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Abstract: Flood routing is a key component of dam safety evaluation and flood-risk management. Most 15 

conventional routing studies assume that reservoir geometry remains constant throughout the service life of 16 

a dam and consequently employ the original or design area–elevation curve (AEC). In practice, however, 17 

continuous sediment deposition gradually changes reservoir morphology, reduces available storage, and 18 

alters the reservoir's hydraulic behavior during flood events. Ignoring these changes may introduce 19 

considerable uncertainty into flood-routing analyses and associated risk assessments. This study examines 20 

the effects of temporal changes in reservoir geometry on flood-routing results and assesses the potential of 21 

satellite remote sensing for updating reservoir geometric characteristics. The Golestan Dam Reservoir in 22 

northern Iran was selected as the study area. More than 100 Sentinel-2 images acquired between 2015 and 23 

2025 were processed in Google Earth Engine (GEE) to derive reservoir water surface areas at different water 24 

levels using the Normalized Difference Water Index (NDWI). The satellite-derived AEC in 2015 was 25 

compared with hydrographic survey results for the same year. This comparison indicated that differences 26 

between the two datasets varied with water level and became most pronounced near the spillway crest 27 

elevation as well as lower operating levels. The analysis identified substantial morphological changes within 28 

the reservoir. The reservoir storage capacity at the spillway crest elevation declined from approximately 29 

86.5 million m³ in 1999 to 51 million m³ in 2015, representing a storage loss of nearly 40%, while sediment 30 

accumulation raised the reservoir bed level (thalweg) from about 50.0 m to 55.5 m. The updated AECs were 31 

subsequently incorporated into a flood-routing model based on the Modified Puls method and solved using 32 

a fourth-order Runge–Kutta numerical algorithm. Flood routing was performed for four design flood 33 

hydrographs with return periods of 25 to 200 years, using the reservoir inflow discharge, for two reservoir 34 

geometry cases (stationary AEC and dynamic-updated AEC) and two conditions (empty and full). These 35 



 

 

 

simulations showed that incorporating updated reservoir geometry significantly affected peak outflow 36 

discharge, released flood volume, and maximum reservoir water level. For the 200-year flood under empty-37 

reservoir conditions, the dynamic-geometry scenario produced a peak outflow approximately 144 m³/s 38 

higher and a released flood volume about 12 million m³ greater than those obtained under the stationary-39 

geometry scenario. Maximum reservoir water levels also increased by up to 45 cm for floods with smaller 40 

return periods. These results indicate that reservoir morphological evolution can substantially affect flood 41 

routing performance and flood risk estimates. The integration of Sentinel-2 imagery with Google Earth 42 

Engine provides a rapid, cost-effective, and repeatable framework for updating reservoir geometry and 43 

reducing uncertainty in flood-routing studies. The proposed methodology offers a practical tool for reservoir 44 

operation, dam safety assessment, and adaptive flood management in sediment-affected reservoirs. 45 
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1. Introduction 50 

Reservoirs are among the most important components of water-resources infrastructure 51 

worldwide, serving a wide range of functions including domestic, agricultural, and industrial water 52 

supply, hydropower generation, and support of riverine ecosystems. They also play a critical role 53 

in flood management by temporarily storing floodwater and attenuating incoming flood 54 

hydrographs. Through appropriate operation, reservoirs can reduce peak discharges, delay flood-55 

wave propagation, and lessen downstream economic and social impacts (Elfeki et al., 2020; 56 

Boulange et al., 2021; Zhao et al., 2022). In the context of increasing hydrological extremes 57 

associated with climate change (Algeria et al., 2024), reliable evaluation of reservoir performance 58 

under flood conditions has become increasingly important. 59 

Flood routing is widely applied to assess the hydrological behavior and flood-control 60 

performance of reservoirs. Its accuracy depends on several factors, including watershed 61 

characteristics, inflow hydrographs, outlet structures, and reservoir geometry (Kim et al., 2022). 62 

Among these, the AECs and storage–elevation curves (SECs) are particularly important because 63 

they determine the available storage capacity at different water levels and directly govern the 64 

storage–release process during flood events. Since reservoir water surface area is a fundamental 65 

variable in flood routing calculations, changes in this parameter can significantly affect reservoir 66 

response. 67 



 

 

 

Despite the importance of reservoir geometry, most flood-routing studies and operational 68 

analyses assume that AECs and SECs remain constant throughout a reservoir's life. While this 69 

assumption simplifies the routing procedure, it rarely reflects actual reservoir conditions. Sediment 70 

transported from upstream catchments is continuously deposited within reservoirs, leading to 71 

gradual changes in bed morphology, loss of storage capacity, and alteration of the original 72 

geometric relationships. As a result, assuming a fixed reservoir geometry may introduce 73 

considerable uncertainty into estimates of storage volume, flood-mitigation performance, and 74 

routing results. 75 

The conventional representation of reservoir geometry is based on the area–elevation 76 

relationship, which defines the water surface area corresponding to each reservoir water level. This 77 

relationship is controlled by reservoir bathymetry and is generally established during the design 78 

and commissioning stages using hydrographic survey data. Over time, however, repeated flood 79 

events and continuous sediment deposition modify reservoir-bed topography and gradually alter 80 

the original AEC. Consequently, the water surface area associated with a given water level may 81 

differ substantially from the original design condition as sediment accumulates within the reservoir 82 

(Figure 1). Recent studies have emphasized the importance of considering these changes in 83 

reservoir analyses. Ma et al. (2025) showed that reliance on outdated SECs may result in substantial 84 

underestimation of flood risk and reservoir flood-control performance. Likewise, Zhou et al. (2024) 85 

reported that progressive sediment accumulation within the flood-control storage zone of the Three 86 

Gorges Reservoir reduces its capacity to regulate flood flows. Ren et al. (2024) highlighted the 87 

strong interaction between sediment transport processes and reservoir hydrological performance, 88 

demonstrating that sediment-driven morphological changes can significantly influence reservoir 89 

responses to flood inflows. In addition, geomorphological studies of large reservoirs have shown 90 

that long-term morphological evolution may substantially alter the geometry assumed during the 91 

design stage (Pogorelov et al., 2024). 92 



 

 

 

 93 

Figure 1. Schematic representation of sedimentation effects on the reservoir area–elevation curve. 94 

 95 

These findings underscore the need for continuous monitoring of reservoir geometry and 96 

periodic revision of AECs and SECs. Traditionally, such information has been obtained through 97 

hydrographic and bathymetric surveys. Although these methods provide reliable measurements, 98 

their application in large reservoirs is often costly, labor-intensive, and time-consuming, which 99 

limits their routine use in many regions of the world (Foteh et al., 2018; Schwatke et al., 2021; Lai 100 

et al., 2024). Consequently, many reservoirs still lack updated information on storage capacity loss 101 

and long-term geometric evolution because of operational and financial limitations (Singh et al., 102 

2025). 103 

Over the last two decades, advances in remote sensing and the growing availability of satellite 104 

imagery with improved spatial and temporal resolution have opened new opportunities for reservoir 105 

monitoring. Numerous studies have demonstrated that Landsat and Sentinel-2 imagery, together 106 

with spectral water indices such as the Normalized Difference Water Index (NDWI) and Modified 107 

NDWI (MNDWI), can effectively delineate water boundaries and track temporal variations in 108 

reservoir surface area (Du et al., 2016; Zhou et al., 2017; Ji et al., 2009; Khalifeh et al., 2019). 109 

Other studies have shown that combining remote sensing observations with cloud-computing 110 

platforms such as Google Earth Engine (GEE) enables automated monitoring of reservoir surface 111 

area, storage volume, and long-term dynamics at both regional and global scales (Schwatke et al., 112 

2021; Condeça et al., 2022; Chagas et al., 2025). 113 

Beyond monitoring surface-area variations, several studies have used satellite observations to 114 

reconstruct reservoir geometric relationships and assess changes in storage capacity. Avisse et al. 115 

(2017), Liu et al. (2022), and Mahato et al. (2025) demonstrated that integrating optical imagery, 116 



 

 

 

satellite altimetry, and digital elevation models (DEMs) can provide valuable information on 117 

reservoir-capacity variations. Schwatke et al. (2021) developed an automated framework for 118 

extracting reservoir water levels and surface areas from multi-temporal Landsat and Sentinel-2 119 

observations. They showed that long-term shoreline dynamics can reveal important aspects of 120 

reservoir geometric evolution. Similarly, Ma et al. (2025) proposed approaches to update SECs 121 

affected by reservoir’s sedimentation and demonstrated that neglecting these changes can lead to 122 

significant underestimation of flood-management risks and downstream hazards. In addition, 123 

remote sensing techniques have been widely applied to monitor reservoir water-quality variables, 124 

including water temperature, chlorophyll-a, turbidity, salinity, and nutrient concentrations, 125 

particularly where field measurements are expensive or difficult to obtain (Adjovu et al., 2023, 126 

Nikoo et al., 2024). Despite these advances, most previous studies have focused primarily on 127 

estimating reservoir surface area, water level, storage volume, or water quality, whereas the 128 

hydrological consequences of reservoir morphological evolution have received comparatively 129 

limited attention. Although remote sensing techniques can now detect geometric changes with 130 

reasonable accuracy, the extent to which such changes affect flood-routing simulations, flood-131 

control performance, and downstream outflow hydrographs remains insufficiently explored 132 

(Xiaoyan et al., 2023; Suresh et al., 2024; Ma et al., 2025). Furthermore, many flood-routing studies 133 

still rely on stationary geometry assumptions derived from original design curves, without 134 

accounting for progressive changes occurring during reservoir operation. Accordingly, a 135 

significant research gap remains at the intersection of remote sensing–based reservoir monitoring 136 

and flood-routing analysis. This study addresses that gap by quantifying the effects of sediment-137 

induced morphological changes on flood routing results by updating reservoir’s AECs. The 138 

proposed framework allows continuous monitoring of reservoir surface-area variations while 139 

incorporating updated geometric information into flood-routing analyses. 140 

The Golestan Dam Reservoir in northeastern Iran was selected as the case study. The Gorganrud 141 

River watershed is prone to intense rainfall events and flash floods, which expose the reservoir to 142 

overtopping risks and increase downstream flood hazards. The presence of extensive agricultural 143 

areas downstream further highlights the importance of reliable flood-routing assessments. 144 

Historical floods in 2001, 2002, 2005, and 2019 illustrate the watershed’s high flood potential. 145 

Despite these major flood events, no dedicated flood-control storage has been allocated within the 146 

reservoir. 147 



 

 

 

In this study, updated AECs for the Golestan Dam Reservoir were derived from Sentinel-2 148 

imagery using the NDWI index in Google Earth Engine. These updated geometric curves were 149 

then incorporated into reservoir flood-routing simulations. Specifically, this study seeks to answer 150 

the following questions:  151 

(1) How has sedimentation-driven morphological evolution affected the AECs of the Golestan 152 

Dam Reservoir?  153 

(2) How do these geometric changes influence flood-routing performance and outflow 154 

hydrograph characteristics?  155 

and (3) To what extent can remotely updated AECs improve the assessment of reservoir flood-156 

control performance?  157 

The results are expected to contribute to the integration of remote sensing into reservoir 158 

hydrology and to improve understanding of the implications of sedimentation for flood 159 

management and downstream flood-risk reduction. 160 

 161 

2. Materials and Methods 162 

2.1. Study Area 163 

Built between 1995 and 1999, the Golestan dam was completed in 1999. This 25 m high dam 164 

was designed as a homogeneous earth-fill dam. The original volume of the reservoir was 86500000 165 

m3. Golestan Dam is one of the major embankment dams in northeastern Iran, located in Golestan 166 

Province near Gonbad Kavus City. Constructed across the Gorganrud River, the dam primarily 167 

serves agricultural water supply and domestic water demands in the region. Geographically, the 168 

dam is situated at 55°10′ E longitude and 37°22′ N latitude. Figure 2 illustrates the geographical 169 

location of the dam, the reservoir, and its major hydraulic components, including the dam body, 170 

spillway, and bottom outlet structures. The spillway with an effective crest length of 110 m and 171 



 

 

 

discharge coefficient of 1.7, releases flood discharge from the dam reservoir at a maximum flow 172 

rate of 1500 m3/s. 173 

  174 

Figure 2. Location of Golestan Dam on the Gorganrud River and its main components, including the dam body and 175 

spillway. 176 

 177 

2.2. Satellite Data and Google Earth Engine Platform 178 

Google Earth Engine (GEE) is a cloud-based geospatial analysis platform that provides access 179 

to large archives of remote sensing imagery and environmental datasets. The platform hosts a wide 180 

range of data sources, including Landsat, Sentinel-1, Sentinel-2, MODIS, CHIRPS climate 181 

products, digital elevation models (DEMs), and various meteorological datasets. Because data 182 

processing is performed within a cloud-computing environment, large-scale analyses can be 183 

conducted efficiently without the need for high-performance local computing facilities. 184 

In this study, Sentinel-2 imagery was used to derive the water surface area of the Golestan Dam 185 

Reservoir. The workflow included image acquisition for the study area and selected periods, cloud 186 

filtering based on image-quality indicators, and selecting scenes with minimal cloud contamination 187 

(Kaplan & Advan, 2017). The Normalized Difference Water Index (NDWI) was then calculated to 188 



 

 

 

delineate the reservoir water surface, and the corresponding water area was estimated in square 189 

kilometers. A schematic representation of the methodology is provided in Figure 3. 190 

 191 

 192 

Figure 3. Components of flood routing in dam reservoirs. 193 

 194 

Before the launch of Sentinel-2, MODIS products were commonly employed for surface-water 195 

monitoring because of their high temporal resolution (1–2 days) (Verpoorter et al., 2012). 196 

However, their relatively coarse spatial resolution (250 m) restricted their use in small reservoirs 197 

and detailed hydrological applications. Landsat imagery improved spatial resolution to 30 m but 198 

was limited by a 16-day revisit interval. Since 2015, the Sentinel-2 mission operated by the 199 

European Space Agency (ESA) has considerably improved surface-water monitoring by providing 200 

imagery with 10-m spatial resolution in the visible and near-infrared bands and a revisit frequency 201 

of approximately five days. 202 

For water–land classification, the NDWI proposed by McFeeters (1996) was selected as the 203 

primary water-extraction index. This choice was based on its demonstrated ability to delineate 204 

water bodies accurately from Sentinel-2 imagery while preserving the dataset's native 10-m spatial 205 

resolution. Previous studies have reported reliable water-extraction performance using NDWI 206 



 

 

 

without the need for additional spectral indices. Although the Modified Normalized Difference 207 

Water Index (MNDWI) (Xu, 2006) has been suggested as an alternative approach, its application 208 

requires shortwave infrared (SWIR) bands, which are available at lower spatial resolution and may 209 

reduce the spatial precision of shoreline delineation. Earlier investigations have also shown that 210 

NDWI generally provides satisfactory results, with extraction errors typically below 5%, making 211 

it suitable for the flood-routing analyses conducted in this study (Zhou et al., 2017; Chagas et al., 212 

2025; Che et al., 2025; Mahmood et al., 2025). The NDWI index is calculated as follows: 213 

NDWI = ௥௘௘௡ீߩ − ௥௘௘௡ீߩேூோߩ +  ேூோ (1)ߩ

where Green and NIR represent the reflectance values of the green and near-infrared spectral bands, 214 

respectively. 215 

 216 

2.3. Reservoir Flood Routing Model 217 

Reservoirs mitigate downstream flood hazards by temporarily storing incoming floodwaters and 218 

releasing them gradually through spillways and outlet structures (Nematollahi et al., 2024). 219 

Assessing this flood-control function requires reliable flood-routing analyses that can represent the 220 

temporal variation in inflow, outflow, and reservoir storage. Reservoir flood routing is primarily 221 

based on the continuity equation, which describes changes in storage as a function of the difference 222 

between inflow and outflow discharges (Figure 4). Among the available routing methods, the 223 

Modified Puls method, also known as level-pool routing, is one of the most commonly used 224 

techniques in reservoir-routing applications (Arrieta-Pastrana et al., 2024). Thismethod assumes a 225 

horizontal water surface within the reservoir and is therefore particularly suitable for reservoirs 226 

with small water-surface gradients. In reservoirs with elongated geometry and pronounced water-227 

surface profiles, hydraulic-routing approaches may be more appropriate. 228 

Application of the Modified Puls method typically requires an inflow hydrograph, outlet rating 229 

curves, and the reservoir SEC. In many cases, however, updated SECs are not available because 230 

hydrographic and bathymetric surveys are costly and conducted only at relatively long intervals. 231 

As a result, SECs are often derived indirectly from AECs, introducing an additional source of 232 

uncertainty into the routing procedure. To reduce this uncertainty, the present study adopts a flood-233 

routing framework that directly incorporates AECs derived from satellite observations, thereby 234 

avoiding the intermediate conversion to SECs. The governing differential equation can be 235 

expressed as: 236 
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where h is the reservoir water level, A(h) denotes the reservoir surface area corresponding to water 237 

level h, I(t) represents the inflow flood hydrograph, Oout(h) is the total outflow discharge from the 238 

reservoir which is calculated as the sum of spillway discharge (Oweir) and bottom outlet release 239 

(Ogate), Cw is the spillway discharge coefficient, Lw is the effective spillway crest length, hw is the 240 

spillway crest elevation, Cg is the outlet discharge coefficient, Ag is the bottom outlet opening area, 241 

and g is the gravitational acceleration. The function A(h) is not constant through time. Sediment 242 

deposition from repeated flood events gradually alters reservoir morphology and reduces the 243 

reservoir surface area at a given water level. If these geometric changes are ignored, flood-routing 244 

results, including peak reservoir levels and outflow hydrographs, may be significantly biased. 245 

Because accurate estimation of the maximum reservoir water level and spillway discharge is 246 

essential for dam safety assessment and downstream flood risk management, updated AECs were 247 

incorporated into the flood routing model. Reservoir surface areas corresponding to different water 248 

levels were derived directly from Sentinel-2 imagery and subsequently integrated into the flood 249 

routing framework. The governing ordinary differential equation was solved numerically using the 250 

fourth-order Runge–Kutta method. This approach was selected for its high numerical accuracy and 251 

computational efficiency in solving initial-value problems in reservoir-routing simulations. 252 

 253 
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 260 

Figure 4. Flowchart of reservoir flood routing based on remotely sensed stage–area curve updating. 261 

 262 

4. Results 263 

4.1. Extraction of Reservoir Surface Area Using Sentinel-2 Imagery 264 

The workflow developed within the GEE environment was applied to estimate the reservoir 265 

surface area at different water levels in the Golestan Reservoir. For this purpose, more than 100 266 

Sentinel-2 images acquired between 2015 and 2025 were processed. Image acquisition dates were 267 

selected to ensure that the corresponding reservoir water levels covered a representative elevation 268 

range of approximately 55.5–63 m. An example of the processing sequence used to extract the 269 

reservoir water body from Sentinel-2 imagery is shown in Figure 5, which illustrates the main steps 270 

of the proposed methodology. 271 



 

 

 

 272 

(a)                                                        (b)                                                        (c) 273 

Figure 5. Workflow of water surface area extraction in Golestan Dam Reservoir using Sentinel-2 imagery: (a) RGB 274 

satellite image, (b) water body delineation using the NDWI, and (c) binary water surface map. 275 

Golestan Reservoir was surveyed hydrographically in 2015, approximately 16 years after the 276 

dam became operational. The survey results showed that storage capacity at the spillway crest 277 

elevation (62 m) had declined from about 86.5 million m³ in 1999 to nearly 51 million m³ in 2015, 278 

indicating a storage loss of approximately 40% as a result of sediment accumulation. During the 279 

same period, the reservoir bed elevation increased from roughly 50 m to 55.5 m (Figure 6). This 280 

figure compares reservoir surface areas derived from the proposed satellite-based approach with 281 

those from the 2015 hydrographic survey. Noticeable differences can be observed between the two 282 

AECs. These differences are not uniformly distributed across the elevation range; rather, they vary 283 

with the reservoir's hydraulic and geometric characteristics. Within the intermediate elevation 284 

range, where reservoir geometry remains relatively stable and inundation of gently sloping 285 

marginal areas is limited, the agreement between satellite-derived estimates and hydrographic 286 

observations is considerably better. Under these conditions, the hydrographic relationship appears 287 

to represent reservoir geometry with reasonable accuracy. At lower and higher water levels, 288 

however, the discrepancies become more pronounced. The root mean square error (RMSE) 289 

increases from approximately 0.56 km² in the intermediate elevation range to about 1.34 km² at 290 

lower elevations and exceeds 3 km² near the spillway crest. This pattern indicates that uncertainty 291 

in the hydrographic estimates is strongly influenced by hydraulic conditions and by the geometric 292 

sensitivity of the reservoir near its operational limits. A plausible explanation for the larger 293 

discrepancies observed at higher elevations is related to the timing of the hydrographic survey. 294 

Because the survey was conducted when the reservoir water level was approximately 57 m, the 295 

elevation–area values above this level were likely estimated through extrapolation rather than direct 296 

measurement. The nearly linear trend exhibited by the hydrographic AEC above 57 m is consistent 297 



 

 

 

with this interpretation. However, reservoir’s AECs generally exhibit nonlinear and often power-298 

law characteristics (Juskula et al., 2019; Zhao et al., 2022; Schwatke et al., 2021; Yao et al., 2023; 299 

Ma et al., 2025), a pattern that is clearly captured by the GEE-derived estimates. At lower water 300 

levels, the observed differences appear to be governed by a different process. Hydrographic surveys 301 

typically represent reservoir geometry based on measurements collected at discrete locations, with 302 

spatial coverage determined by survey density, reservoir size, and sedimentation patterns. In 303 

reservoirs with significant sediment deposition, shallow areas may become partially filled, while 304 

deeper depressions continue to retain water, resulting in isolated water bodies and irregular 305 

inundation patterns. Such localized features may not be fully captured during hydrographic 306 

surveys, potentially leading to underestimation of the actual water-covered area. As a result, 307 

portions of the reservoir may be interpreted as dry despite containing measurable volumes of stored 308 

water. Satellite imagery, by contrast, records the actual water extent at the time of acquisition and 309 

can therefore detect these residual water bodies. Consequently, the satellite-based approach may 310 

provide a more realistic representation of reservoir surface area under low-water conditions (Xia 311 

et al., 2024). This issue is particularly relevant for reservoir operation during drought periods, 312 

where inaccuracies in water-surface area estimation can propagate into errors in effective storage 313 

assessment and water-allocation decisions. 314 

 315 

 316 

Figure 6. Comparison of the Golestan Dam Reservoir area–elevation curves obtained from the GEE algorithm and 317 

hydrographic survey data (2015). 318 

 319 

Figure 7 presents the reservoir surface areas derived from the GEE algorithm for the period 320 

2015–2025, together with the original design curve for 1999. The results consistently demonstrate 321 
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nonlinear behavior at both high and low elevations, suggesting that the linear assumptions 322 

commonly used in hydrographic reconstructions may not adequately capture the reservoir's 323 

geometric characteristics. These results were subsequently used to reconstruct updated AECs, as 324 

shown in Figure 8. 325 

 326 

 327 

Figure 7. Changes in the Golestan Dam Reservoir water surface area during 2015–2025 and comparison with the 328 

initial AEC. 329 

 330 

Figure 8. Extraction of reservoir AECs for the Golestan Dam Reservoir during 2015–2025 and comparison with the 331 

initial reservoir AEC. 332 
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Table 1. Percentage reduction in reservoir water surface area at different elevations of the Golestan Dam Reservoir 335 

during 2015–2025. 336 

Reduced Area (%)  (2km)Surface Area    
Water Level (m) 

2025 2015 
100 0 0.93 55 
100 0 3.17 56 
48 2.6 5 57 

22.45 5.32 6.86 58 
14.08 7.26 8.45 59 
10.16 8.89 9.89 60 
8.98 10.24 11.25 61 
8.31 11.48 12.52 62 

 337 

4.2. Design Flood Hydrographs 338 

Figure 9 shows the inflow flood hydrographs associated with return periods of 25-, 50-, 100-, 339 

and 200- years for the Golestan Reservoir. These hydrographs were developed using annual 340 

maximum instantaneous discharge records from the Tamar hydrometric station, located upstream 341 

of the reservoir in combination with the physiographic characteristics of the Gorganrud watershed. 342 

The estimated peak discharges of the design floods are approximately 278, 528, 991, and 1852 343 

m³s⁻¹ for return periods of 25-, 50-, 100-, and 200- years, respectively.  344 

 345 

Figure 9. Inflow flood hydrographs to the Golestan Dam Reservoir for return periods ranging from 10 to 200 years. 346 
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4.3. Model Validation Using the 2001 Extreme Flood Event 350 

The proposed flood-routing model was validated using the August 2001 flood, the most severe 351 

flood event recorded in the Gorganrud Basin. The event produced a peak inflow discharge of 352 

approximately 3020 m³s⁻¹ and entered the reservoir within a relatively short period. It was triggered 353 

by an intense storm that generated nearly 450 mm of rainfall over a 12-hour duration and resulted 354 

in extensive economic and human losses (410 fatalities). Fortunately, the flood occurred shortly 355 

after reservoir impoundment, when the reservoir was nearly empty and retained its full design 356 

storage capacity of approximately 86.5 million m³. Under these conditions, the reservoir effectively 357 

attenuated the flood wave and prevented severe flooding in downstream urban areas, including 358 

Gonbad Kavus, Aqqala, and Gomishan. 359 

For model validation, the observed inflow hydrograph of the 2001 event was used as the routing 360 

input. Because the flood occurred during the initial years of reservoir operation, the original 1999 361 

AEC was adopted. Sediment accumulation during this period was considered negligible, and the 362 

original reservoir geometry was therefore assumed to remain unchanged. Based on the pre-363 

impoundment topographic survey, the reservoir bed elevation was approximately 50 m, and the 364 

initial reservoir water level was set at 50.5 m. 365 

Figure 10 compares the simulated and observed outflow hydrographs. The close agreement 366 

between the two hydrographs demonstrates the proposed framework's ability to reproduce the 367 

reservoir's routing behavior with satisfactory accuracy. The simulated peak outflow discharge was 368 

approximately 220 m³s⁻¹, equivalent to only about 7% of the peak inflow discharge. The total 369 

inflow and outflow flood volumes were estimated at approximately 87 and 16.5 million m³, 370 

respectively, indicating that more than 71% of the incoming flood volume was temporarily retained 371 

within the reservoir during the event. 372 



 

 

 

 373 

Figure 10. Flood routing results for the 2001 flood event in the Golestan Dam Reservoir using the fourth-order 374 

Runge–Kutta method. 375 

 376 

4.4. Flood Routing under Stationary Reservoir Geometry Conditions 377 

The flood-routing simulations conducted using the 2015 reservoir (stationary) geometry are 378 

presented in Figure 11 for design floods with return periods of 25-, 50-, 100-, and 200-years under 379 

both empty and full reservoir conditions. The corresponding quantitative results are summarized 380 

in Table 2.  381 

 The results demonstrate that reservoir storage contributes significantly to flood attenuation even 382 

when the reservoir is initially full. However, the effectiveness of flood mitigation decreases as 383 

flood magnitude increases. Specifically, for the 25-, 50-, 100-, and 200-year flood events, 384 

reductions in peak inflow discharge under full-reservoir conditions were approximately 34.9%, 385 

28.1%, 21.9%, and 18.8%, respectively. Under empty-reservoir conditions, the attenuation 386 

capacity was substantially greater. The 25-year flood was completely retained within the reservoir, 387 

resulting in a 100% reduction in peak discharge. For the 50-, 100-, and 200-year floods, peak 388 

discharge reductions were approximately 84.4%, 53.6%, and 34.3%, respectively. These values are 389 

considerably higher than those obtained under full-reservoir conditions, highlighting the critical 390 

role of available storage capacity in flood mitigation. 391 
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 392 

Figure 11. Flood routing results for inflow hydrographs with different return periods in the Golestan Dam Reservoir 393 

under empty and full reservoir conditions using the stationary geometry scenario (2015 area–elevation curve): (a) 25-394 

year, (b) 50-year, (c) 100-year, and (d) 200-year floods. 395 

 396 

A similar trend is evident in the flood-volume analysis (Table 3). For an initially empty 397 

reservoir, reductions in total flood volume were approximately 100%, 76.7%, 40.2%, and 22.8% 398 

for the 25-, 50-, 100-, and 200-year events, respectively. In contrast, volume reductions under full-399 

reservoir conditions were negligible, reflecting the fundamental principle of mass conservation and 400 

the limited storage available for additional flood retention. These findings confirm that reservoir 401 

operation status strongly influences flood-routing performance and that available flood-control 402 

storage becomes increasingly important as flood magnitude increases. 403 
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4.5. Impacts of Morphological Changes on Flood Routing Performance 405 

To assess the hydrological consequences of sediment-induced morphological evolution, flood-406 

routing simulations were performed using both the stationary and the updated AECs derived from 407 

Sentinel-2 observations for 2015 and 2025, respectivly. The resulting outflow hydrographs are 408 

shown in Figure 12. The results indicate that accounting for morphological changes significantly 409 

influences reservoir-routing behavior. Compared with the stationary geometry, the updated 410 

geometry produces higher peak outflow discharges, larger released flood volumes, and noticeable 411 

modifications in hydrograph shape. These effects are most evident for smaller return-period floods 412 

and when the reservoir is initially empty. For example, during the 50-year flood under empty-413 

reservoir conditions, the simulated peak outflow increased from 82.1 m³s⁻¹ to 131.3 m³s⁻¹, 414 

representing an increase of approximately 49 m³s⁻¹ or about 9.3% of the inflow peak discharge. 415 

Under full-reservoir conditions, the corresponding increase was limited to approximately 12m³s⁻¹. 416 

For the 100 and 200-year floods, peak outflow increases under empty-reservoir conditions reached 417 

approximately 63.5 m³s⁻¹ (6.4% of the inflow peak) and 144 m³s⁻¹ (7.8% of the inflow peak), 418 

respectively. These results suggest that sediment accumulation and the resulting loss of effective 419 

storage capacity progressively reduce the reservoir's flood-attenuation capability. A similar pattern 420 

is observed in the volume-based analysis. Using the updated geometry under empty-reservoir 421 

conditions, reductions in flood volume relative to inflow volume were approximately 100%, 422 

65.2%, 34.2%, and 17.0% for the 25-, 50-, 100-, and 200-year floods, respectively. Relative to the 423 

values obtained with the updated geometry, these results indicate a decline of roughly 6–11% in 424 

flood-retention performance. The implications of these differences are operationally significant. 425 

During the 200-year flood, for example, the routed outflow volume increased from approximately 426 

149 million m³ under the 2015 geometry to about 161 million m³ under the updated geometry, 427 

resulting in an additional downstream release of nearly 12 million m³ of floodwater. Such increases 428 

may substantially raise the risk of flooding and potential damage in downstream floodplains and 429 

densely populated areas. Overall, the results show that the use of outdated reservoir geometry may 430 

lead to underestimation of downstream flood hazards while simultaneously overestimating 431 

reservoir flood-control performance. Periodic updating of reservoir geometric relationships is 432 

therefore essential for improving the reliability of flood-risk assessments and reservoir-operation 433 

analyses. 434 



 

 

 

 435 

Figure 12. Comparison of reservoir outflow hydrographs under empty and full reservoir conditions using the 2015 436 

and 2025 reservoir topographies: (a) 25-year, (b) 50-year, (c) 100-year, and (d) 200-year floods. 437 

 438 

4.6. Reservoir Water-Level Response under Static and Dynamic Geometry Scenarios 439 

Figure 13 shows the simulated reservoir water-level fluctuations for both the stationary and 440 

updated geometry scenarios, with initial conditions of full and empty reservoirs. During the 25-441 

year flood under empty-reservoir conditions, the maximum water level remained below the 442 

spillway crest elevation in both scenarios, indicating that the incoming flood volume could be fully 443 

accommodated within the reservoir. In contrast, for the 200-year flood under full-reservoir 444 

conditions, the simulated maximum water level approached the dam crest elevation (66 m) across 445 

all geometry scenarios. Considering that Golestan Dam is an earth-fill dam, such conditions may 446 

represent a critical safety concern. The simulations further suggest that flood events with a 200-447 

0

50

100

150

200

250

300

0 30 60 90 120

D
is

ch
a

rg
e 

(m
3
/s

)

Time (hr)

Inflow-25 yr

Outflow-Full-2025

Outflow-Full-2015

Outflow-Empty-2025

Outflow-Empty-2015

0

100

200

300

400

500

600

0 30 60 90 120

D
is

ch
a

rg
e 

(m
3
/s

)

Time (hr)

Inflow-50 yr

Outflow-Full-2025

Outflow-Full-2015

Outflow-Empty-2025

Outflow-Empty-2015

(b) (a) 

0

500

1000

1500

2000

0 30 60 90 120

D
is

ch
a

rg
e 

(m
3
/s

)

Time (hr)

Inflow-200 yr

Outflow-Full-2025

Outflow-Full-2015

Outflow-Empty-2025

Outflow-Empty-2015

0

200

400

600

800

1000

0 30 60 90 120

D
is

ch
a

rg
e 

(m
3
/s

)

Time (hr)

Inflow- 100 yr

Outflow-Full-2025

Outflow-Full-2015

Outflow-Empty-2025

Outflow-Empty-2015

(c) (d) 



 

 

 

year return period could substantially reduce available freeboard and potentially threaten dam 448 

safety. This issue is not limited to full-reservoir conditions and may also become relevant when the 449 

reservoir is initially empty. Although Golestan Dam is equipped with two low-level outlet gates 450 

with a combined discharge capacity of approximately 50 m³s⁻¹, these structures were not included 451 

in the present simulations because operational limitations may restrict their effective use during 452 

extreme flood events. 453 

 454 

Figure 13. Reservoir water level variations obtained from routing floods with different return periods in Golestan 455 

Dam Reservoir under full and empty reservoir conditions and for the two reservoir bed topographies derived from 456 

stationary and updated AECs: (a) 25-year, (b) 50-year, (c) 100-year, and (d) 200-year return period floods. 457 

 458 

Incorporation of the updated reservoir geometry resulted in higher simulated reservoir water 459 

levels for all flood scenarios under empty-reservoir conditions. The relative effect was particularly 460 

evident for floods with smaller return periods. Maximum water-level increases were approximately 461 

45, 20, 18, and 17 cm for the 25-, 50-, 100-, and 200-year floods, respectively. These results 462 
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indicate that long-term sediment buildup not only influences downstream flood routing 463 

characteristics but also affects the reservoir's water-level response. From a management 464 

perspective, neglecting reservoir morphological evolution may lead to underestimation of both 465 

downstream flood hazards and maximum reservoir water levels during extreme events. 466 

Consequently, incorporating updated reservoir geometry into flood-routing analyses and reservoir-467 

management practices is essential to improve the reliability of flood-risk assessments and support 468 

the long-term safety and effectiveness of reservoir operations. 469 

 470 

Table 2. Simulated peak outflow discharge and percentage reduction in peak discharge for 25, 50, 100, and 200-year 471 

return period floods in Golestan Dam Reservoir under full and empty reservoir conditions and two reservoir 472 

topographies derived from the stationary and updated AECs. 473 

T(yr) 
QPeak-Inflow 

(m3/s) 

QPeak-Outflow (m3/s) ΔQP (%) 
Stationary AEC Updated AEC Stationary AEC Updated AEC 

Empty Full Empty Full Empty Full Empty Full 

25 278.45 0 181.25 0 187.66 100 34.91 100 32.60 

50 527.79 82.15 379.58 131.34 391.51 84.44 28.08 75.11 25.82 

100 990.69 459.53 773.59 523.04 787.18 53.61 21.91 47.21 20.54 

200 1852.13 1216.74 1503.30 1360.66 1548.33 34.31 18.83 26.54 16.40 

 474 

Table 3. Simulated flood volumes and percentage reduction in outflow flood volume for 25, 50, 100, and 200-year 475 

return period floods in Golestan Dam Reservoir under full and empty reservoir conditions and two reservoir 476 

topographies derived from the stationary and updated AECs. 477 

T(yr) 
VInflow 
(mcm) 

VOutflow (mcm) ΔV (%) 
Stationary AEC Updated AEC Stationary AEC Updated AEC 

Empty Full Empty Full Empty Full Empty Full 

25 29.08 0 28.52 0 28.71 100 1.92 100 1.27 

50 55.12 12.85 54.55 19.16 54.81 76.70 1.03 65.24 0.55 

100 103.47 61.85 102.99 68.06 102.99 40.22 0.46 34.22 0.45 

200 193.43 149.30 193.32 160.57 193.25 22.82 0.06 16.99 0.09 

 478 

5. Discussion 479 

The comparison between AECs derived from the 2015 hydrographic survey and those 480 

reconstructed from Sentinel-2 imagery provides insights beyond a simple statistical analysis. The 481 

observed differences reflect the combined effects of sediment-driven morphological change, 482 

survey-related limitations, and the reservoir's varying hydraulic sensitivity across its operating 483 

range. Therefore, the discrepancies should not be interpreted solely as measurement errors but 484 

rather as manifestations of the different physical conditions represented by the two datasets. The 485 

results of a reservoir hydrographic survey are usually used as a benchmark for evaluating any 486 

proposed remote sensing framework. However, our comparison of Golestan Dam's reservoir 487 



 

 

 

showed that agreement between the two approaches varies with water level. In the intermediate 488 

stage range, where the reservoir geometry is relatively stable and inundation of marginal areas is 489 

limited, the correspondence between hydrographic and satellite-derived estimates was generally 490 

satisfactory. By contrast, larger deviations occurred near the reservoir's extreme lower and upper 491 

operating limits, suggesting that both hydraulic conditions and geometric sensitivity strongly 492 

influence uncertainty in AECs. At higher water levels, part of the discrepancy can likely be 493 

attributed to the survey procedure. Since the hydrographic survey was conducted when the 494 

reservoir water level was as low as about 57 m, the water-surface areas above this level were likely 495 

extrapolated rather than directly measured. The nearly linear trend observed in the hydrographic 496 

data at upper elevations is consistent with this interpretation. Such behavior differs from the 497 

nonlinear patterns commonly reported for reservoir AECs, which typically reflect reservoir 498 

topography and are often described by polynomial or power functions (Schwatke et al., 2021; Yao 499 

et al., 2023; Ma et al., 2025). In contrast, the reconstructed curves from the GEE-based analysis 500 

retained this nonlinear behavior and appeared more consistent with the reservoir's expected 501 

geomorphological characteristics. 502 

The differences observed at lower water levels are more plausibly associated with 503 

sedimentation-induced alterations of the reservoir bed. In reservoirs with substantial sediment 504 

deposition, localized depressions frequently form in the deeper portions. Such obstructions may 505 

not be fully surveyed during hydrographic surveys (Furnans & Austin, 2008) due to limitations in 506 

sampling density and spatial coverage. Satellite imagery, however, captures the actual water extent 507 

at the time of acquisition and can therefore detect these obstructions more effectively. As a result, 508 

the remotely sensed estimates may provide a more realistic representation of water surface area in 509 

low stage elevations. Beyond the differences in geometric representation, the comparison 510 

highlights several practical advantages of the proposed methodology. Hydrographic surveys 511 

provide detailed geometric information but require substantial financial resources, specialized 512 

equipment, and extensive field operations. Consequently, such surveys are generally conducted at 513 

relatively long intervals. In reservoirs experiencing rapid sediment accumulation, these intervals 514 

may cause significant divergence between the actual reservoir condition and the geometry derived 515 

from stationary AECs. Sentinel-2 imagery combined with the Google Earth Engine platform offers 516 

a rapid, repeatable, and cost-effective alternative for tracking geometric changes. Because the 517 

approach does not rely on predefined AEC, it can be applied whenever suitable imagery is 518 

available, enabling continuous monitoring of reservoir evolution through time. This capability is 519 



 

 

 

particularly valuable in regions where frequent hydrographic surveys are difficult to conduct 520 

economically or operationally. 521 

A key outcome of this study is the demonstrated influence of reservoir evolution on flood-522 

routing behavior. Conventional routing analyses generally assume that AECs and SECs remain 523 

unchanged throughout the operational life of a reservoir. The results for the Golestan Reservoir 524 

indicate that this assumption may introduce substantial uncertainty in cases with persistent 525 

sediment accumulation. When the updated 2025 AEC was incorporated into the routing 526 

simulations, higher peak outflows, larger released flood volumes, and greater maximum reservoir 527 

water levels were obtained compared with simulations based on the stationary 2015 geometry. The 528 

effects of these geometric changes were most pronounced for smaller return-period floods under 529 

initially empty-reservoir conditions. As effective storage capacity gradually decreases due to 530 

sedimentation, a greater proportion of incoming floodwater must be released downstream, leading 531 

to higher outflow peaks and greater flood volumes. Consequently, the reservoir's flood-attenuation 532 

capacity gradually declines over time. Similar conclusions have been reported in previous studies 533 

that identified sedimentation as a major factor reducing flood-control efficiency and increasing 534 

downstream flood risk (Zhou et al., 2024; Ma et al., 2025). The routing simulations further suggest 535 

that neglecting long-term morphological change may lead to underestimation of both downstream 536 

flood hazards and dam-safety concerns. For the Golestan Dam, extreme flood events were shown 537 

to raise reservoir water levels close to the dam crest elevation. These findings underscore the 538 

importance of incorporating updated AECs into flood-routing studies and dam-safety assessments, 539 

particularly for reservoirs with substantial sediment accumulation. 540 

Overall, the results demonstrate that integrating remote sensing observations with hydrological 541 

routing models provides an effective framework for representing time-varying reservoir conditions 542 

in flood-routing analyses. Rather than replacing hydrographic surveys, the proposed methodology 543 

should be viewed as a complementary monitoring tool capable of supplying frequent geometric 544 

updates between field campaigns. Such integration can reduce uncertainties associated with static 545 

reservoir representations and improve the reliability of flood-risk assessments, reservoir operation 546 

strategies, and long-term water-resources planning. 547 

Although uncertainties are inherent in both the remote sensing and routing components of the 548 

proposed framework, their influence is unlikely to alter the main conclusions of this study. Potential 549 

sources of uncertainty include water-boundary extraction errors associated with image quality and 550 

cloud contamination, temporal mismatches between satellite overpasses and in situ reservoir’s 551 



 

 

 

water-level observations, and assumptions embedded in the routing model. Nevertheless, the 552 

differences observed between the stationary and dynamic geometry scenarios were substantially 553 

larger than the expected magnitude of these uncertainties, indicating that the reported changes 554 

primarily reflect actual reservoir morphological evolution rather than methodological artifacts. 555 

Several limitations should nevertheless be acknowledged. The accuracy of the extracted water-556 

surface areas depends on image availability, cloud contamination, and the spatial resolution of 557 

Sentinel-2 imagery. Furthermore, the present investigation focused on a single reservoir, and 558 

application of the framework to reservoirs with different morphological settings and sedimentation 559 

regimes would provide a broader basis for evaluation. Future studies may benefit from integrating 560 

satellite altimetry, updated digital elevation models, and real-time reservoir operation models to 561 

further improve dynamic flood routing simulations and reservoir management applications. 562 

 563 

6. Conclusions 564 

This study highlights the importance of accounting for reservoir morphological change in flood 565 

routing analyses and demonstrates the potential of remote sensing techniques to maintain up-to-566 

date geometric information in sediment-affected reservoirs. By integrating Sentinel-2 imagery with 567 

the Google Earth Engine platform, a practical framework was developed to reconstruct reservoir 568 

AECs and evaluate their influence on routing simulations. 569 

The comparison between AECs derived from hydrographic surveys and remote sensing showed 570 

that the level of agreement varies across the reservoir operating range, with the largest differences 571 

occurring near the lower and upper hydraulic limits. These results indicate that reservoir geometry 572 

cannot always be represented adequately by a single static relationship, particularly in systems 573 

subject to continuous sediment accumulation. Multi-temporal analysis of the Golestan Reservoir 574 

revealed substantial geometric changes during the study period, confirming that sediment 575 

deposition progressively modifies reservoir characteristics over time. Incorporating the updated 576 

geometry into the routing simulations resulted in higher peak outflows, larger released flood 577 

volumes, and higher maximum reservoir water levels than simulations based on the stationary 578 

AECs. The influence of these changes was most evident under initially empty-reservoir conditions, 579 

where the reduction in effective storage capacity had a greater impact on flood attenuation. The 580 

results emphasize that the use of stationary geometric information may lead to underestimation of 581 

downstream flood hazards and reservoir operational risks. Periodic updating of AECs and SECs 582 



 

 

 

should therefore be considered an essential component of flood-risk assessment, reservoir 583 

operation, and dam-safety evaluation in sediment-prone reservoirs. 584 

Future developments may focus on combining satellite-derived geometric information with 585 

storage estimation, sedimentation monitoring, satellite altimetry, and real-time reservoir-operation 586 

models. Such advances would support more adaptive flood-management strategies and enhance 587 

the long-term resilience of reservoir systems under changing hydrological and climatic conditions. 588 

The results highlight the importance of moving from static toward dynamically updated 589 

reservoir representations in flood-routing studies, particularly in sediment-prone reservoirs where 590 

geometric evolution can substantially alter flood-control performance. 591 
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