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Abstract 18 

This study evaluates the net climate impact of Norwegian reservoirs using land use change 19 

mapping, literature-based GHG flux aggregation, and G-res modeling. High-resolution historical 20 

aerial imagery and deep learning reconstructed pre-impoundment land cover, explicitly 21 

identifying wetlands previously absent from national datasets. The framework quantifies 22 

changes in CO₂ and CH₄ fluxes and cumulative GWP₁₀₀ across 52 reservoirs. Wetlands made up 23 

20% of pre-flooded land and strongly influenced carbon dynamics. Boreal wetland fluxes 24 

produced net emissions of 342 ± 40 g CO₂-eq m⁻² yr⁻¹, driven mainly by CH₄ despite notable 25 

CO₂ sequestration. GWP₁₀₀ values ranged from -260 to 217 kt CO₂-eq, showing high spatial 26 

variability linked to pre-flood soil and land cover. Hydropower GHG intensity averaged 0.19 g 27 

CO₂-eq kWh⁻¹, lower than global estimates due to low productivity and rapid water turnover. 28 

Future research should improve soil classification, expand boreal flux datasets, and develop 29 

process-based models for pre- and post-impoundment carbon dynamics. 30 
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Highlights 33 

• Wetlands comprised 20% (103 km²) of pre-impoundment land across 52 reservoirs 34 

• Boreal wetlands emitted 342 ± 40 g CO₂-eq m⁻² yr⁻¹, dominated by CH₄ fluxes 35 

• Pre-development fluxes varied from −1,470 to 3,981 t CO₂-eq yr⁻¹ 36 

• Reservoir net GWP₁₀₀ ranged from −260 to 217 kt CO₂-eq 37 

• Mean hydropower emission intensity was 0.19 g CO₂-eq kWh⁻¹ 38 

 39 



 40 

1 Introduction 41 

Climate change represents a major global challenge, driven by increasing greenhouse gas 42 

(GHG) emissions from anthropogenic activities that alter temperature regimes and precipitation 43 

patterns (Jia et al., 2022). Land use (LU) and land use change (LUC) contribute substantially to 44 

these emissions, accounting for approximately 23% of total anthropogenic sources (IPCC, 45 

2022). The conversion of natural ecosystems such as forests, wetlands, and grasslands 46 

diminishes carbon storage capacity and disrupts biogeochemical processes.  47 

Reservoirs provide vital services that support socio-economic development and environmental 48 

management. They may provide multiple services, such as reliable water storage for domestic 49 

water supply, agricultural and industrial use, control floods and provide flow for navigation, 50 

serve important recreational activities and ecological habitats, and provide storage for 51 

hydropower production. Moreover, hydropower generation supplies approximately 18% of 52 

global electricity (IEA, 2021), representing a cornerstone of renewable energy production and a 53 

key component of low-carbon transition strategies. As global energy demand grows and 54 

decarbonization efforts intensify, the strategic role of reservoirs in sustainable resource 55 

management and climate mitigation has gained increasing attention, particularly as 56 

hydropower with reservoirs remains the only large-scale technology capable of providing the 57 

flexibility needed to balance intermittent solar and wind power across time scales from 58 

seconds to months. 59 

Despite their benefits, reservoir creation and operation induce substantial environmental 60 

changes that influence GHG dynamics (Kumar et al., 2023). The inundation of terrestrial 61 

ecosystems transforms natural carbon cycling, shifting from predominantly aerobic 62 

decomposition processes before flooding to anaerobic conditions post-inundation (Li & Zhang, 63 



2014). This transition leads to the production and emission of Carbon dioxide (CO₂) and 64 

Methane (CH₄), which vary in magnitude depending on climatic conditions, reservoir 65 

morphometry, and the characteristics of the flooded landscape. Pre- and post-inundation 66 

emissions differ not only in their pathways but also in their temporal persistence, often 67 

continuing for years or decades after impoundment (Bertassoli et al., 2021; Rodriguez & Casper, 68 

2018). However, uncertainties remain regarding the quantification of these emissions, as 69 

current estimation methods and measurement tools are limited in spatial coverage and 70 

methodological consistency (Kumar et al., 2023). Addressing these knowledge gaps is essential 71 

for accurately assessing the net GHG balance of reservoirs within the broader context of LUC 72 

and climate policy. 73 

In Norway, where approximately 85% of electricity installed capacity is from hydropower (OED, 74 

2022), reservoirs are central to national energy production, environmental management, and 75 

flood control. The country holds over 2,700 reservoirs covering more than 8,000 km² (NVE, 76 

2023), underscoring the pivotal role of hydropower in its renewable energy strategy. However, 77 

despite their extensive development and environmental significance, few studies have 78 

quantified the GHG emissions associated with Norwegian reservoirs. The inundation of 79 

terrestrial ecosystems during reservoir formation alters natural carbon cycling and can release 80 

CO₂ and CH₄ through aerobic and anaerobic processes. Understanding and accurately 81 

estimating these emissions are essential for assessing the true climate impact of hydropower 82 

systems and ensuring that Norway’s renewable energy goals align with its long-term 83 

commitments to emission reduction and climate neutrality. 84 

To address the knowledge gap between reservoir development and associated GHG impacts in 85 

boreal regions, it is essential to first determine the types of LU converted during reservoir 86 

construction. In the boreal landscapes of Norway, previous work by Kenawi et al. (2023) 87 

successfully classified land types for 108 reservoirs which represented approximately 12% of 88 



the total reservoir surface area in the country. The work utilized historical aerial imagery, textural 89 

features, and object-based image analysis (OBIA). Kenawi et al. (2023) established a crucial 90 

foundation for assessing the spatial extent and environmental characteristics of inundated 91 

boreal ecosystems influenced by hydropower development. However, methodological 92 

limitations prevented the accurate identification of wetlands as a distinct land class, despite 93 

their critical role in carbon storage and cycling. Furthermore, the analysis did not establish any 94 

direct associations between LU transitions and corresponding GHG emissions from the studied 95 

reservoirs. Addressing these gaps through improved classification techniques and emission 96 

measurements is essential for accurately quantifying the carbon implications of hydropower 97 

development and advancing Norway’s efforts toward sustainable energy and climate goals. 98 

Building on that, the goal of this study is to enhance the understanding of the relationship 99 

between LUC and reservoir development in Norway to provide insights that can support 100 

policymakers in assessing the net GHG emissions associated with future reservoir 101 

developments or expansions. Building upon the previous analysis conducted by Kenawi et al. 102 

(2023), which focused on identifying land types associated with reservoirs, this study aims to:  103 

i) Expand and refine LUC analyses of Norwegian reservoirs by integrating wetlands into existing 104 

classifications of converted land types using high-resolution spatial data.  105 

ii) Quantify pre-development GHG fluxes (CO₂ and CH₄) for identified ecosystems by 106 

aggregating annual emissions and sinks per land type, derived from field and remote sensing 107 

data.  108 

iii) Estimate post-development GHG emissions by applying the G-res tool to reservoir-specific 109 

conditions, accounting for temporal variation and calculating net global warming potential of 110 

the 100 years period (GWP100) by comparing these emissions with pre-impoundment 111 

baselines. 112 



iv) Determine the GHG intensity (gCO₂eq/kWh) of each reservoir by annual net emissions to the 113 

electricity output of the associated hydropower scheme. 114 

2 Data and Methods 115 

The approach of achieving this study objectives builds on three interconnected components 116 

that together provide a consistent framework for assessing the net GHG consequences of 117 

reservoir developments in the boreal region. First, high-resolution remote sensing data and 118 

aerial imagery were used to establish a detailed baseline of pre-development land cover, with 119 

particular emphasis on the explicit identification of wetlands. This refined classification extends 120 

the work of Kenawi et al. (2023) and provides the spatial foundation for subsequent emission 121 

accounting. 122 

Second, available measurements of net ecosystem exchange (NEE) which define the net 123 

balance between the absorbed and sequestered CO2 and CH₄ fluxes which were derived from 124 

field studies, monitoring networks, and remote sensing products. The measurements were 125 

compiled and harmonized for ecosystem types relevant to Norwegian climatic and ecological 126 

conditions. All flux values were standardized to g CO₂-eq m⁻² yr⁻¹ using GWP100 for CH₄ and 127 

linked to the identified LU classes through spatial overlays. This step yielded spatially explicit 128 

estimates of pre-inundation GHG emissions and sinks across reservoir footprints. 129 

Third, post-development emissions were estimated using the G-res tool, which models 130 

reservoir-specific CO₂ and CH₄ fluxes and their temporal dynamics. Net climate impact was 131 

then assessed by comparing pre- and post-inundation fluxes, expressed both as cumulative 132 

GWP₁₀₀ and as the GHG intensity of electricity generation (g CO₂-eq kWh⁻¹). Uncertainty was 133 

addressed through propagation of measurement and model errors, complemented by 134 

sensitivity analyses. Finally, results were validated against available independent datasets and 135 

previous studies to ensure comparability and robustness. 136 



In the following sections, we provide detailed descriptions of the data sources, preprocessing 137 

procedures, classification methods, flux compilation, reservoir modelling, and uncertainty 138 

assessments that underpin these three components.  139 

2.1 Land Use and Wetland Mapping  140 

Most Norwegian reservoirs were constructed or utilized from natural lakes before the 1960s and 141 

1970s (Jensen et al., 2021), making it challenging to use modern remote sensing sources to 142 

determine pre-development land types. Previous work by Kenwai et al. (2023), utilized high-143 

resolution historical black-and-white aerial imagery from the Norwegian archive (Norge i Bilder) 144 

to identify major land types prior to reservoir development. However, this approach struggled to 145 

distinguish wetlands from bare land due to the difficulty of delineating wetland boundaries by 146 

visual interpretation of monochromatic imagery and the absence of reliable reference data for 147 

validating land type classifications. As a result, wetlands were omitted entirely.  148 

Given the critical role wetlands play in carbon storage and GHG fluxes, there is a pressing need 149 

to improve their historical identification and integrate this information with existing spatial 150 

databases. This would enable a more accurate assessment of the climate impact associated 151 

with reservoir development and the loss of these ecologically important ecosystems.  152 

Recent advances in neural networks and deep learning have demonstrated strong potential for 153 

handling complex image classification tasks (Lecun et al., 2015), including the identification of 154 

subtle land cover types such as wetlands. These methods offer improved accuracy and 155 

scalability compared to traditional approaches. However, their performance is highly 156 

dependent on the availability of large, high-quality annotated datasets which, in the context of 157 

historical imagery and rare ecosystem types, remain limited (Gui et al., 2025; Ran et al., 2025). 158 

This scarcity of training data poses a significant challenge to the direct application of deep 159 

learning (Christin et al., 2019; Perry et al., 2022). 160 



To address this challenge, we obtained botanical reports from the Natural History Museum at 161 

Norwegian University of Science and Technology (NTNU), which included detailed field maps 162 

based on both geographical surveys and aerial photography, dating back to the 1960s and 163 

1970s (NTNU, 2025). These reports provide rich information on wetland boundaries, wetland 164 

types, and associated soil characteristics within the corresponding areas.  165 

These reports were manually digitized and georeferenced to align with historical aerial imagery 166 

from corresponding time periods and locations. Wetland and non-wetland areas were 167 

subsequently annotated in each report to produce a high-quality reference dataset. This 168 

process enabled the generation of accurate labels directly corresponding to the aerial imagery, 169 

resulting in a valuable ground-truth dataset suitable for training and validating neural network 170 

models for wetland classification. Additionally, two random locations were selected, and the 171 

AR5/FKB land classification dataset was used to extract wetland information. The AR5/FKB 172 

dataset, Norway’s official high-resolution land cover mapping system, is widely applied in 173 

environmental and resource management. In these areas, the wetland class from the dataset 174 

was rasterized for subsequent analysis(NIBIO, 2023). To ensure the consistency and accuracy 175 

of this supplementary data, verification was conducted to confirm that no significant 176 

anthropogenic or natural land-cover changes had occurred in these locations since the time of 177 

the aerial imagery. Figure 1 provides an overview of the selected sample sites along with their 178 

corresponding annotations. 179 



 180 

Figure 1: Overview map of the selected sample sites with their corresponding annotations indicating classification 181 

results. The pink color represents the areas mapped as wetland areas. 182 

All the labeled rasters, along with their corresponding aerial images, were preprocessed by 183 

splitting them into overlapping patches of 512 × 512 pixels. To increase the volume of training 184 

data and reduce the risk of overfitting local features, additional patches were generated by 185 

augmenting the original patches. The augmentation process was performed by first resampling 186 

the original images and the corresponding labels to 1m resolution and applying rotation to 187 

90,180,270 degrees to the original as well as the resampled patches.  188 

Following this, any patches that did not contain wetland information (i.e., patches labeled 189 

entirely as non-wetland) were excluded from the dataset to focus the model's learning on 190 

relevant features. This preprocessing resulted in a total of 154,482 image patches. These were 191 

then divided into 70% for training, 20% for validation, and 10% for testing. 192 



We employed Convolutional Neural Network (CNN) based on the U-Net architecture 193 

(Ronneberger et al., 2015), using EfficientNet-B7 as the encoder backbone (Tan & Le, 2019), pre-194 

trained on the ImageNet dataset (Deng et al., 2010). This encoder provided a strong feature 195 

extraction capability, especially valuable given the complexity of wetland classification in 196 

historical aerial imagery. For data processing, we used GDAL (GDAL/OGR, 2022) for 197 

rasterization and resampling, PyTorch (Paszke et al., 2019) for data handling and model 198 

implementation, and PyTorch Lightning to enable efficient parallel training across three GPUs. 199 

Binary Cross-Entropy (BCE) was used as the loss function, and model performance was 200 

evaluated using accuracy, F1 score, and Intersection over Union (IoU) as key metrics. 201 

As CNNs require a substantial amount of training data, the model was initially trained for 100 202 

epochs and then applied to two randomly selected image sets for preliminary mapping. The 203 

resulting classification maps were manually refined using expert judgment and visual 204 

interpretation as references. These refined outputs were then preprocessed following the same 205 

approach described earlier which involves splitting images into overlapping 512×512-pixel 206 

patches, resampling, augmenting, and filtering before being added to the original training 207 

dataset. This iterative refinement strategy increased the total number of training patches to 208 

228,174, thereby improving the model's learning capacity and generalization performance. 209 

After training the model for 200 epochs, it achieved a training accuracy of 91.1%, an F1 score of 210 

87.9%, and an IoU of 78.6%. For further validation, the model was tested on an independent set 211 

of digitized botanical field maps. Using the original field reports as reference, the model 212 

achieved an overall accuracy of 88%, demonstrating its reliability and effectiveness in 213 

identifying wetland areas from historical aerial imagery. Figure 2 illustrates the workflow of the 214 

entire learning process implemented for training the model. 215 

Once the model was validated, it was applied to identify wetland areas within the same dataset 216 

used by Kenawi et al. (2023). The classified wetland outputs were then overlaid on the initial 217 



thematic raster, in which previously identified land classes were masked out. This masking step 218 

was implemented to reduce potential misclassification and improve the overall accuracy of the 219 

results by ensuring that only previously unclassified or uncertain areas were subject to wetland 220 

detection. 221 

 222 

Figure 2: Overview of the deep learning framework used, showing the sequential stages of training, refinement, 223 

testing, and validation. The workflow highlights the iterative process of generating preliminary classification maps, 224 

manual refinement, preprocessing, integration into training dataset, and subsequent evaluation on independent field 225 

maps. 226 

2.2 Ecosystem GHG Flux Data 227 

To associate the identified LU types with potential GHG emissions or sequestration prior to 228 

reservoir development, it was necessary to quantify annual fluxes expressed as CO₂-229 

equivalents per ecosystem type. For this purpose, a targeted literature review was conducted to 230 



compile representative estimates of NEE and CH₄ fluxes for the ecosystem categories identified 231 

in the study LU data. 232 

Given the scope of this study, the review was restricted to the two ecosystem types most 233 

relevant to reservoir development impacts in the boreal regions: wetlands and forests. To 234 

ensure ecological and climatic relevance, only studies conducted within boreal climatic 235 

conditions were considered. Therefore, the review was limited to flux studies representative of 236 

such ecosystems. 237 

The available open-access databases of GHG flux measurements (Delwiche et al., 2021; 238 

Pastorello et al., 2020; A.-M. Virkkala et al., 2022; A. M. Virkkala et al., 2021) were utilized and 239 

filtered to retain only values relevant to this study. In addition, standalone measurements from 240 

individual studies were compiled and duplicates were removed (Supplementary Material). All 241 

flux values were standardized to a common unit of g C m⁻² yr⁻¹ for both CO₂ and CH₄. As many 242 

of the underlying studies also reported site-specific characteristics, additional filtering was 243 

performed to distinguish fluxes by ecosystem subtypes. For wetlands, measurements were 244 

separated into bogs and fens, while for forests we distinguished between mineral soils, organic 245 

soils, and mineral soils with a limited organic layer. 246 



 247 

Figure 3: Boxplots of aggregated GHG fluxes for different forest and wetland ecosystems (g C m⁻² yr⁻¹). In addition, the 248 

overall GWP values for the two main ecosystem types; forest and wetland are shown in g CO₂-eq m⁻² yr⁻¹. 249 

Following this filtering, measurements were aggregated into two categories: “wetland mix” and 250 

“forest mix,” each representing combined flux estimates of NEE and CH₄ across their respective 251 

subtypes. These aggregated fluxes were then converted into CO₂-equivalents by applying 252 

GWP₁₀₀ values for CO₂ and CH₄ as reported by the IPCC. Each ecosystem type was thus 253 

assigned a single representative GHG flux in g CO₂-eq m⁻² yr⁻¹, which was subsequently used in 254 

the pre-development emission calculations (Fig. 3). 255 

The annual pre-development emissions for each reservoir footprint were then estimated by 256 

multiplying the surface area of each ecosystem type by its representative GWP₁₀₀ value (in g 257 

CO₂-eq m⁻² yr⁻¹). Formally, this can be expressed as: 258 

𝐸𝑝𝑟𝑒 = ∑(𝐴𝑖 ×  𝐹𝑖)

𝑛

𝑖=1

 259 



where 𝐸𝑝𝑟𝑒  is the total annual pre-development emission (g CO₂-eq yr),𝐴𝑖 is the surface area of 260 

ecosystem type 𝑖 (m²), and 𝐹𝑖 is the representative annual flux of that ecosystem type (g CO₂-eq 261 

m⁻² yr⁻¹). 262 

To enable comparison with reservoir emissions over a 100-year assessment horizon, the annual 263 

pre-development emission rates were multiplied by 100 years. This approach follows the IPCC 264 

GWP₁₀₀ standard, allowing direct comparison between the hypothetical scenario of no reservoir 265 

development and the modeled post-development emission trajectories. 266 

2.3 Post development reservoir emissions 267 

To evaluate the net GHG emissions resulting from reservoir development, it is necessary to first 268 

estimate the annual emissions generated by these reservoirs after construction and then 269 

compare these values with the pre-development situation. To achieve this, we relied on the G-270 

res tool, an empirical modeling framework specifically designed to quantify reservoir-related 271 

GHG emissions (Prairie et al., 2017). 272 

The G-res tool was developed to integrate multiple types of reservoir and environmental data to 273 

predict both pre- and post-reservoir annual emission balances, as well as long-term emissions 274 

expressed as GWP100. It incorporates processes such as carbon decomposition, CH₄ 275 

production under anaerobic conditions, and other biogeochemical transformations that occur 276 

when land is inundated. Its outputs include annual estimates of CO₂, CH₄, and N₂O emissions, 277 

along with cumulative GWP₁₀₀, enabling direct comparisons across reservoirs and land cover 278 

types. 279 

To perform these simulations, the G-res tool requires detailed input data, including reservoir 280 

morphometry and age, pre-flood land cover, catchment characteristics, and climatic 281 

parameters. Reservoir morphometry and age include surface area, depth, volume, and the time 282 

since reservoir creation. Pre-flood land cover refers to the vegetation and soil types that were 283 



inundated. Catchment characteristics encompass size, land cover, and hydrological inputs to 284 

the reservoir. Climatic parameters, such as mean temperature, wind speed, and other relevant 285 

local variables, are required to accurately model the biogeochemical processes influencing 286 

GHG emissions. 287 

As the primary focus in this study was on LUC associated with reservoir development, the use 288 

of G-res was limited to the module related to LUC emissions, excluding emissions from 289 

construction or operational activities. Pre-development emission values were derived from a 290 

literature review, using published estimates standardized per m² per year for different 291 

ecosystem types. 292 

The input data for the G-res analysis were compiled from multiple sources to ensure accuracy 293 

and spatial consistency. Reservoir morphometry and age were obtained from the NVE Atlas 294 

(NVE, 2023), a comprehensive database provided by the Norwegian Water Resources and 295 

Energy Directorate (NVE). Pre-flood land cover data were taken from Kenawi et al. (2022) and 296 

supplemented with own modeled estimates of wetland areas for each reservoir. Catchment 297 

boundaries were generated using NEVINA (NEVINA, 2025), an online portal capable of 298 

automatically delineating catchments for specified reservoir locations. Climatic parameters 299 

were extracted and matched to each reservoir: long-term mean temperature and precipitation 300 

were obtained from the SEKLIMA long-term meteorological database for Norway (MET Norway, 301 

2023). Wind speed was derived from NVE’s gridded wind dataset. All variables were spatially 302 

joined with the reservoir locations and extracted accordingly (NVE, 2023).As the G-res tool 303 

includes its own pre-impoundment assessment module, we also estimated pre-development 304 

conditions using our compiled input data within G-res estimated emission factors for boreal 305 

regions in order to compare these with our calculated pre-assessment over GWP₁₀₀ horizon as 306 

described in section 2.2. This allowed us to evaluate differences in GHG balance depending on 307 

whether pre-development conditions are derived from G-res defaults or from our own 308 



characterization. Due to the lack of detailed soil type information, particularly for forest 309 

ecosystems, we evaluated three scenarios: (i) assuming mineral soils, (ii) assuming organic 310 

soils, and (iii) applying our own characterization factors. The results of the post-development 311 

GHG assessment for each reservoir were then compared with the estimated pre-development 312 

emissions. Comparisons were made for both annual emissions (t CO₂-eq per reservoir per year) 313 

and GWP₁₀₀ (kt CO₂-eq per reservoir). Two key perspectives were used to present these 314 

comparisons: 315 

2.3.1 GWP 100 Net Emission 316 

We calculated the net 100-year emissions for each reservoir using the equation: 317 

𝑁𝑒𝑡 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 = (𝐸2 − 𝐸1) ∗ 100 318 

where E2 is the post-development annual emission and E1 is the pre-development annual 319 

emission. Multiplication by 100 reflects the cumulative emissions over a 100-year period 320 

(GWP₁₀₀). In addition to our own pre-development estimates, we performed the same 321 

comparison using G-res default assessments under three scenarios: mineral soils, organic 322 

soils, and our own characterization factors. This approach provides a direct quantification of the 323 

net effect of reservoir creation on long-term GHG balance. 324 

2.3.2 Emission Intensity 325 

To link reservoir emissions with hydropower generation, each reservoir was associated with its 326 

corresponding hydropower system following the mapping framework of Kenawi et al. (2025). 327 

Since Norwegian HP systems often operate in cascades, where multiple reservoirs are 328 

connected to one or more power plants, we, a surface-area weighting factor was applied to 329 

proportionally allocate emissions similarly to what have been implemented by Kenawi et al. 330 

(2025). Reservoir-specific net emissions were then normalized by the allocated annual 331 



electricity production of each HP system, yielding system-level GHG intensities expressed as g 332 

CO₂-eq per kWh. 333 

3 Results  334 

A total of 52 reservoirs were analyzed to identify their LU–related emission pathways, with 335 

surface areas ranging from 0.1 to 64 km². Detailed results on LUC, annual pre-development 336 

emissions, 100-year GWP100, and emission intensity are presented below. 337 



3.1 Land Use Change  338 

We quantified and distinguished wetland areas from the original dataset of Kenawi et al. (2022) 339 

for the analyzed reservoirs and overlaid them on the existing LU data. Wetland areas varied 340 

considerably across reservoirs (Fig. 4), ranging from 0 to 17 km². The total identified wetland 341 

area was estimated to 103 km², slightly larger than the previously identified vegetation area of 342 

88 km². On average, wetlands accounted for 20% of the total analyzed land and an average of 343 

18% per single reservoir. 344 

 345 

Figure 4: Overview of total LU in the analyzed reservoirs after integrating the wetland class into the original dataset. 346 

3.2 Annual Pre Development Emission 347 

We associated the identified LU prior to the development of each analyzed reservoir with the 348 

estimated net carbon flux for each ecosystem type, including wetlands and forests. Net annual 349 



emissions (t CO₂ eq yr⁻¹) varied across reservoirs (Fig. 5), depending on their land composition 350 

and total surface area. Net annual pre-development emissions ranged from −1,470 to 351 

3,981 t CO₂ eq yr⁻¹, with an average of 306 t CO₂ eq yr⁻¹. Negative values indicate net carbon 352 

sequestration, whereas positive values represent net carbon emissions. 353 

 354 

Figure 5: Overview of annual pre-development emissions (t CO₂-eq yr⁻¹) for our analyzed reservoirs based on 355 

estimated ecosystem GWP values. 356 

3.3 GWP100 Net Emission  357 

We quantified the net GWP₁₀₀ for all analyzed reservoirs under three main scenarios: our own 358 

estimates, G-res assuming mineral soils, and G-res assuming organic soils (Fig. 6). The results 359 

revealed a clear dependence on the pre-impoundment baseline assumption. Under the organic 360 

soil scenario, most reservoirs acted as net carbon sinks, with negative GWP₁₀₀ values. In 361 



contrast, both the mineral soil scenario and our own estimates generally show reservoirs as net 362 

carbon sources, yielding positive GWP₁₀₀ values for the majority of cases. 363 

Additionally, Figure 7 illustrates the spatial distribution of net GWP₁₀₀ across Norwegian 364 

reservoirs, highlighting substantial variability among sites. Total net estimates ranged from a 365 

minimum of –260 kt CO₂-eq (indicating a strong sink effect) to a maximum of 217 kt CO₂-eq 366 

(indicating a strong source effect). This wide range emphasizes that the climate impact of 367 

reservoir development is highly site-specific and sensitive to assumptions regarding pre-flood 368 

soil and land cover characteristics. 369 

 370 

Figure 6: Comparison of net GWP₁₀₀ emissions per reservoir (kt CO₂-eq) based on our estimates and two G-res 371 

scenarios, considering both mineral (Min) and organic (Org) soil conditions. 372 



 373 

Figure 7: Spatial distribution of net GWP₁₀₀ emissions from the analyzed reservoirs across Norway. 374 

3.4 Emission Intensity  375 

The analyzed reservoirs were associated with their respective hydropower systems and the 376 

corresponding annual electricity production. Results show that emission intensity varied 377 

substantially across systems (Fig. 8), ranging from –7 to 4 g CO₂-eq/kWh. Negative values 378 

indicate cases where reservoirs acted as net carbon sinks relative to energy production, while 379 

positive values reflect systems functioning as net emission sources. When aggregated across 380 

all systems, the mean emission intensity from land use change due to the inundation of the 381 

land only was 0.19 g CO₂-eq/kWh. 382 



 383 

Figure 8: Emission intensity (g CO₂-eq kWh⁻¹) of hydropower systems associated with the analyzed reservoirs, 384 

including the overall aggregation shown as a boxplot. 385 

4 Discussion 386 

The dynamics between GHG emissions and reservoir impoundment remain highly uncertain, 387 

often leading to systematic over- or underestimation (Kumar et al., 2023). In this study, these 388 

uncertainties were addressed by integrating remote sensing data, deep learning–based 389 

classification, and ecosystem service assessments to evaluate the net emissions of 52 390 

reservoirs in Norway, taking into account pre-impoundment emissions and using the G-res tool 391 

to quantify post-development emissions, enabling a more robust calculation of the net GHG 392 

balance. Furthermore, these emissions were associated with the electricity generated by the 393 



corresponding hydropower systems, providing direct insights into the emission intensity of 394 

Norwegian hydropower production. 395 

The use of CNNs proved highly efficient for classifying complex land cover types that are 396 

difficult to distinguish by human interpretation, particularly in historical black-and-white aerial 397 

imagery. Our model was further validated on independent botanical field maps, achieving an 398 

overall accuracy of 88%, which demonstrates its robustness for external deployment. Wetlands 399 

accounted for 103 km² of the pre-flooded area, representing about 20% on average across the 400 

analyzed reservoirs. This extent was slightly larger than the previously identified vegetation area 401 

of 88 km², underscoring the substantial role of wetlands in shaping pre-impoundment carbon 402 

dynamics. By incorporating wetlands into the dataset, our analysis provides a more reliable 403 

basis for estimating pre-development emissions and evaluating the net climate impact of 404 

reservoir creation. 405 

The aggregation of wetlands ecosystem GWP₁₀₀ values reveal that wetlands, despite their high 406 

carbon sequestration capacity (171 ± 17 g CO₂-eq m⁻² yr⁻¹), they function as net GHG sources 407 

overall, with a mean emission of 342 ± 40 g CO₂-eq m⁻² yr⁻¹. This imbalance is primarily 408 

attributed to elevated CH₄ fluxes, which significantly outweigh CO₂ uptake when expressed in 409 

CO₂-equivalents. These findings align with broader observations across boreal wetland systems 410 

(Helbig et al., 2017; Kuhn et al., 2025; Yuan et al., 2024) and highlight the critical role of CH₄ in 411 

driving net radiative forcing from these landscapes. Nonetheless, it is essential that such 412 

outcomes are not interpreted in isolation. Wetlands remain vital to the stability of the global 413 

carbon cycle (Olefeldt et al., 2021) and biodiversity conservation (Conlisk et al., 2023; Schindler 414 

& Lee, 2010). Their exclusion from carbon accounting frameworks risks undermining the 415 

complexity of their ecological functions. Therefore, future management strategies should 416 

balance climate mitigation goals with the preservation of wetland ecosystem services. 417 



Pre-development emission rates varied widely from a sequestration of –1,470 t CO₂-eq yr⁻¹ to a 418 

release of 3,981 t CO₂-eq yr⁻¹, with a mean of 306 t CO₂-eq yr⁻¹. This variability highlights the 419 

importance of accurately characterizing pre-impoundment conditions, as they strongly 420 

influence the estimated net climate effect of reservoir creation. When comparing our pre-421 

development estimates with those generated by the G-res tool, notable differences emerged 422 

depending on baseline assumptions. In particular, scenarios assuming organic soils often 423 

suggested reservoirs functioned as net carbon sinks, with net GWP₁₀₀ values as low as –260 kt 424 

CO₂-eq, whereas mineral soil assumptions and our own characterization generally indicated 425 

net carbon sources, with values up to 217 kt CO₂-eq. This contrast illustrates the sensitivity of 426 

long-term GHG assessments to pre-flood land cover and soil properties, underlining the need 427 

for site-specific data to avoid systematic over- or underestimation of reservoir emissions. 428 

Consequently, our analysis indicates that the GHG emission intensities of the sampled 429 

Norwegian reservoirs are lower than many previous estimates (Modahl & Raadal, 2015). This 430 

finding supports observations that current estimates are likely inflated due to the application of 431 

global or tropical emission factors that do not reflect boreal conditions (NTNU, 2025). 432 

Importantly, we used aggregated literature-based emission factors that provide greater detail 433 

and specificity than the broader boreal coefficients applied by the G-Res tool. 434 

Despite these advances, several limitations introduce uncertainty. A key issue is the resolution 435 

of pre-impoundment data. While field data differentiates the carbon dynamics of bogs (sinks) 436 

and fens (emitters), our remote sensing classification could not make this distinction. 437 

Furthermore, we were unable to characterize sublayer soil types beneath forests, requiring data 438 

aggregation that can lead to significant estimation errors. As Figure 6 illustrates, the assumption 439 

of organic vs. mineral soil dramatically alters the results, highlighting this sensitivity. 440 

A second limitation stems from the modeling tools themselves. The G-Res tool is an empirical 441 

model based on aggregated data and is designed for typical reservoirs. It cannot adequately 442 



capture the dynamics of converting natural lakes to reservoirs, forcing us to exclude such 443 

systems from our analysis. More advanced, process-based models could provide a deeper 444 

understanding but require extensive input data on soil and ecosystem properties that were 445 

unavailable for this study, contributing to the overall uncertainty. 446 

Notwithstanding these limitations, this study provides a refined estimate of GHG emissions 447 

from Norwegian reservoirs. Our work underscores the necessity for additional field data 448 

collection and the development of advanced modeling tools capable of simulating ecosystem 449 

emissions before and after impoundment. Such efforts are critical for improving the reliability of 450 

emission estimates and supporting informed decision-making in the hydropower sector. 451 

5 Conclusion 452 

This study provides a refined estimate of the net GHG impact of Norwegian reservoirs by 453 

integrating remote sensing, deep learning, and empirical modeling. Including wetlands in the 454 

land use classification significantly improved pre-development emission estimates, showing 455 

that these ecosystems play a key role in shaping the carbon balance of reservoir areas. The 456 

CNN-based classification achieved 88% accuracy, identifying wetlands as about 20% of pre-457 

flooded land. When compared with G-res default scenarios, results showed that assumptions 458 

about soil type and pre-flood conditions strongly influence GHG outcomes. On average, 459 

Norwegian reservoirs had a low emission intensity of 0.19 g CO₂-eq kWh⁻¹, confirming that 460 

hydropower under boreal conditions contributes minimally to life-cycle emissions. Although 461 

uncertainties remain, particularly regarding soil data and model simplifications, this study 462 

highlights the need for continued development of tools, datasets, and modeling approaches to 463 

better understand the complex relationship between reservoirs and their GHG emissions. 464 
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