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Abstract 12 

Flood-induced economic losses in data-scarce regions are difficult to quantify reliably because hydraulic modelling, 13 

depth–damage relationships, and building-exposure data are rarely combined within a single, locally calibrated 14 

framework. This study developed an integrated methodology for estimating residential flood damage in the Poldokhtar 15 

urban floodplain on the Kashkan River, western Iran, a reach that experienced severe inundation in 2016 and 2019. 16 

The two-dimensional CCHE2D model was calibrated and validated against surveyed cross-sections and 30 field 17 

control points, achieving a velocity RMSE of 0.075 m s⁻¹ and no statistically significant difference between simulated 18 

and observed flood depths (paired t-test, p = 0.718). Four candidate depth–damage functions — two exponential forms, 19 

a piecewise linear function, and a cubic polynomial — were fitted to locally observed damage data; the exponential 20 

function S2 (Y = 1 − exp(−0.94x)) provided the best performance (RMSE = 11.05%, MAE = 8.41%, CC = 0.96). 21 

Three approaches for converting relative damage into monetary loss were compared, showing that spatially 22 

disaggregated building information (Approach A2) reduced the relative error to 6.4%, compared with 31.1% and 23 

41.3% for approaches based on generalized building values, and that a fixed regional recovery coefficient performed 24 

adequately only at shallow depths. A McNemar test further revealed a statistically significant asymmetry between 25 

simulated and satellite-derived flood extents (χ² = 14.02, p = 0.00018). The results demonstrate that coupling calibrated 26 

hydraulic simulation with locally derived depth–damage functions and spatially explicit exposure data substantially 27 

improves flood-loss estimation accuracy, offering a transferable framework for flood-risk assessment in other data-28 

scarce Iranian floodplains. 29 

Keywords: Flood damage assessment; Depth–damage function; CCHE2D; Hydrodynamic modelling; Monetary loss 30 

estimation; Poldokhtar, Iran 31 

1. Introduction 32 

Floods are among the most damaging natural hazards worldwide, generating substantial losses to settlements, 33 

infrastructure, economic activities, and ecosystems. The scale of flood impacts is influenced not only by the magnitude 34 

and frequency of precipitation events but also by topography, drainage characteristics, land use, sediment dynamics, 35 

and the spatial distribution of exposed assets. In semi-arid and mountainous environments, intense rainfall can rapidly 36 

generate surface runoff and sediment transport, increasing the geomorphic and hydraulic consequences of flooding. 37 

Recent research in Iranian catchments has demonstrated the relationship between rainfall erosivity and sediment yield, 38 

highlighting the role of precipitation characteristics in controlling erosion and sediment production at the catchment 39 

scale (Tajbakhshian et al. 2024). Similar studies have emphasized the importance of integrating spatial environmental 40 

information and erosion susceptibility assessment for understanding the response of semi-arid basins to rainfall and 41 

runoff processes (Ait Haddou et al. 2024). 42 

Iran is particularly susceptible to flash flooding because of its complex mountainous terrain, spatially variable 43 

precipitation regime, and concentration of settlements and infrastructure along river corridors. The interaction between 44 

intense rainfall, steep topographic gradients, channel morphology, and floodplain occupation can produce rapid 45 

changes in flow depth and inundation extent. Riverine processes are further influenced by sediment transport and 46 

water-quality characteristics. For example, Radmehr et al. (2024) documented the relationship between sediment 47 

characteristics, heavy-metal contamination, and hydrogeochemical properties in the Mashalak River, demonstrating 48 

the broader environmental significance of river processes in Iranian catchments. Such interactions are particularly 49 

relevant in western Iran, where active river systems and narrow floodplains create substantial exposure to flood 50 

hazards. 51 

The Kashkan River basin in Lorestan Province represents one of the important flood-prone environments in western 52 

Iran. The city of Poldokhtar is located near the confluence of the Kashkan and Seimareh rivers and occupies a relatively 53 
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narrow floodplain downstream of the Tang-e Poldokhtar gorge. The city has experienced severe flooding, including 54 

major events in 2016 and 2019. The March-April 2019 flood caused extensive inundation and substantial damage to 55 

residential areas, infrastructure, and public services. A detailed post-disaster investigation reported severe impacts on 56 

several neighbourhoods of Poldokhtar and documented widespread flood deposits and building damage following the 57 

event (Maarefvand et al. 2021). Recent spatial flood-susceptibility research on the Kashkan River has further identified 58 

the Poldokhtar region as a highly vulnerable part of the basin and demonstrated the usefulness of integrating river 59 

morphology with spatial susceptibility modelling (Ghahraman et al. 2023). These characteristics make the Poldokhtar 60 

floodplain a suitable natural laboratory for investigating the relationship between flood hydraulics, spatial exposure, 61 

and economic damage. 62 

Accurate estimation of flood-induced economic losses requires reliable characterization of both the flood hazard and 63 

the vulnerability of exposed assets. Hydrodynamic modelling provides the physical basis for estimating variables such 64 

as water depth, flow velocity, inundation extent, and flood duration. Two-dimensional models are particularly useful 65 

in complex floodplains because they can represent spatial variations in flow direction and hydraulic conditions that 66 

are difficult to capture with one-dimensional formulations. The CCHE2D model, developed at the National Center for 67 

Computational Hydroscience and Engineering, is a two-dimensional numerical model capable of simulating free-68 

surface flow and sediment transport in natural and engineered channels. Its application to meandering channels has 69 

demonstrated its ability to represent spatial variations in velocity, water level, and flow structure associated with 70 

channel curvature The CCHE2D model, developed at the National Center for Computational Hydroscience and 71 

Engineering, is a two-dimensional depth-averaged model capable of simulating free-surface flow, sediment transport 72 

and morphological change in natural rivers (Jia and Wang 1999). Its application to Iranian rivers has demonstrated its 73 

usefulness for analysing complex flow patterns in straight and meandering reaches (Salmasi et al. 2020). 74 

The spatial representation of environmental and geomorphological conditions is another important component of 75 

flood-hazard assessment. Remote sensing and GIS have increasingly been used to identify and map natural hazards 76 

by integrating topography, land cover, geological conditions, drainage characteristics, and other spatial variables. For 77 

example, Khodaei Geshlag et al. (2020) demonstrated the application of Landsat imagery to post-earthquake landslide 78 

mapping in northwestern Iran, while more recent work has combined GIS-based spatial analysis with multi-criteria 79 

approaches to produce susceptibility maps for natural hazards (Taher et al. 2025). Although these studies address 80 

hazards other than flooding, their methodological relevance lies in the use of spatially distributed environmental 81 

information to characterize heterogeneous hazard conditions. Similar GIS-based approaches have also been applied 82 

to erosion and sediment-yield assessment in Iranian drainage basins (Amini et al. 2010; Tajbakhshian et al. 2024). 83 

Hydrodynamic modelling alone, however, does not provide an estimate of economic loss. Flood damage assessment 84 

commonly relies on depth-damage functions (DDFs), which express the expected proportion of damage to an asset as 85 

a function of inundation depth. These functions provide a link between hydraulic model outputs and estimates of 86 

physical or monetary damage and have been incorporated into established flood-risk assessment frameworks, 87 

including the U.S. Army Corps of Engineers' Hydrologic Engineering Center Flood Impact Analysis (HEC-FIA) 88 

system. Despite their widespread use, DDFs remain associated with substantial methodological uncertainty because 89 

damage relationships vary with building characteristics, construction materials, occupancy type, flood characteristics, 90 

and socioeconomic conditions. Poulose and Kumar (2024), for example, identified differences in flooded-depth 91 

calculation, damageable value interpretation, and occupancy-specific replacement costs as important sources of 92 

variation in flood-loss estimates obtained using HEC-FIA and alternative approaches. 93 

The definition of the damage initiation point is another important source of uncertainty. Rahim et al. (2024) 94 

demonstrated that the assumed damage initiation point of a depth-damage function can substantially affect flood-risk 95 

estimates, particularly when damage is assumed to begin below the first-floor elevation. This finding is important for 96 

urban floodplains where relatively shallow inundation may affect buildings differently depending on floor elevation, 97 
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construction type, and the location of vulnerable building components. Consequently, the selection and formulation 98 

of DDFs should be considered together with the characteristics of the exposed building stock and the hydraulic 99 

conditions generated by the flood model. 100 

The transferability of depth-damage functions between different geographical and socioeconomic settings represents 101 

a further challenge. Many commonly used functions were developed from empirical data collected in North America, 102 

Europe, or other regions with building standards, construction practices, asset values, and flood-response conditions 103 

that differ from those found in Iran. Applying such functions without local validation can therefore introduce 104 

uncertainty into both relative and monetary damage estimates. Paulik et al. (2023) demonstrated that residential 105 

building damage models can vary according to flood type and local damage characteristics, emphasizing the 106 

importance of context-specific information when transferring damage relationships between different hazard 107 

environments. In Iran, the limited availability of empirical post-flood damage datasets makes this issue particularly 108 

relevant, increasing the need for approaches that explicitly account for local building and economic characteristics. 109 

The conversion of relative damage into monetary loss introduces another level of uncertainty. Monetary estimation 110 

requires information on the value of exposed assets, building floor area, construction or replacement costs, and, where 111 

appropriate, regional recovery coefficients. The use of average property values or uniform floor-area assumptions can 112 

obscure substantial differences among individual buildings and neighbourhoods. Spatially disaggregated building 113 

information can provide a more realistic representation of exposure by linking hydraulic conditions to the actual size 114 

and location of individual assets. This approach is particularly relevant in heterogeneous urban floodplains such as 115 

Poldokhtar, where residential, commercial, and administrative structures are distributed within a relatively confined 116 

flood-prone area. 117 

The Poldokhtar floodplain therefore provides an appropriate setting for integrating two-dimensional hydraulic 118 

modelling with spatially explicit flood-damage assessment. The combination of a complex meandering river system, 119 

a narrow floodplain, heterogeneous urban development, and documented severe flooding provides an opportunity to 120 

examine how hydraulic characteristics are translated into building-level damage and monetary loss. Previous studies 121 

of the Kashkan basin have primarily focused on flood susceptibility, geomorphological characteristics, or 122 

environmental processes, whereas a systematic evaluation of alternative depth-damage formulations coupled with 123 

high-resolution CCHE2D hydraulic outputs remains limited. 124 

Accordingly, this study develops an integrated framework for flood-damage estimation in the Poldokhtar urban 125 

floodplain. First, flood inundation depth and extent are simulated using the CCHE2D two-dimensional hydrodynamic 126 

model and evaluated against available observations. Second, alternative depth-damage formulations, including two 127 

exponential functions, a piecewise linear function, and a cubic polynomial function, are compared for estimating 128 

relative damage to residential buildings. Third, the influence of spatially disaggregated building floor areas and 129 

regional recovery cost coefficients on monetary damage estimates is evaluated within the HEC-FIA framework. The 130 

resulting approach combines hydraulic modelling, geomorphological and spatial analysis, and economic damage 131 

assessment to provide a locally informed framework for flood-loss estimation in data-scarce flood-prone regions of 132 

western Iran. 133 

2. Materials and Methods 134 

2.1. Study Area 135 

The study was conducted in Poldokhtar, located in Lorestan Province, western Iran, along the Kashkan River. The 136 

investigated reach covers the river corridor extending from the upstream entrance to the downstream exit of Poldokhtar 137 

city. The urban area is characterized by a close spatial relationship between the river channel, floodplain, residential 138 
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buildings, agricultural land, and other developed surfaces. This configuration makes the spatial distribution of flood 139 

depth particularly important for reliable damage estimation. 140 

Poldokhtar has experienced recurrent flooding, with the April 2019 flood representing one of the most significant 141 

recent events in the region. During this event, extensive areas of the urban fabric and surrounding floodplain were 142 

inundated. Therefore, the area provides an appropriate case study for examining the relationship between simulated 143 

flood depth and observed building damage, particularly under conditions in which the spatial variability of exposed 144 

assets is considerable. 145 

2.2. Data and General Methodological Framework 146 

The methodology consisted of three interconnected components: hydraulic simulation, development of localized 147 

depth-damage relationships, and conversion of estimated damage ratios into monetary losses. The overall framework 148 

was designed so that the hydraulic model supplied spatially distributed flood depth information, while field 149 

observations and spatially detailed socioeconomic data were used to develop and evaluate the damage estimation 150 

procedure. 151 

The hydraulic component was based on the two-dimensional CCHE2D model. The required topographic and hydraulic 152 

information included a digital elevation model, surveyed river cross-sections, observed discharge hydrographs, 153 

Manning's roughness coefficient, and boundary conditions. The observed hourly discharge data were obtained from 154 

the Poldokhtar hydrometric station for the flood events considered in this study. The computational domain and river 155 

geometry were prepared using topographic information and surveyed cross-sections. 156 

For the damage assessment component, land-use information, building characteristics, observed damage information, 157 

and hydraulic outputs were integrated in a GIS environment. The economic database included the number of 158 

residential buildings, building floor area, agricultural land, and monetary values. Information at the statistical-block 159 

level was used together with field observations collected for 250 sampled buildings. The use of spatially differentiated 160 

building areas was intended to avoid the uncertainty associated with assigning a single average building size to the 161 

entire study area. 162 

2.3. Two-Dimensional Hydraulic Simulation Using CCHE2D 163 

CCHE2D was used to simulate the spatial distribution of flood flow and water depth throughout the study reach. The 164 

model was implemented using the CCHE-MESH preprocessing environment for generation of the computational grid 165 

and the CCHE-GUI environment for hydraulic simulation and visualization. 166 

The computational geometry was constructed from the digital elevation data and surveyed cross-sections of the river 167 

reach. The upstream boundary condition was defined using the observed discharge hydrograph, whereas the 168 

downstream boundary was represented by the corresponding water-surface elevation. The Manning roughness 169 

coefficient was calibrated using observed hydraulic conditions. 170 

Two computational grids, with dimensions of 1800 × 250 and 2500 × 350, were tested to evaluate the influence of 171 

spatial discretization on the simulated hydraulic variables. Model performance was assessed by comparing simulated 172 

and observed flow velocity and water depth at selected cross-sections. 173 

The finer grid, with dimensions of 2500 × 350, combined with a Manning roughness range of 0.042–0.057, provided 174 

the lowest model error and was therefore selected as the optimal computational configuration for subsequent flood 175 

simulations. The selected configuration produced an RMSE of approximately 0.075 m s−1 for flow velocity, while 176 

the corresponding relative MAE (expressed as a percentage of measured velocity) was approximately 7.54%. 177 

2.3.1. Hydraulic Model Validation 178 

Model validation was performed using hydraulic observations that were not used in the calibration stage. Two 179 

additional sections along the study reach were selected for validation based on observed flow depth. 180 
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In addition to point-based comparison, the model was evaluated at 30 systematically selected control points within the 181 

inundated area. At each point, field-observed flood depth was compared with the corresponding CCHE2D output. 182 

The statistical evaluation included the root mean square error (RMSE), mean absolute error (MAE), and paired-sample 183 

t-test. The paired test was used to determine whether the difference between observed and simulated flood depths was 184 

statistically significant. The analysis reported a two-tailed p-value of 0.718, indicating no statistically significant 185 

difference between the two sets of depth observations at the 95% confidence level. 186 

The validated CCHE2D model was subsequently used to generate the spatially distributed flood-depth raster required 187 

for the damage assessment. 188 

2.4. Development of Localized Depth-Damage Functions 189 

The principal objective of this stage was to quantify the relationship between flood depth and the percentage of damage 190 

to residential buildings. Rather than directly adopting a generalized depth-damage relationship, locally observed 191 

damage information was used to evaluate several alternative functional forms. 192 

Observed flood damage and corresponding flood depths were compiled for residential buildings affected by the flood. 193 

The observed information was then used to establish empirical relationships between flood depth, denoted by x, and 194 

relative damage, denoted by Y. 195 

Here, Y represents the proportion of building damage, ranging from 0 to 1, while x represents flood depth in meters. 196 

Four alternative formulations were evaluated. 197 

2.4.1. Model S1: Exponential Function 198 𝑌 = 1 − exp(−1.12ݔ) 199 

This formulation represents a nonlinear increase in damage with increasing flood depth, with the damage ratio 200 

approaching 1 as flood depth increases. 201 

2.4.2. Model S2: Exponential Function 202 𝑌 = 1 − exp(−0.94ݔ) 203 

The second exponential formulation was evaluated as an alternative representation of the observed depth-damage 204 

relationship. Similar to S1, the function approaches complete damage as flood depth increases. 205 

2.4.3. Model S3: Piecewise Linear Function 206 

For flood depths between 0.1 and 2.4 m: 207 𝑌 = 0.21 +  208 ݔ0.33

For flood depths greater than 2.4 m: 209 𝑌 = 1 210 

This formulation assumes a linear increase in damage within the observed intermediate-depth range and complete 211 

damage above the specified threshold. 212 

2.4.4. Model S4: Cubic Polynomial Function 213 

For flood depths between 0.1 and 4.5 m: 214 𝑌 = 0.008 + ݔ0.82 − 2ݔ0.24 +  215 3ݔ0.024

For depths greater than 4.5 m: 216 
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𝑌 = 1 217 

The four functions and their applicable depth ranges were derived from the locally observed depth-damage data. 218 

2.5. Evaluation of Depth-Damage Functions 219 

The performance of the four depth-damage functions was evaluated by comparing calculated damage ratios with 220 

observed damage ratios. Three statistical criteria were used: the root mean square error (RMSE), mean absolute error 221 

(MAE), and correlation coefficient (CC). 222 

The RMSE was calculated as: 223 

RMSE = √1݊∑(𝑌௜ − 𝑌̂௜)2 224 

where Yi is the observed damage ratio, Ŷi is the damage ratio estimated by the fitted function, and n is the number of 225 

observations. 226 

The MAE was calculated as: 227 MAE = 1݊∑|𝑌௜ − 𝑌̂௜| 228 

The correlation coefficient was used to quantify the degree of association between observed and estimated damage 229 

values. 230 

The function providing the lowest prediction error while maintaining a strong correlation with observed damage was 231 

retained as the basis for subsequent monetary loss estimation. 232 

2.6. Conversion of Relative Damage to Monetary Loss 233 

After determining the relationship between flood depth and relative building damage, the estimated damage ratios 234 

were converted into monetary losses. 235 

A major source of uncertainty in monetary flood-damage estimation is the estimation of the value of exposed 236 

buildings. To investigate this issue, three alternative approaches for assigning monetary building values were 237 

compared. The first approach relied on a generalized or average building size, whereas the spatially explicit approach 238 

used information at the statistical-block level. This distinction allowed the effect of spatial variability in building floor 239 

area to be evaluated. 240 

The economic information incorporated the number of residential buildings, building floor area, and monetary values 241 

obtained from statistical-block data and field surveys. Field information was collected for 250 sampled buildings. 242 

These data were integrated with the spatial flood-depth outputs generated by CCHE2D. 243 

For each exposed building, the estimated monetary damage was calculated as: 244 ܦ௜ = ௜ܸ × 𝑌(ݔ௜) 245 

where Di is the estimated monetary damage to building i, Vi is the monetary value assigned to that building, and Y(xi) 246 

is the damage ratio corresponding to the simulated flood depth xi. 247 

This spatially explicit procedure allows buildings located within the same flood-depth class to have different monetary 248 

losses when their floor areas or monetary values differ. 249 
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2.7. Regional Recovery/Reconstruction Coefficient 250 

To further examine the conversion of relative damage into monetary damage, a regional recovery/reconstruction 251 

coefficient, RC, was incorporated into the estimation procedure. 252 

The coefficient was used to account for the difference between the total reconstruction cost of a building and the actual 253 

monetary loss associated with a particular flood depth. An RC value of 0.45 was adopted for the low-depth damage 254 

assessment considered in the study. 255 

Accordingly, the monetary loss can be represented as: 256 ܦ௜ = 𝑌(ݔ௜) × ௥ܸ,௜ × RC 257 

where Vr,i represents the estimated reconstruction or replacement value of building i. 258 

The performance of the RC-based approach was examined separately for different flood-depth ranges. The analysis 259 

considered depths below 1 m, depths between 1 and 2.5 m, and depths greater than 2.5 m. The purpose was to 260 

determine whether a single conversion approach performs consistently across different levels of flood severity. 261 

2.8. Integration of CCHE2D Outputs with Damage Functions 262 

The final damage-estimation procedure was based on the spatial integration of the CCHE2D flood-depth map with 263 

the residential exposure database and the selected depth-damage functions. 264 

For each spatial unit or building, the simulated flood depth was extracted from the CCHE2D output. The corresponding 265 

relative damage ratio was then obtained from each candidate depth-damage function and combined with the spatially 266 

specific building value. Alternative monetary valuation procedures were subsequently applied, and the estimated 267 

monetary damage was compared with observed or field-assessed losses. 268 

This procedure allowed the study to distinguish between two sources of uncertainty: uncertainty associated with the 269 

functional form of the depth-damage relationship and uncertainty associated with the monetary valuation of exposed 270 

buildings. 271 

2.9. Statistical Comparison of Monetary Damage Estimates 272 

The final stage involved comparing the monetary losses estimated by the alternative models with observed damage 273 

values. The absolute relative error was used to assess the accuracy of the monetary estimates: 274 

RE௜ = ௜,estܦ| − ௜,obsܦ௜,obsܦ | × 100 275 

where Di,est is the estimated monetary damage and Di,obs is the corresponding observed damage. 276 

The analysis was conducted both for the complete dataset and for separate flood-depth intervals. This depth-stratified 277 

evaluation was important because the relationship between flood depth and building damage is nonlinear, and the 278 

performance of a monetary conversion method may change as flood severity increases. 279 

3. Results 280 

3.1. CCHE2D Model Calibration and Validation 281 

The hydraulic simulations were first evaluated by examining the sensitivity of the model results to the computational 282 

grid and Manning's roughness coefficient. Two computational grids with dimensions of 1800 × 250 and 2500 × 350 283 

were tested. The comparison of simulated and measured flow velocity and water depth at the available cross-284 

sections showed that the 2500 × 350 grid provided a closer representation of the measured hydraulic conditions and 285 
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was therefore selected for the subsequent simulations. The selected configuration was associated with a Manning's 286 

roughness coefficient ranging from 0.042 to 0.057. 287 

Table 1 Comparison of measured and simulated flow velocity for the tested computational grids 288 

Cross-section Measured velocity (m/s) 
Simulated – 1800×250 

(m/s) 

Simulated – 2500×350 

(m/s) 

A 0.92 1.02 0.95 

C 1.09 1.01 1.08 

E 0.95 0.99 0.96 

F 0.87 0.95 0.89 

G 0.82 0.98 0.85 

Table 2 Comparison of measured and simulated flow depth for the tested computational grids 289 

Cross-section Measured depth (m) 
Simulated – 1800×250 

(m) 

Simulated – 2500×350 

(m) 

A 1.02 1.08 1.04 

C 1.05 0.98 1.01 

E 1.03 0.95 0.99 

F 0.87 0.92 0.85 

G 0.88 0.96 0.89 

The comparison of the hydraulic variables showed that the finer computational grid provided improved agreement 290 

with the measured conditions. For the selected 2500 × 350 grid, the simulated flow velocities at the five calibration 291 

sections were close to the measured values. A similar pattern was observed for flow depth, supporting the selection 292 

of this grid for the flood simulations. 293 

 294 



10 

 295 

Fig. 1 Selected computational grid (mesh) and the surveyed cross-sections 296 

The effect of Manning's roughness coefficient was subsequently examined for the candidate grid configurations. The 297 

results indicated that the combination of the 2500 × 350 computational grid and a Manning's roughness range of 298 

0.042–0.057 provided the most suitable representation of the measured hydraulic conditions. The corresponding 299 

comparison of flow velocity and flow depth for different roughness ranges is presented below. 300 

 301 

Fig. 2 Comparison of flow velocity under different computational-grid and roughness conditions 302 

 303 

Fig. 3 Comparison of flow depth under different computational-grid and roughness conditions 304 

For independent validation, the calibrated model was evaluated at two additional river cross-sections using measured 305 

and simulated flow depths. At section B, the measured and simulated depths were 1.04 and 1.02 m, respectively, 306 

whereas at section D they were 0.98 and 0.95 m, respectively. These results indicate a close correspondence between 307 

the modeled and observed hydraulic conditions at the validation sections. 308 

Table 3 Validation of the CCHE2D model at independent cross-sections 309 

Cross-section Measured depth (m) Model-simulated depth (m) 

B 1.04 1.02 

D 0.98 0.95 
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The model was also evaluated using 30 control points distributed within the inundated area. The mean observed 310 

flood depth was 3.25 m, while the corresponding mean simulated depth was 3.12 m. The mean difference between 311 

the paired observations was 0.13 m, with a standard deviation of 1.95 m. The paired t-test yielded t = 0.365 with 29 312 

degrees of freedom and p = 0.718. The 95% confidence interval for the mean difference was approximately −0.598 313 

to 0.858 m. Therefore, the observed and simulated flood depths did not show a statistically significant difference at 314 

the 95% confidence level. 315 

Table 4 Statistical comparison of observed and simulated flood depths (paired t-test) 316 

Statistic Value 

Number of control points (n) 30 

Mean observed depth (m) 3.25 

Mean CCHE2D-simulated depth (m) 3.12 

Mean difference, d̄ (m) 0.13 

Standard deviation of differences, Sd (m) 1.95 

Computed t 0.365 

Critical t (α = 0.05, df = 29) 2.045 

Degrees of freedom (df) 29 

p-value (two-tailed) 0.718 

95% confidence interval of the difference (m) −0.598 to 0.858 

The error analysis further showed an RMSE of approximately 0.075 m s⁻¹ for simulated flow velocity and a relative 317 

MAE (as a percentage of measured velocity) of approximately 7.54% for the selected model configuration. These 318 

results, together with the cross-section validation, provided the basis for using the calibrated CCHE2D model to 319 

generate spatially distributed flood-depth information for the subsequent damage assessment. 320 

3.2. Simulated Flood Extent and Flood Depth 321 

The calibrated CCHE2D model was used to simulate the flood conditions for the 2016 and 2019 events. The 322 

resulting flood-extent maps show the spatial distribution of inundated areas within the study reach. The 323 

corresponding flood-depth maps provide the spatially variable water depth required for the subsequent depth–324 

damage analysis. 325 
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 326 

Fig. 4 Simulated flood extent for the 2016 event 327 

 328 

Fig. 5 Simulated flood extent for the 2019 event 329 

The simulated flood-depth distribution for the two events is presented in the corresponding depth maps below. These 330 

maps were used as the hydraulic input for linking flood intensity to building damage. 331 



13 

 332 

Fig. 6 Simulated flood-depth map for the 2016 event 333 

 334 

Fig. 7 Simulated flood-depth map for the 2019 event 335 

3.3. Performance of the Local Depth–Damage Functions 336 

Four candidate depth–damage functions were fitted to the observed flood-depth and building-damage data. The 337 

evaluated functions consisted of two exponential relationships, one piecewise linear function, and one cubic 338 

polynomial function. For the exponential functions, the damage fraction asymptotically approaches 1 as flood depth 339 

increases. In the piecewise linear formulation, the relationship was defined for depths from 0.1 to 2.4 m and a 340 
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damage level of 100% was assigned to greater depths. The fourth function used a cubic polynomial over the range of 341 

0.1–4.5 m, with damage constrained to 100% beyond this range. 342 

Table 5 Fitted depth–damage functions based on the observed depth–damage data 343 

Model Depth range x (m) Function (Y = damage fraction, x = depth in m) 

S1 ≥ 0.1 Y = 1 − exp(−x1.12) 

S2 ≥ 0.1 Y = 1 − exp(−0.94x) 

S3 0.1–2.4  /  > 2.4 Y = 0.21 + 0.33x  /  Y = 1 

S4 0.1–4.5  /  > 4.5 Y = 0.008 + 0.82x − 0.24x² + 0.024x³  /  Y = 1 

The performance of the four functions was assessed using RMSE, MAE, and the correlation coefficient (CC). S1 344 

produced an RMSE of 11.21%, an MAE of 9.02%, and a CC of 0.95. S2 produced an RMSE of 11.05%, an MAE of 345 

8.41%, and a CC of 0.96. S3 yielded an RMSE of 11.45%, an MAE of 9.62%, and a CC of 0.91, while S4 resulted 346 

in an RMSE of 11.32%, an MAE of 9.24%, and a CC of 0.94. 347 

Table 6 RMSE, MAE, and CC for the evaluated depth–damage functions 348 

Model RMSE (%) MAE (%) CC 

S1 11.21 9.02 0.95 

S2 11.05 8.41 0.96 

S3 11.45 9.62 0.91 

S4 11.32 9.24 0.94 

The comparison demonstrates that all four functions showed a strong correlation with the observed damage data; 349 

however, the magnitude of prediction errors differed among the models. S2 produced the lowest RMSE and MAE 350 

and the highest CC among the four evaluated functions. The S2 relationship was therefore used as the selected local 351 

depth–damage function for the subsequent flood-loss estimation. 352 

The selected S2 function was expressed as: 353 𝑌 = 1 − exp(−0.94ݔ) 354 

where x represents flood depth in meters and Y represents the damage fraction. The function was defined for flood 355 

depths equal to or greater than 0.1 m. The results demonstrate that the selected relationship provides a locally 356 

calibrated representation of the increase in relative building damage with increasing flood depth. 357 

3.4. Spatial Representation of Buildings and Monetary Loss Estimation 358 

Following the estimation of relative damage from flood depth, three alternative approaches were evaluated for 359 

converting relative building damage into monetary loss. Land-use information for the study area was obtained from 360 

Poldokhtar Municipality, while economic and building information was compiled using statistical-block data and 361 

field observations. Field information was collected for 250 sampled buildings. 362 
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 363 

Fig. 8 Land-use map of the study area (source: Poldokhtar Municipality) 364 

 365 
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 366 

Fig. 9 Land use overlaid with the inundated area 367 

The comparison of the monetary-loss estimation approaches showed substantial differences in relative error. The 368 

reported relative errors for Approaches A1, A2, and A3 were approximately 31.1%, 6.4%, and 41.3%, respectively. 369 

Approach A2 therefore produced the lowest reported relative error among the evaluated monetary conversion 370 

approaches. 371 

 372 

Fig. 10 Relative error of monetary flood-loss estimates obtained from the different models 373 

The results indicate that the spatial representation of building characteristics affected the accuracy of monetary-loss 374 

estimation. In particular, the approach incorporating spatial variation in building floor area at the statistical-block 375 

level resulted in a substantially lower relative error than approaches based on a single average building area for the 376 

study region. 377 
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3.5. Effect of Flood Depth on Monetary Damage Estimation 378 

The performance of the monetary-loss estimation approaches was further examined for different flood-depth ranges. 379 

For flood depths below 1 m, application of the regional recovery/reconstruction coefficient (RC = 0.45) resulted in a 380 

relative error of approximately 8%. At greater flood depths, the error associated with the RC-based approach 381 

increased. The reported relative errors were approximately 29% for depths of 1–2.5 m and 60% for depths greater 382 

than 2.5 m. 383 

For flood depths greater than 1 m, Approach A2 showed lower relative errors than the alternative approaches. Its 384 

relative error was approximately 8% for flood depths between 1 and 2.5 m and approximately 15% for depths 385 

greater than 2.5 m. 386 

 387 

Fig. 11 Estimated monetary flood damage by model and flood-depth class 388 

The depth-specific comparison also provided a direct comparison between field-based and modeled monetary losses. 389 

At a representative flood depth of approximately 1 m, the field-based estimate was approximately 35 million toman, 390 

whereas the estimate obtained using Approach A2 was approximately 38 million toman. The other evaluated 391 

approaches showed larger deviations from the field estimate, with reported errors exceeding 29%. 392 

These results demonstrate that the performance of the monetary-loss conversion approach varies with flood depth. 393 

The RC-based approach provided a lower error for shallow flooding, whereas the spatially differentiated Approach 394 

A2 produced lower errors at depths exceeding 1 m. The results also indicate that incorporating spatial variation in 395 

building characteristics, rather than applying a single average building size across the study area, substantially 396 

reduced the error in monetary flood-loss estimation. 397 

3.6. Integrated Application of CCHE2D and the Depth–Damage Relationship 398 

The calibrated CCHE2D model provided the spatial distribution of flood depth required for the damage assessment. 399 

These simulated depths were linked to the locally calibrated S2 depth–damage relationship to estimate relative 400 

building damage, after which the relative damage estimates were converted into monetary losses using the evaluated 401 

building-valuation approaches. 402 

The integrated results show that the flood-loss estimation framework depends on two successive components: the 403 

accuracy of the simulated flood-depth field and the representation of the relationship between flood depth and 404 

building damage. The CCHE2D validation results provide support for using the simulated depth field in the analysis, 405 

while the comparison of the four depth–damage functions identifies S2 as the function associated with the lowest 406 

reported error. The monetary-loss analysis further shows that spatially explicit building information can reduce the 407 

error associated with converting relative damage into monetary loss. 408 
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Overall, the results provide a locally based framework in which spatially distributed hydraulic simulations are 409 

combined with a calibrated depth–damage relationship and spatial building information to estimate flood-related 410 

building losses in Poldokhtar. 411 

3.7. Statistical Comparison Using the McNemar Test 412 

A McNemar test was used to statistically assess the agreement between the flood extent derived from the CCHE2D 413 

hydraulic simulation and the reference flood extent obtained from satellite-based mapping. A total of 150 randomly 414 

selected control points were evaluated, with each point being classified according to whether it was identified as 415 

inundated or non-inundated by the two approaches. 416 

The contingency analysis showed that 90 points exhibited agreement between the two flood-extent datasets, whereas 417 

60 points showed disagreement, split into 45 discordant points in one direction and 15 in the other. Using the 418 

continuity-corrected McNemar statistic, χ² = (|b − c| − 1)²/(b + c), the test yielded a chi-square statistic of χ² = 14.02, 419 

which exceeded the critical value of 3.84 at the 95% confidence level. The corresponding p-value was 0.00018, 420 

indicating a statistically significant difference between the two paired classifications. 421 

Table 7 McNemar test comparing the flood extent derived from satellite imagery and CCHE2D simulation 422 

Index Value 

Number of control points (n) 150 

Points in full agreement (a + d) 90 

Points in disagreement (b + c) 60 

Discordant pairs, direction 1 (b) 45 

Discordant pairs, direction 2 (c) 15 

Computed χ² 14.02 

Critical χ² (α = 0.05, df = 1) 3.84 

p-value 0.00018 

These results demonstrate that although the two datasets showed agreement at a substantial number of control 423 

points, the pattern of disagreements was not statistically symmetric. Therefore, the differences between the satellite-424 

derived and CCHE2D-based flood extents should be considered when interpreting the spatial agreement between the 425 

hydraulic simulation and the observed inundation pattern. 426 

4. Discussion 427 

4.1. Reliability of the CCHE2D Flood-Depth Simulations 428 

The hydraulic simulations indicate that the calibrated CCHE2D model reproduced the observed flow conditions in 429 

the Poldokhtar reach with an accuracy consistent with, or exceeding, that reported for comparable two-dimensional 430 

applications elsewhere. The selected grid (2500 × 350) combined with a Manning’s roughness range of 0.042–0.057 431 

yielded a velocity RMSE of approximately 0.075 m s⁻¹ and a relative MAE of 7.54%, while the paired t-test on the 432 

30 control-point comparisons (t = 0.365, df = 29, p = 0.718) and the two independent validation cross-sections 433 

showed no statistically significant deviation between simulated and observed depths. The close agreement between 434 

simulated and measured velocities and depths at the calibration sections (Tables 1 and 2) is consistent with the 435 

findings of Salmasi et al. (2020), who successfully calibrated CCHE2D against field observations in the Beshar 436 

River, Iran. The sensitivity analysis further shows that grid resolution, rather than roughness calibration alone, was 437 

the dominant factor controlling model accuracy in the narrow, meandering Poldokhtar floodplain, since the coarser 438 

1800 × 250 grid systematically over-predicted both velocity and depth at several cross-sections. This finding 439 

reinforces the general recommendation that two-dimensional hydraulic models applied to confined, morphologically 440 

complex urban floodplains require sufficiently fine spatial discretization to capture local flow convergence and 441 

backwater effects that one-dimensional or coarsely gridded models are likely to smooth out. 442 
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4.2. Comparative Performance of the Local Depth–Damage Functions 443 

Among the four candidate depth–damage formulations, the single-parameter exponential function S2 (Y = 1 − 444 

exp(−0.94x)) provided the best overall fit to the observed damage data, with the lowest RMSE (11.05%) and MAE 445 

(8.41%) and the highest correlation coefficient (CC = 0.96). The relatively small differences among the four 446 

functions (RMSE range of 11.05–11.45%) suggest that, once local damage observations are used for calibration, the 447 

functional form is less influential than is often assumed, and that a parsimonious exponential relationship can 448 

perform at least as well as piecewise or higher-order polynomial formulations. This outcome is broadly consistent 449 

with the reasoning of Rahim et al. (2024), who showed that the assumed damage-initiation behaviour of a depth–450 

damage function can materially affect flood-risk estimates; the good performance of S2 at shallow depths in the 451 

present study indicates that its initiation behaviour was well matched to the observed onset of damage in 452 

Poldokhtar’s residential stock. The results also support the broader argument of Paulik et al. (2023) and Poulose and 453 

Kumar (2024) that damage relationships are sensitive to local building characteristics and flood type, and that 454 

functions transferred without local validation — such as the internationally derived curves commonly embedded in 455 

HEC-FIA — may not adequately represent the vulnerability of Iranian masonry and semi-engineered residential 456 

construction. The comparatively higher error of the piecewise linear function S3 (RMSE = 11.45%, CC = 0.91) 457 

further suggests that abrupt slope changes at an assumed threshold depth (2.4 m) are less able to capture the 458 

smoother, continuously increasing damage response observed in the Poldokhtar dataset than a monotonically 459 

saturating exponential curve. 460 

4.3. Sources of Uncertainty in Converting Relative Damage to Monetary Loss 461 

The comparison of the three monetary-conversion approaches showed that the representation of building exposure, 462 

rather than the depth–damage relationship itself, was the dominant source of uncertainty in the final loss estimates. 463 

Approach A2, which incorporated spatially disaggregated building floor areas at the statistical-block level, achieved 464 

a relative error of only 6.4%, compared with 31.1% for the approach based on a single average building size (A1) 465 

and 41.3% for the alternative valuation procedure (A3). This result echoes the concern raised by Poulose and Kumar 466 

(2024) regarding the sensitivity of HEC-FIA-type estimates to damageable-value interpretation and occupancy-467 

specific replacement costs, and reinforces the argument advanced throughout the flood-risk literature that 468 

generalized or averaged exposure data can obscure substantial within-city variability in asset value and vulnerability. 469 

In the heterogeneous urban fabric of Poldokhtar — where residential, commercial, and administrative structures are 470 

interspersed within a narrow floodplain — the practical implication is that even a well-calibrated depth–damage 471 

function cannot compensate for coarse exposure data, and that investment in spatially explicit building inventories is 472 

likely to yield a greater improvement in loss-estimate accuracy than further refinement of the damage function itself. 473 

4.4. Depth-Dependent Behaviour of the Monetary Conversion Approaches 474 

The stratified analysis by flood-depth class revealed that no single monetary-conversion approach performed 475 

uniformly well across the full range of observed flood severities. The regional recovery/reconstruction coefficient 476 

(RC = 0.45) produced a low relative error (≈8%) for depths below 1 m but degraded markedly at greater depths 477 

(≈29% for 1–2.5 m and ≈60% for depths exceeding 2.5 m), whereas Approach A2 showed the opposite pattern, with 478 

errors of approximately 8% and 15% for the 1–2.5 m and >2.5 m classes, respectively, and a close match to the 479 

field-based estimate at a representative depth of about 1 m (35 versus 38 million toman). This divergence suggests 480 

that a fixed recovery coefficient, calibrated primarily from low-damage observations, is not appropriate for severe 481 

inundation, where non-linear damage mechanisms — such as structural failure, prolonged saturation, and loss of 482 

contents — are likely to dominate. The practical implication is that flood-loss estimation frameworks for Iranian 483 

urban floodplains would benefit from a depth-adaptive or hybrid conversion strategy that applies the RC-based 484 

approach at shallow depths, where it is computationally simple and reasonably accurate, and switches to a spatially 485 

explicit, building-level approach such as A2 once depths exceed approximately 1 m, consistent with the general 486 

observation that damage relationships become increasingly non-linear and building-specific as flood severity 487 

increases. 488 

4.5. Agreement Between Simulated and Satellite-Derived Flood Extent 489 

The McNemar test indicated that, although the CCHE2D-simulated and satellite-derived flood extents agreed at 90 490 

of the 150 evaluated control points, the pattern of disagreement was not symmetric (χ² = 14.02, p = 0.00018), with 491 

45 points classified as inundated by one method but not the other in one direction compared with only 15 in the 492 
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reverse direction. This asymmetry points to a systematic, rather than random, source of discrepancy — plausibly 493 

related to the spatial resolution and classification threshold of the satellite-based mapping, mixed-pixel effects along 494 

the flood margin, or the treatment of shallow, intermittently connected inundation zones that a hydrodynamic model 495 

and a remote-sensing classifier may delineate differently. This finding is a useful complement to the depth-based 496 

validation (Section 3.1), which showed no significant difference in point-wise flood depth: it indicates that even a 497 

hydraulic model whose depth predictions agree well with ground observations can systematically over- or under-498 

estimate the areal extent of inundation relative to an independent remote-sensing reference, a distinction that has 499 

direct consequences for damage assessment because losses are aggregated over the mapped inundated area. 500 

4.6. Limitations 501 

Several limitations should be considered when interpreting these results. First, the analysis is based on a single urban 502 

floodplain and two flood events (2016 and 2019); although the calibration and validation results were statistically 503 

robust, the transferability of the calibrated S2 function and the RC = 0.45 coefficient to other reaches of the Kashkan 504 

basin, or to other Iranian catchments with different building typologies, remains to be tested. Second, the observed 505 

damage dataset, while informed by field surveys of 250 buildings, reflects the damage experience of a particular 506 

flood magnitude and duration; the extrapolation of the fitted depth–damage functions beyond the observed depth 507 

range (for example, S3 and S4 beyond 2.4 m and 4.5 m, respectively) relies on the assumption of complete damage 508 

that has not been independently verified. Third, the monetary-loss comparison depends on the quality of the 509 

underlying statistical-block economic data and on a single regional recovery coefficient, which, as shown in Section 510 

4.4, does not generalize well across depth classes; the uncertainty associated with construction-cost indices and their 511 

temporal stability was not explicitly propagated through the analysis. Finally, the CCHE2D simulations represent 512 

flood conditions under the specific discharge hydrographs, roughness calibration, and boundary conditions used in 513 

this study; changes in channel morphology, sediment deposition, or future land-use development in the Poldokhtar 514 

floodplain could alter the hydraulic response and therefore the associated damage estimates in ways not captured by 515 

the present framework. 516 

4.7. Implications for Flood-Risk Management in Data-Scarce Regions 517 

Notwithstanding these limitations, the integrated CCHE2D–depth–damage–monetary-loss framework developed for 518 

Poldokhtar demonstrates that locally calibrated, spatially explicit approaches can substantially outperform generic or 519 

averaged flood-loss estimation procedures in a data-scarce setting. The consistent finding that spatial disaggregation 520 

of building exposure reduced relative error far more than refinement of the damage-function form suggests that, for 521 

practitioners and municipal authorities in similarly exposed Iranian floodplains, investment should prioritize the 522 

compilation of spatially resolved building inventories over the adoption of increasingly complex damage models. 523 

The demonstrated depth-dependence of monetary-conversion accuracy further suggests that flood-risk management 524 

tools intended for use across a range of flood magnitudes should incorporate depth-adaptive conversion procedures 525 

rather than a single fixed coefficient. Future work should extend the validation of the local S2 function and the 526 

depth-adaptive monetary framework to additional flood events and to other reaches of the Kashkan and 527 

neighbouring basins, incorporate non-residential and infrastructure losses, and explore the integration of higher-528 

resolution remote-sensing flood mapping to reduce the extent-related uncertainty identified by the McNemar 529 

analysis. 530 

5. Conclusions 531 

This study developed and evaluated an integrated framework combining two-dimensional hydraulic simulation, 532 

locally calibrated depth–damage functions, and spatially explicit monetary-loss conversion to estimate flood-related 533 

building damage in the Poldokhtar urban floodplain, Lorestan Province, Iran. The calibrated CCHE2D model, using 534 

the 2500 × 350 grid and a Manning’s roughness range of 0.042–0.057, reproduced the observed flow velocities and 535 

flood depths with no statistically significant difference from field observations (paired t-test, p = 0.718), confirming 536 

its suitability for generating the spatially distributed flood-depth information required for damage assessment. 537 

Among the four candidate depth–damage formulations, the single-parameter exponential function S2 (Y = 1 − 538 

exp(−0.94x)) provided the best overall performance (RMSE = 11.05%, MAE = 8.41%, CC = 0.96) and was adopted 539 

as the locally representative relationship between flood depth and relative building damage. 540 

The comparison of monetary-conversion approaches demonstrated that the spatial representation of building 541 

exposure exerted a greater influence on estimation accuracy than the choice of depth–damage function, with the 542 
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spatially disaggregated Approach A2 achieving a relative error of only 6.4%, compared with 31.1% and 41.3% for 543 

the approaches based on generalized building values. The depth-stratified analysis further showed that the regional 544 

recovery/reconstruction coefficient (RC = 0.45) performed well at shallow depths (≈8% error below 1 m) but 545 

became increasingly unreliable at greater depths (up to ≈60% beyond 2.5 m), whereas Approach A2 remained 546 

comparatively accurate across the deeper flood classes, indicating that depth-adaptive conversion strategies are 547 

preferable to a single fixed coefficient. The McNemar test additionally revealed a statistically significant asymmetry 548 

(χ² = 14.02, p = 0.00018) between the CCHE2D-simulated and satellite-derived flood extents, underscoring that 549 

accurate point-wise depth estimation does not guarantee unbiased delineation of the inundated area. 550 

Overall, the results confirm that combining high-resolution hydraulic modelling with locally calibrated damage 551 

relationships and spatially explicit exposure data provides a substantially more reliable basis for flood-loss 552 

estimation in data-scarce regions than approaches relying on generalized functions and averaged building values. 553 

The framework developed here offers a transferable methodology for other flood-prone Iranian floodplains, and 554 

future research should extend its validation to additional flood events, incorporate non-residential and infrastructure 555 

losses, and integrate higher-resolution remote-sensing data to further reduce uncertainty in both the hydraulic and 556 

exposure components of flood-risk assessment. 557 
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