to hazard classes. A 527 

particularly important result is the movement of buildings and people from H0*, the non-528 

flooded class in the 30 m baseline, into flooded hazard classes H1–H6 under coarser 529 

resolutions. This means that assets considered safe in the finer-resolution model are 530 

classified as exposed when the hazard and exposure layers are aggregated. Physically, 531 
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this occurs because the coarser grid expands the inundation footprint and assigns flood 532 

conditions to larger spatial units, even where local topographic features would keep some 533 

areas dry. 534 

The sectoral exposure estimates in Table 2 and the village-level patterns in Fig. 6 show 535 

the magnitude of this effect. The number of affected buildings increases from 894 at 30 536 

m to 3051 at 140 m and 11 537 at 280 m, while the affected population increases from 537 

1612 to 5982 and 24 733, respectively. Residential exposure dominates the total affected 538 

buildings and population across all resolutions, which is expected because population 539 

distribution is closely linked to residential structures. Commercial exposure is smaller in 540 

absolute numbers but remains important because commercial and industrial assets may 541 

represent higher economic value and can contribute to indirect losses through disruption 542 

of local services and livelihoods. 543 

The bivariate maps in Fig. 6 show that high-exposure villages are concentrated mainly in 544 

the central and eastern parts of the study domain, while the western and southern 545 

margins show lower exposure. This spatial pattern suggests that flood impact is 546 

controlled by both physical floodplain characteristics and the distribution of settlements 547 

and built assets. As the grid becomes coarser, high-exposure zones expand spatially and 548 

more villages are classified as affected. This does not necessarily indicate a real increase 549 

in flood impact; it reflects the combined effect of a broader simulated flood footprint and 550 

the aggregation of exposure data. 551 

Figure 7 further supports this interpretation by showing the frequency distribution of 552 

affected buildings and exposed population across villages. In all resolutions, the 553 

distributions are strongly right skewed, meaning that most villages experience relatively 554 

low exposure while a small number of villages account for very high impacts. The 280 × 555 

280 m resolution produces the widest distribution and the largest extreme values, with 556 

some villages showing more than 600 affected buildings and population exposure 557 

approaching 2000 people. This indicates that coarse-resolution modelling can exaggerate 558 

village-level exposure hotspots and may shift attention toward locations where exposure 559 

is partly an artefact of spatial aggregation. 560 

These findings show that exposure estimates are affected not only by the physical hazard 561 

but also by the scale at which exposure is represented. Similar concerns have been raised 562 

in flood damage and exposure studies, where uncertainties in inundation depth, exposure 563 

data, asset values, and vulnerability functions can strongly affect final impact estimates 564 
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(De Moel & Aerts, 2011; Jongman et al., 2012; Kreibich et al., 2017). The present study 565 

extends this understanding by demonstrating that the interaction between hydraulic 566 

model resolution and exposure-map resolution can strongly influence building- and 567 

population-level exposure indicators. Therefore, hazard and exposure resolution should 568 

be assessed together, rather than treated as independent sources of uncertainty. 569 

5.3 Implications for flood hazard and exposure mapping and decision-making 570 

The findings have direct implications for flood hazard and exposure mapping, as well as 571 

for model-scale selection. High-resolution simulations provide a more realistic 572 

representation of local flood processes, but they require greater computational resources 573 

and detailed input data. Coarser simulations are computationally attractive for large-area 574 

assessments, but they can introduce substantial bias in inundation extent, hazard 575 

classification, and exposure estimates. This trade-off has been widely recognized in flood 576 

modelling studies (Bates, 2012; Teng et al., 2017), and the present results show that it 577 

becomes especially important when flood maps are used for impact-based decision-578 

making. 579 

For regional screening, coarser-resolution models may still be useful for identifying 580 

broad flood-prone corridors and prioritizing areas for further analysis. However, the 581 

results suggest that coarse-resolution outputs, especially at 280 m, should be used 582 

cautiously for local-scale planning. If such outputs are used directly for evacuation 583 

planning, village-level prioritization, infrastructure protection, or resource allocation, 584 

they may overestimate the number of affected buildings and people. This could lead to 585 

overly conservative planning in some areas, misallocation of resources, and reduced 586 

confidence in hazard and exposure products. High-resolution hazard and exposure data 587 

are more appropriate when the objective is to identify local hotspots, assess building-588 

level exposure, or support targeted mitigation measures. 589 

The results also have implications for data-scarce regions. In many developing-country 590 

contexts, very high-resolution DEMs and detailed exposure datasets may not be available 591 

or may be too costly to process over large areas. In such settings, the objective should not 592 

always be to use the finest possible resolution, but to select a resolution that is consistent 593 

with the intended decision scale. The 30 m resolution in this study provides a more 594 

reliable baseline for building and population exposure assessment than the 140 m and 595 

280 m resolutions. Moderate-resolution products may still be useful for preliminary 596 
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assessments if their uncertainty is clearly communicated and if they are not used for 597 

highly localized decisions without further refinement. 598 

This study also highlights the need to communicate uncertainty in flood hazard and 599 

exposure maps. Flood maps are often treated as deterministic products, but the results 600 

show that changes in resolution alone can strongly alter the number of affected buildings, 601 

exposed population, and apparent exposure hotspots. Decision-makers should therefore 602 

interpret flood maps as scale-dependent estimates rather than fixed representations of 603 

reality. For practical applications, model outputs should ideally be accompanied by 604 

information on spatial resolution, input data limitations, validation performance, and 605 

uncertainty in exposure estimates. 606 

Some limitations should also be acknowledged. The study focuses on flood hazard and 607 

exposure indicators and does not quantify direct economic damages, structural damage 608 

probabilities, or loss of life using vulnerability or damage functions. Therefore, the results 609 

should be interpreted as exposure-based impact estimates rather than complete damage 610 

or loss estimates. Future work should integrate depth-damage curves, building 611 

vulnerability functions, observed damage records, and uncertainty analysis across 612 

multiple flood events. Application of the framework to other river basins and to higher-613 

resolution topographic and exposure datasets would further help identify transferable 614 

scale thresholds for reliable flood hazard and exposure mapping. 615 

Spatial resolution is not a technical modelling detail but a central source of uncertainty in 616 

flood hazard and exposure assessment. The resolution of hazard and exposure datasets 617 

must be aligned with the intended use of the map. For broad regional screening, coarser 618 

models may be acceptable, but village-level prioritization, building exposure assessment, 619 

and emergency planning require higher-resolution hazard and exposure data to avoid 620 

inflated or misleading exposure estimates. 621 

6. Conclusions 622 

This study evaluated the influence of spatial resolution on flood hazard simulation and 623 

exposure estimation in the downstream flood-prone region of the Upper Narmada Basin 624 

in India. HEC-RAS 2D simulations were performed at 30 × 30 m, 140 × 140 m, and 280 × 625 

280 m resolutions and combined with building and population exposure data. The 30 × 626 

30 m model agreed best with radar-derived flood extent, whereas the coarser models 627 

increasingly overestimated inundation. The overpredicted area increased from 51.30 628 
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km² at 30 m to 58.45 km² at 140 m and 73.36 km² at 280 m. This difference is mainly 629 

linked to terrain smoothing in coarse grids, which reduces the representation of narrow 630 

channels, local barriers, and floodplain connectivity. Resolution effects were also 631 

reflected in exposure estimates. The estimated number of affected buildings increased 632 

from 894 (2.5 times) at 30 m to 3051 (8.8 times) at 140 m and 11 537 (33 times) at 280 633 

m, while affected population increased from 1612 to 5982 and 24 733, respectively. 634 

Coarse hazard and exposure layers can therefore inflate exposure estimates and 635 

exaggerate apparent village-level exposure hotspots. Spatial resolution is a key source of 636 

uncertainty in flood hazard and exposure assessment. Coarser models remain useful for 637 

broad regional screening, but village-level planning, building-specific exposure 638 

assessment, and emergency-response prioritization require hazard and exposure data at 639 

sufficiently fine resolution. 640 

  641 
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