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Abstract Hydropower reservoirs, long considered as a clean energy solution, are increasingly recognized as
major greenhouse gas (GHG) emissions hotspots. However, over 97% of these hydropower reservoirs remain
unmonitored, creating major uncertainties in global GHG budgets. Here, machine learning models were
employed to predict GHG fluxes from hydropower reservoirs lacking reported direct GHGmeasurements using
67 widely accessible environmental predictors covering climate, land use, soil properties, geology, and
topography. The predicted GHG fluxes revealed marked spatiotemporal heterogeneity, characterized by distinct
monthly variability and emission hotspots predominantly concentrated in tropical and arid zones, particularly
across Africa. Moreover, scaling the predictions to 5,293 unmonitored hydropower reservoirs yielded total
emissions of 304 ± 37 Tg CO2eq year

− 1, enabling a more geographically representative assessment of global
reservoir GHG emissions. Methane notably dominates emissions (55.3%), followed by carbon dioxide (41.3%)
and nitrous oxide (3.4%), with the latter often overlooked but gaining relevance during increasing
eutrophication. In addition, our gas‐specific models identified temperature‐related variables as the primary
drivers of GHG dynamics, emphasizing the central role of thermal regimes, especially in African reservoirs. Our
findings call for a re‐evaluation of the climate costs of hydropower and suggest that future warming may further
amplify reservoir‐based GHG emissions. The predictive capacity of our models provides a scalable tool for
refining global GHG inventories and guiding low‐carbon hydropower development under a changing climate.

1. Introduction
Hydropower reservoirs, which account for approximately 66% of the global reservoir area, are essential com-
ponents of global freshwater resources (Deemer et al., 2016; Zhang &Gu, 2023). Beyond power generation, these
reservoirs serve critical additional functions, including flood control, water supply, and agricultural irrigation
(Almeida et al., 2019; Barros et al., 2011; Li, Deng, et al., 2023). Importantly, hydropower has long been
considered an economically viable energy source, offering renewable electricity generation without dependence
on fossil fuels, and holds considerable potential for further expansion (Almeida et al., 2019; Hu & Cheng, 2013).
However, despite their perceived sustainability, hydropower reservoirs are increasingly recognized as significant
contributors to greenhouse gas (GHG) emissions, including nitrous oxide (N2O), carbon dioxide (CO2), and
methane (CH4), at both regional and global scales (Lauerwald et al., 2023).

As hydropower infrastructure continues to expand globally, hydropower reservoirs are expected to play an
increasingly important role as GHG emission hotspots, particularly in the face of rising global temperatures,
which can enhance microbial metabolic rates, accelerate organic matter decomposition, and promote anoxic
conditions that favor CH4 and N2O production (Flecker et al., 2022; Hu & Cheng, 2013). The combined effects of
hydropower expansion and climate warming introduce substantial uncertainty into estimates of global GHG
fluxes from inland waters (Velthuis & Veraart, 2022; Zhao et al., 2023), thereby complicating efforts to optimize
GHG reduction strategies and mitigate climate change. These challenges emphasize the urgent need to reassess
GHG emissions from hydropower reservoirs, particularly those lacking reported direct GHG measurements
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(hereafter referred to as “unmonitored”), ensuring that sustainability goals are met without compromising
environmental integrity.

GHG emissions from hydropower reservoirs are highly complex and vary significantly across different envi-
ronments, driven by diverse biogeochemical processes occurring within these systems (Hu & Cheng, 2013; Liu
et al., 2020). The damming of natural water flow tends to promote the decomposition and mineralization of
submerged terrestrial vegetation and soils, thereby increasing the supply of labile organic matter and nutrients that
can enhance GHG production (Li, Zhang, et al., 2023; Ni et al., 2024). Substantial efforts have been made to
quantify reservoir GHG emissions at global scales. Recent studies have improved the spatial and temporal
representation of CH4 emissions, revealing that reservoirs emit approximately 10.1 Tg CH4 yr

− 1, with ebullition
dominating the flux pathway (Bastviken & Johnson, 2025; Johnson et al., 2021), and that degassing emissions
from hydropower facilities represent a substantial but previously overlooked source (Harrison et al., 2021).
Meanwhile, Soued et al. (2022) further demonstrated that reservoir CO2 and CH4 emissions have evolved over the
past century, with implications for future climate impact assessments. For N2O, which has received comparatively
less attention, recent modeling efforts indicate that global reservoirs have become increasingly important sources,
with emissions growing substantially since the mid‐20th century due to rising nutrient inputs and the development
of hypoxic conditions in aging reservoirs (Li et al., 2024; Wang et al., 2023). Eutrophication, driven by agri-
cultural intensification and associated nutrient runoff, stimulates algal biomass production (Beaulieu et al., 2019).
The subsequent settling and decomposition of this labile organic matter in bottom waters and sediments depletes
oxygen and provides abundant substrates for methanogenesis, thereby enhancing GHG emissions. Beaulieu
et al. (2019) simulated eutrophication of lentic waters under future nutrient loading scenarios and found that
agricultural intensification and associated runoff will significantly exacerbate GHG emissions, leading to a
30% ∼ 90% increase in CH4 emissions from lakes and impoundments over the next century.

Although Deemer et al. (2016) provided a pioneering global synthesis of N2O, CH4, and CO2 emissions from
reservoirs, global assessments that integrate all three gases within a machine‐learning framework to examine
complex nonlinear drivers and extrapolate to hydropower reservoirs lacking reported direct GHG flux mea-
surements remain limited. Furthermore, previous research on GHG emissions from hydropower reservoirs pre-
dominantly employs traditional statistical approaches, which are often constrained by linear or monotonic
assumptions and thus fail to capture the complex and non‐linear interactions that characterize GHG emissions
(Prairie et al., 2021; Sun et al., 2023). Machine learning (ML) models, by contrast, are well‐equipped to process
large, multidimensional data sets and offer a powerful tool for developing nonlinear predictive models of GHG
emissions. They can be trained using readily available environmental data to predict environmental outcomes,
identify key drivers of variability, or optimize management strategies for targeted interventions. ML algorithms
have already demonstrated success in predicting phenomena such as algal blooms in lakes (Villanueva
et al., 2023), isotope reconstruction (Liu, Yue, Wong, et al., 2024) in karst systems and methane emissions from
global rivers and streams (Rocher‐Ros et al., 2023). However, applying ML to extrapolate GHG fluxes and total
emissions from hydropower reservoirs at a global scale is still in its infancy, marking a critical frontier for future
research.

This study presents a comprehensive meta‐analysis of N2O, CH4, and CO2 emission fluxes from hydropower
reservoirs, synthesizing data from 184 field experiments published between 1990 and 2024. Our aim is to enhance
the precision of the global GHG budget assessment by more accurately accounting for emissions from hydro-
power reservoirs. To achieve this, we are developing predictive models that estimate GHG emissions by inte-
grating monitored reservoir data sets with ancillary environmental data. These models will be used to predict total
GHG fluxes for up to 5,293 unmonitored reservoirs registered in the Global Dam Tracker (GDAT) worldwide
database, enabling us to: (a) quantify the variability in GHG emissions from global hydropower reservoirs across
climatic zones, continents, and countries and (b) identify the dominant factors driving these emissions. It is worth
noting that our study does not aim to replace previous statistical syntheses. Instead, it complements them with a
gas‐specific machine‐learning framework that captures potentially nonlinear relationships between environ-
mental drivers and GHG fluxes and supports scalable estimation for hydropower reservoirs lacking reported
direct GHG flux measurements.
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2. Materials and Methods
2.1. Database of Global Hydropower Reservoirs

The compiled database contains GHG (including N2O, CO2, and CH4) fluxes and their controlling factors
(including location, climatic factors, reservoir characteristics, and hydrochemistry) that were compiled and
analyzed up to 2024. Data were gathered frommajor research databases, including Google Scholar (http://scholar.
google.com), Web of Science (https://www.webofscience.com) and China National Knowledge Infrastructure
(https://www.cnki.net/). Search terms included combinations of “hydropower reservoir,” “dam,” “greenhouse
gas,” “GHG,” ‘methane,” ‘CH4,” “carbon dioxide,” “CO2,” “nitrous oxide,” and “N2O.” This study also reviewed
relevant articles cited in the identified publications. It is important to note that “monitored” hydropower reservoirs
refer to reservoirs with reported direct GHG flux measurements, rather than reservoirs subject to continuous or
regular long‐term monitoring. Data for our compiled data sets were selected based on the following criteria:

1. The reservoir must have a power generation function and report at least one GHG emission measurement.
2. The GHG flux data must represent flux at the water‐atmosphere interface, with CH4 fluxes including both
diffusion and bubble emissions.

3. The data represent GHG flux from the reservoir surface areas rather than from inflowing or outflowing waters.
4. All data must be derived from on‐site monitoring and not laboratory measurements or model simulations.
5. GHG flux data must be extractable or calculable from tables, text, or geospatial files (i.e., digitized layers, not
static images).

6. During database compilation, when multiple flux measurements were available for the same reservoir, we
averaged the reported values to derive one representative reservoir‐level flux value for that gas, rather than
treating them as independent reservoir entries.

Following these criteria, a comprehensive data set was established, encompassing GHG flux measurements from
184 hydropower reservoirs worldwide (Figure 1a), spanning 19 countries across six continents (excluding
Antarctica). Specifically, the data set includes 87 N2O, 130 CO2, and 133 CH4 sampling sites (Supporting In-
formation S1). Meanwhile, the potential drivers of GHG emissions were compiled and grouped into four cate-
gories: location, climate, reservoir characteristics, and hydrochemistry. The full list of 67 predictors, together with
their definitions and units, is provided in Table S1 in Supporting Information S1. Briefly, “location variables”
include longitude, latitude, elevation, and slope; “climatic factors” include net primary productivity (NPP),
evapotranspiration for reference crop (ET0), mean annual precipitation (MAP), mean annual temperature (MAT),
and solar radiation; “reservoir characteristics” include surface area, Hi, age of reservoirs (Age), and installed
capacity; and “hydrochemistry variables” include water temperature (T‐water), pH, dissolved oxygen, total ni-
trogen (TN), input of dissolved organic carbon (DOCinput), input of total phosphorus (TPinput) from hydropower
reservoirs. Here, DOCinput and TPinput were derived from the original published studies by combining the reported
concentrations with flow rates and then normalized to reservoir surface area, following Barros et al. (2011). We
used areal inputs rather than concentration alone because they better represent the external loading intensity
reaching each reservoir, whereas concentration alone does not account for hydrological throughput or differences
in reservoir size. Note that the availability of these environmental variables differed among the 184 reservoirs in
our database. Location and climatic variables for all reservoirs were either publicly available or derived from
global gridded data sets. A detailed breakdown of data availability for each variable is provided in Supporting
Information S1.

2.2. Environmental Data Sets for Monitored Hydropower Reservoirs

For gridded predictors, the value at the reservoir geographic coordinates was extracted from the corresponding
global raster product and assigned to that reservoir. For each reservoir, environmental variables were extracted at
the reservoir geographic coordinates from the respective global gridded data sets. The land‐use data set was
determined using the data set provided by the Ecological Forecasting Lab of National Aeronautics and Space
Administration (NASA) (http://ecocast.arc.nasa.gov/) with a spatial resolution of 1 km × 1 km, and the land‐use
types include cropland, desert, grassland, and forest. Elevation, MAP, MAT, and solar radiation were extracted
from Fick and Hijmans (2017) at the same resolution. Slope was obtained from Bauer‐Marschallinger
et al. (2014). ET0 was extracted directly from the global gridded data set of Zomer et al. (2022), which in-
tegrates the combined influence of air temperature, solar radiation, wind speed, and water vapor pressure. NPP
was extracted from the United States Geological Survey (https://lpdaac.usgs.gov/) global product as an indicator
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of terrestrial productivity and potential organic matter supply. All gridded data sets used in this study have a
spatial resolution of 1 km× 1 km. The global climatic zone was grouped into tropical, arid, temperate, continental,
and polar zones based on long term used climatic variables, well‐accepted, and highly standardized with a spatial
resolution of 0.1° × 0.1°, which was generated based on Beck et al. (2023). The global hydropower reservoirs
were grouped into three ecoregions (lowlands (elevation <500 m), highlands (500 m < elevation < 1,500 m), and
mountains (elevation > 1,500 m). The hydraulic load (unit: m year− 1) was calculated according to the following
equation (Liang et al., 2019):

Hi =
D
T

(1)

where D and T are the mean depth and water residence time of the global hydropower reservoirs, respectively. To
address the frequent omission of these parameters in original GHG studies, we supplemented the missing data
using secondary literature and public databases (e.g., Wikipedia), thereby enabling hydraulic load calculations for
a representative subset (Supporting Information S1).

Figure 1. Site locations and GHG flux data set for monitored reservoirs. (a) Spatial distribution of hydropower reservoirs
across global climatic zones classified using the Köppen‐Geiger system into tropical, arid, temperate, continental, and polar
zones. The climatic zones were delineated based on the study by Beck et al. (2023). (b) Frequency distribution of N2O, CO2,
and CH4 fluxes from monitored hydropower reservoirs. (c) Distribution of hydropower reservoirs by installed capacity.
(d) Distribution by reservoir age. (e) Variations in N2O, CO2, and CH4 fluxes across climatic zones. Boxes‐and‐ whisker
plots indicate the 25th ‐ 75th percentiles (boxes) and the 5th ‐ 95th percentiles (whiskers).
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2.3. Model Calibration and Evaluation

In this study, three ML models (including the Random Forest (RF), Extreme Gradient Boosting model
(XGBoost), and Light Gradient BoostingMachine (LightGBM) were applied to predict the GHG emissions (N2O,
CO2, and CH4) from global hydropower reservoirs. Random Forest is a bagging‐based tree ensemble that is
generally robust to noise and overfitting because it averages predictions from many decision trees (Liu, Yue,
Wong, et al., 2024). By contrast, XGBoost and LightGBM are boosting‐based tree models that fit trees
sequentially and are therefore often better in capturing complex nonlinear relationships and predictor interactions
(Villanueva et al., 2023). LightGBM further emphasizes computational efficiency for high‐dimensional data sets.
Because different gases may respond to environmental drivers with different degrees of complexity, their best‐
performing model structures may not be the same (Chen et al., 2025). The key strengths of these models
include their robust resistance to overfitting, high tolerance to noise, capability to manage high‐dimensional data
sets, fast training speed, and ease of parallelization (Liu, Yue, et al., 2025). They also feature a moderate number
of hyperparameters and adaptability. In addition, these models could provide variable importance rankings,
efficiently handle missing data, manage both discrete and continuous variables, and improve model expres-
siveness through feature combinations (Liu, Yue, Guo, & Li, 2024). One focus of this research is to identify the
most suitable model for predicting the monthly fluxes of N2O, CO2, and CH4 from the global hydropower res-
ervoirs, using a total of 67 environmental predictors covering climate, land use, soil properties, geology, and
topography (Table S1 in Supporting Information S1. For each reservoir, these environmental variables were
extracted at the reservoir geographic coordinates (centroid) from the respective global gridded data sets. To
adequately capture the seasonal dynamics of GHG emissions, all meteorological variables (e.g., maximum,
minimum, and mean air temperature, precipitation) were processed at a monthly resolution, aligning the temporal
scale of predictor variables with that of the GHG flux estimates (Liu et al., 2022; Rocher‐Ros et al., 2023). To
better account for temporal variability in reservoir GHG emissions, we matched flux observations from different
monitoring periods, where possible, with the corresponding monthly environmental conditions, and all meteo-
rological predictors were processed at a monthly resolution. This approach improves the temporal alignment
between emission observations and environmental drivers, thereby enhancing the temporal representativeness of
the model predictions. For each GHG gas, we first evaluated three ML algorithms to identify the best‐performing
model. During this selection phase, each algorithm was tuned using 10‐fold cross‐validation via a grid search
strategy, where the model was trained on each training fold and evaluated on the corresponding validation fold
across various hyperparameter combinations, with the average performance metrics calculated for each combi-
nation. After selecting the optimal algorithm for each gas, we conducted a robust validation by running 100
independent iterations. In each iteration, the data set was randomly split into training (80%) and testing (20%) sets,
with the model trained on the training set and evaluated on the testing set. The final performance metrics were
obtained by averaging the results across all 100 iterations. To avoid unsupported extrapolation during prediction,
we further defined the domain of applicability of the trained models based on the predictor ranges in the
monitored‐reservoir data set. For each predictor, the minimum and maximum values in the training data set were
used as the supported range. During extrapolation to unmonitored reservoirs, only reservoirs whose predictor
values all fell within the corresponding training‐data ranges were retained for final prediction and upscaling.

Here, two criteria were employed to evaluate the performances of three ML models, including Nash‐Sutcliffe
efficiency (NSE) coefficient and mean absolute error (MAE). Nash‐Sutcliffe efficiency values range from ‐∞
to 1, with closer to 1 suggesting better model performance. Here, NSE < 0.4, 0.4 ≤ NSE < 0.7, and NSE ≥ 0.7
were considered poor, fair, and good performances, respectively. MAE values range from 0 to ∞, with closer to
0 suggesting better model performance. Here, MAE > 25% of the mean observed value, 15% ≤MAE < 25% of
the mean observed value, and MAE ≤ 15% of the mean observed value were considered poor, fair, and good
performance, respectively. These metrics were used jointly because they describe different aspects of predictive
performance: NSE reflects the model's ability to reproduce observed variability and MAE provides an intuitive
measure of the mean absolute prediction error. The calculation formulas are as follows:

NSE =
∑

n
i=1(χ

p
i − χ°)2

∑
n
i=1(χo

i − χ°)2
(2)

MAE =
1
n
×∑

n
i=1

⃒
⃒χ p

i − χo
i
⃒
⃒ (3)
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where n represents the amount of input data. χo
i and χp

i represent observed and predicted GHGs (N2O, CH4, and
CO2) values, respectively. χo and χp represent the mean values of observed and predicted GHGs fluxes.

2.4. Estimates of GHG Flux and Emission Intensities for Unmonitored Reservoirs

The flux of N2O, CO2, and CH4 was calculated based on the following equation:

GHGflux = FN2O × GWPN2O + FCO2 + FCH4 × GWPCH4 (4)

where GHGflux represents the total GHG fluxes (mg CO2eq m
− 2 h− 1, CO2eq is CO2‐equivalent) of a given hy-

dropower reservoir. For the upscaling analysis, FN2O, FCO2, and FCH4 represent the reservoir‐specific N2O, CO2,
and CH4 fluxes predicted by the best‐performing ML models, respectively. These gas‐specific fluxes were
predicted separately in their original units and were then converted to CO2‐equivalent values using 100‐year GWP
factors of 273 for N2O and 27 for CH4 with CO2 as the reference gas (GWP = 1), following Forster et al. (2021).
The converted values were then summed to obtain the integrated total GHG flux. All machine‐learning models
were developed separately for N2O, CO2, and CH4 in their original gas‐specific units, and the gas‐specific
predictions were subsequently combined into CO2eq values only for integrated comparison and upscaling. In
this study, we utilized multiple ML models to establish relationships between environmental parameters and the
fluxes of CO2, CH4 and N2O. For upscaling, the gas‐specific best‐performing models were then applied to predict
N2O, CO2, and CH4 fluxes separately for hydropower reservoirs lacking reported direct GHG flux measurements
in the GDAT database (Zhang & Gu, 2023). To prevent unrealistic outlier predictions, candidate reservoirs were
screened prior to prediction, and those with predictors outside the training data's applicability domain were strictly
excluded. Despite this precaution, inherent transferability risks remain during extrapolation, because unmeasured
local factors, such as specific operational regimes, can constrain predictive certainty even within the supported
ranges. Of the 7,104 hydropower reservoirs listed in GDAT, 5,293 were retained for the ML‐based flux analysis
because they had sufficiently complete and reliable geographic and reservoir metadata to allow extraction or
matching of the required predictor variables. The predicted gas‐specific fluxes were then converted into CO2eq
values to estimate the integrated total GHG fluxes. Total GHG emissions (Tg CO2eq yr

− 1) were further calculated
for the subset of 1,460 reservoirs with reported surface‐area data. Thus, 5,293 reservoirs were included in the flux
prediction analysis, whereas 1,460 reservoirs were included in the emission calculation.

For the observed data set, fluxes were summarized using mean values to describe the overall level of reported
measurements. In contrast, for upscaling ML‐predicted fluxes in unmonitored reservoirs, we adopted the median
flux per climatic zone rather than the mean. Because GHG fluxes typically exhibit highly right‐skewed distri-
butions driven by extreme hotspots, the outlier‐resistant median prevents overestimation and robustly represents
typical reservoir emissions. Total GHG emissions were then estimated by multiplying this median flux by
reservoir area. The total global emissions were then calculated by summing the emissions from these climatic
zones (in Tg CO2eq year

− 1). Finally, an uncertainty propagation was performed to estimate the total uncertainty
of GHGflux (Equation 5):

σGHG =
∑

n
i=1 (σ

i
FN2O

× GWPN2O + σi
FCO2

+ σi
FCH4

× GWPCH4)
n

(5)

where σi
FN2O

, σi
FCO2

and σi
FCH4

represent the standard deviations of N2O, CO2, and CH4 flux measurements, resp-

ectively, for reservoir i across the 100 independent model iterations. Thus, these terms describe prediction un-
certainty derived from repeated model runs for each gas‐specific best‐performing model. σGHG represents mean
GHG flux uncertainties across all sample points. N represents the mean total GHG flux uncertainty across all
reservoirs included in the flux prediction analysis, and N is the total number of such reservoirs.

2.5. Software Used in This Study

Spatial mapping of global hydropower reservoir sites and climatic zone divisions were performed using ArcGIS
10.2. Point plots, bar plots, and density distributions were made using origin 2021 and R 4.3.3. Processing of
environmental data was conducted using Python 3.11, SPSS Statistics 22.0, and Office 2022.
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3. Results and Discussion
3.1. Key Environmental Factors Driving GHG Emissions From Monitored Hydropower Reservoirs

To distinguish gas‐specific patterns from integrated climate impact, the machine‐learning analyses were con-
ducted separately for N2O, CO2, and CH4, whereas CO2eq values are used here only to facilitate comparison of
their combined warming effect. The average fluxes of N2O, CO2, and CH4 frommonitored hydropower reservoirs
were 24.0 ± 62.5 μg m− 2 h− 1 (based on 87 sampling sites), 4.0± 10.4 mg m− 2 h− 1 (based on 130 sampling sites),
and 80.9 ± 112.6 mg m− 2 h− 1 (based on 133 sampling sites), respectively (mean ± SD; Figures 1a and 1b and
Figure S1 in Supporting Information S1). Methane (CH4) accounted for the largest share of total GHG fluxes
(55.3%), followed by CO2 (41.3%) and N2O (3.4%). The combined flux from monitored hydropower reservoirs
with reported direct GHG flux measurements, totaling 194 mg CO2eq m

− 2 h− 1, is lower than reported values for
wetlands (302 mg CO2eq m

− 2 h− 1) (Ma et al., 2023), comparable to ponds (196 mg CO2eq m
− 2 h− 1) (Holgerson

& Raymond, 2016), which did not include CH4 ebullition or N2O emissions, and substantially higher than fluxes
from lakes (120 mg CO2eq m

− 2 h− 1) (Li et al., 2018). These comparisons provide only a cross‐system reference.
A direct comparison with previous hydropower‐reservoir estimates is presented later in Section 3.3, where
methodological differences among reservoir studies are also considered explicitly.

Our meta‐database analysis revealed significant spatial variability in GHG fluxes from hydropower reservoirs
across climatic zones, ecoregions, and land use types (Figure 1e and Figures S2–S4 in Supporting Informa-
tion S1). When the three gases are considered together as integrated total GHG flux, tropical zones emerged as
major emission hotspots, with fluxes of 410 mg CO2eq m

− 2 h− 1 (excluding arid zones due to limited data),
representing ∼85% and ∼340% higher emissions than those in temperate (220 mg CO2eq m

− 2 h− 1) and conti-
nental (94 mg CO2eq m

− 2 h− 1) zones, respectively (Figure 1e). The negative CH4 values observed in arid‐zone
reservoirs and the relatively low CH4 fluxes in the tropical category likely reflect sparse data coverage and strong
site‐specific variability, rather than robust climatic‐zone‐scale patterns. In addition, CH4 fluxes increased with
elevation, from lowlands (<500 m) to mid‐elevation reservoirs (500–1,500 m), while N2O and CO2 fluxes
showed no consistent elevation trend (Figure S2 in Supporting Information S1). Land use also influenced
emissions where reservoirs in cropland‐dominated catchments exhibited average GHG fluxes of 350 mg CO2eq
m− 2 h− 1, nearly 120% higher than those in pristine landscapes (160 mg CO2eq m

− 2 h− 1) (Figure S2 in Supporting
Information S1).

As summarized in Table 1 and Figure S3 in Supporting Information S1, spatial variability in GHG fluxes is
shaped by region‐specific environmental drivers. Table 1 presents exploratory spearman bivariate correlation
analyses between individual environmental variables and observed gas‐specific fluxes, thereby providing a
descriptive context for potential environmental controls. Because many environmental predictor variables were
not available for all reservoirs in the compiled data set, ML‐based importance estimates would be highly sensitive
to reduced sample size and uneven predictor coverage. We therefore use Table 1 only as an exploratory statistical
summary. Dissolved oxygen showed strong correlations with all three gases, while TN exhibited significant
correlations with N2O and CH4, substantiating the central role of hydrochemistry in regulating GHG emissions.
CO2 emissions were primarily associated with aerobic respiration under oxygenated conditions, whereas CH4 and
N2O emissions were linked to anoxic and low‐oxygen environments, respectively, with N2O primarily produced
via nitrification in oxygenated water columns and sediments, as well as through denitrification under suboxic
conditions (Rosamond et al., 2012). Differences in nutrient and organic matter inputs across land use types further
modulated these patterns (Cui et al., 2024). Likewise, the positive association between TN and N2O is consistent
with the possibility that elevated nitrogen availability promotes nitrification and denitrification (Zhang
et al., 2021), whereas higher TN may also be associated with greater primary production and organic matter
accumulation, which could in turn support CO2 and CH4 production (Leng et al., 2023). While many inland
waters are considered phosphorus‐limited, TPinput in our data set showed only a weak negative correlation with
CH4 and no significant correlation with N2O and CO2 (Table 1), suggesting that phosphorus availability may play
a role in methanogenesis in the studied hydropower reservoirs (Bauduin et al., 2024). However, we acknowledge
that the limited TP data may constrain the robustness of this finding.

In addition to hydro‐chemical factors, GHG fluxes were influenced by climatic variables, reservoir character-
istics, and geographic features, with varying degrees of importance (Table 1). N2O fluxes were strongly
controlled by temperature‐related parameters, including latitude, ET0, and MAT, aligning with spatial patterns
observed across climatic zones and ecoregions (Li et al., 2024). In contrast, CH4 fluxes showed no significant

Global Biogeochemical Cycles 10.1029/2026GB009359

LIU ET AL. 7 of 17

 19449224, 2026, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2026G

B
009359 by N

anjing Institution O
f G

eo &
 L

im
nology, W

iley O
nline L

ibrary on [15/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



correlations with these temperature‐related variables in our data set (Table 1), suggesting that other factors, such
as organic matter availability and sediment accumulation, may play a more dominant role in regulating CH4
emissions (Beaulieu et al., 2019; Johnson et al., 2021). In addition, CO2 emissions are not strongly correlated with
temperature‐related variables. Instead, NPP emerged as a key driver, indicating that in high NPP systems, the
availability of organic substrates can supersede temperature as the dominant control on CO2 flux dynamics
(Soued et al., 2022; Zhou et al., 2024).

Among reservoir characteristics, age (mean: 37.7± 3.6 years; Figure 1d) showed a negative correlation with CO2
emissions, consistent with declining labile organic matter decomposition over time (Hu & Cheng, 2013).
However, although previous studies such as Barros et al. (2011) have reported declining CH4 emissions with
increasing reservoir age, the age‐CH4 relationship was not statistically significant in our data set. This suggests
that the influence of reservoir age on CH4 emissions may be less consistent across a broader and more hetero-
geneous global data set, and may be modulated by other factors such as organic matter accumulation rates and
sediment conditions (Holgerson & Raymond, 2016; Soued et al., 2022). It should also be noted that the reservoir‐
age distribution in our compiled data set is weighted toward systems younger than 50 years (Figure 1d), which
may limit the representativeness of age‐related effects for older reservoirs. This bias should therefore be
considered when interpreting age‐dependent patterns and when extrapolating the model to reservoirs outside the
age range, which is most strongly represented in the training data set. In contrast, surface area showed a positive
correlation with N2O emissions, a relationship driven by the integration of larger upstream catchments rather than
direct lateral runoff from the shoreline. These extensive upstream networks deliver substantially greater loads of
reactive nitrogen, which robustly fuel microbial nitrification and denitrification to enhance N2O production (Yan
et al., 2022; Zhou et al., 2021) (Figure 1e and Figure S3 in Supporting Information S1). However, N2O fluxes did
not show a clear relationship with reservoir age in our data set, suggesting that reservoir age may not be a primary
predictor of N2O emissions and that shorter‐term controls, such as nutrient availability and oxygen conditions,
may be more important.

We acknowledge that a range of additional factors may influence GHG emissions beyond those discussed,
including bioturbation, reservoir depth, aeration extent, lithology, operational regimes, and the proportion of

Table 1
Spearman Correlation Coefficients Between GHG Emissions (N2O, CO2, and CH4 Fluxes) and Environmental Variables Across Global Hydropower Reservoirs

Factor category Factor type N2O CO2 CH4

Location Longitude − 0.06 (N = 87) 0.09 (N = 130) − 0.36a (N = 133)

Latitude − 0.39a (N = 87) − 0.25b (N = 130) 0.04 (N = 133)

Elevation 0.19 (N = 87) − 0.06 (N = 130) 0.30a (N = 133)

Slope 0.06 (N = 70) − 0.24c (N = 94) − 0.005 (N = 95)

Climate NPP − 0.13 (N = 27) 0.23 (N = 45) − 0.06 (N = 30)

ET0 0.36a (N = 70) 0.10 (N = 94) − 0.01 (N = 95)

MAP 0.35b (N = 72) 0.12 (N = 94) − 0.16 (N = 95)

MAT 0.47a (N = 70) 0.14 (N = 94) − 0.08 (N = 95)

Solar radiation 0.28c (N = 70) 0.19 (N = 94) − 0.13 (N = 95)

Reservoir characteristics Surface area 0.28c (N = 76) 0.11 (N = 105) − 0.12 (N = 115)

Hi − 0.04 (N = 41) 0.16 (N = 70) 0.24 (N = 66)

Age − 0.17 (N = 75) − 0.23c (N = 102) 0.07 (N = 103)

Installed capacity − 0.06 (N = 53) − 0.05 (N = 83) − 0.15 (N = 79)

Hydrochemistry Water temperature − 0.03 (N = 54) 0.002 (N = 79) 0.29c (N = 57)

pH − 0.28c (N = 47) − 0.26c (N = 64) 0.12 (N = 45)

DO − 0.87a (N = 11) 0.54c (N = 15) − 0.79b (N = 10)

TN 0.50c (N = 10) 0.01 (N = 5) 0.51a (N = 10)

DOCinput − 0.17 (N = 15) 0.05 (N = 32) 0.33c (N = 37)

TPinput − 0.12 (N = 10) 0.32 (N = 18) 0.48c (N = 23)
aP < 0.001. bP < 0.01. cP < 0.05.
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shallow littoral zones, which typically exhibit high CH4 ebullition but are often underrepresented in field ob-
servations, many of which remain poorly documented (DelSontro et al., 2018; Wik et al., 2016). These broader
reservoir‐scale factors may influence organic matter accumulation, oxygen availability, and gas exchange dy-
namics, and could therefore contribute to unexplained variation in GHG fluxes (Wang et al., 2025). Moreover,
high spatial and temporal variability within individual reservoirs, characterized by hot‐spots and hot‐moments of
GHG fluxes, further complicates accurate emission assessments (Colas et al., 2020). The lack of consistent re-
cords for these variables highlights the need for high frequency, spatially resolved measurements that integrate
both physicochemical and ecological parameters. Note that, some aspects of seasonal hydrological variability
may be indirectly reflected by the monthly climatic predictors used in this study, particularly precipitation (Liu
et al., 2022). However, precipitation alone cannot fully represent actual water‐flow dynamics, because inflow
variability is also shaped by catchment routing, reservoir operation, and water regulation processes (Ge
et al., 2025; Niu et al., 2025). In addition, other influences, such as shifts in local biodiversity or changes in
sediment composition, may exert cumulative effects on emission dynamics over time (Bastviken & John-
son, 2025; Flecker et al., 2022). Addressing these knowledge gaps through improved monitoring and broader data
integration will enable the identification of more robust and representative drivers of GHG fluxes, ultimately
supporting more targeted reservoir management and mitigation strategies.

3.2. Efficiency of Machine Learning Models in Predicting GHG Emissions Is Gas‐Dependent

Using ML algorithms, we estimated monthly GHG emissions from unmonitored hydropower reservoirs based on
67 readily available environmental variables (Table S1 in Supporting Information S1). Model performance varied
substantially depending on the applied algorithm. This gas‐specific difference in model performance suggests that
the relationships between environmental predictors and GHG fluxes vary among N2O, CO2, and CH4 and
therefore are not equally well represented by a single model structure. The RF models yielded the highest ac-
curacy for N2O flux predictions, with performance metrics of NSE= 0.83 andMAE= 9.78 μg m− 2 h− 1. For CH4,
the XGBoost model outperformed other models (NSE = 0.82 and MAE = 0.34 mg m− 2 h− 1). In addition, the
XGBoost model performed well in predicting CO2 fluxes, with NSE = 0.66 and MAE = 37.68 mg m− 2 h− 1).
Although CO2 showed relatively weaker predictive performance than N2O and CH4, the model still achieved a
fair NSE and MAE, indicating that it can reasonably reproduce CO2 flux variability at the global scale.

Model performance was generally higher during the training phase than during testing, indicating potential
overfitting (Liu, Yue, Guo, & Li, 2024). The tendency to underestimate high fluxes and overestimate low fluxes
may be related to the limited representation of extreme GHG values in the training data set, as discussed by Zhi
et al. (2021). In addition, such extreme values may reflect high biogeochemical activity and site‐specific con-
ditions that are difficult to generalize across diverse reservoir settings (Guo et al., 2023). These previous studies
therefore provide a plausible context for interpreting the prediction errors observed here although the underlying
mechanisms were not directly tested in the present study. Furthermore, an inherent limitation is the temporal
mismatch between historical flux measurements and static environmental layers (e.g., topography and soil
properties). Unrecorded gradual shifts in these static variables over decades may introduce unquantified noise into
our predictive models during long‐term upscaling. Overall, the selected models achieved fair‐to‐good predictive
performance and therefore provide a practical, though uncertainty‐aware, basis for exploratory GHG estimation
in hydropower reservoirs lacking reported direct GHG measurements.

3.3. The Contribution of Unmonitored Hydropower Reservoirs to Global GHG Estimates

We applied the best‐performing ML models to estimate GHG fluxes and emissions from 5,293 unmonitored
hydropower reservoirs globally (Figures 2 and 3 and Figures S5–S8 in Supporting Information S1). The mean
total GHG flux was 141 mg CO2eq m

− 2 h− 1, whereas in the predicted data set the flux distribution was right‐
skewed, with a median of 123 mg CO2eq m

− 2 h− 1 and an interquartile range (IQR) of 89 ∼ 179 mg CO2eq
m− 2 h− 1. Because the predicted flux distribution was right‐skewed and influenced by a limited number of high
values, the median was used instead of the mean for the final upscaling calculation, as it provides a more robust
representation of the typical flux. In addition, the monthly GHG flux dynamics observed showed a clear seasonal
pattern. Globally, median GHG fluxes gradually increased from 102 mg CO2eq m

− 2 h− 1 (from December to
February) to 140 mg CO2eq m

− 2 h− 1 (from June to August) (Figure 2). This seasonality was particularly pro-
nounced in the Continental and Polar zones, driven primarily by enhanced biogeochemical and microbial activity
during warmer months (Voigt et al., 2023). Notably, previous monitoring efforts have been geographically
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biased, focusing primarily on CO2 and CH4 emissions from sites in tropical and continental zones while
neglecting N2O. In contrast, our predictions for unmonitored reservoirs provide a more uniform spatial distri-
bution and, for the first time, offer month‐scale flux estimates that include all three GHGs (N2O, CO2, and CH4).
This enhanced spatiotemporal coverage allows for a more comprehensive and reliable assessment of GHG fluxes
from global hydropower reservoirs.

Monitored sites are disproportionately located in tropical and continental zones, where GHG fluxes tend to be
higher, whereas unmonitored reservoirs are more uniformly distributed, including across high‐altitude regions
with lower fluxes (Figure 3). Despite these differences, the total GHG emissions from unmonitored reservoirs
were estimated at 304 ± 37 Tg CO2eq year

− 1 (Table S2 in Supporting Information S1), based on a global hy-
dropower reservoir surface area of 3.4 × 105 km2 (Barros et al., 2011). Note that, our study used this published
global area estimate because, although 5,293 reservoirs were included in the flux prediction analysis, surface‐area
data were available for only 1,460 reservoirs in the GDAT database. Therefore, relying only on the reported
GDAT surface areas would likely have underestimated the global total emission. In contrast, GDAT surface‐area
data were used for the subset analyses in which reservoir‐level or regional emission estimates could be calculated
directly. Notably, our estimate is numerically higher than some previous hydropower‐reservoir assessments,
including the widely cited value of 288 Tg CO2eq year

− 1 reported by Barros et al. (2011). However, this dif-
ference should not be attributed solely to the inclusion of N2O, because Barros et al. (2011) used a different
empirical upscaling framework and a different underlying data set. Accordingly, these studies are not treated here
as directly comparable estimates, but rather as alternative hydropower‐reservoir assessments based on different
methodological assumptions.

Incorporating unmonitored hydropower reservoirs into global GHG flux estimates provides a more compre-
hensive geographic representation across climatic zones, continents and countries. High GHG fluxes were
identified in warm regions such as Northeast Brazil (Figure 3c), West Africa (Figure 3e), and south Asia
(Figure 3f), consistent with expectations. Among the climatic zones, tropical and arid zones exhibited the highest
fluxes (216.6± 82.2 and 152.9 ± 106.5 mg CO2eq m

− 2 h− 1, respectively). Furthermore, the model also predicted
relatively high N2O fluxes in the polar zones (30.8 ± 20.4 μg m

− 2 h− 1), exceeding those predicted for temperate
(20.2 ± 14.3 μg m− 2 h− 1) and continental (6.4 ± 11.1 μg m− 2 h− 1) zones (Figures 4a and 4b, Figure S9 and Table
S3 in Supporting Information S1). However, this pattern should be interpreted cautiously. It represents a model‐
based result rather than direct evidence from extensive field observations, and N2O fluxes are often low in
magnitude and therefore difficult to constrain robustly. In addition, the limited availability of observed N2O data
from cold or high‐altitude systems means that the elevated polar‐zone prediction may reflect a combination of
environmental signal, sparse data coverage, and model uncertainty (Voigt et al., 2023; Yang et al., 2023). We
therefore interpret this result as a tentative pattern that warrants targeted field verification rather than as a
confirmed characteristic of polar‐zone reservoirs. In addition, CH4 fluxes were generally higher in mid‐elevation

Figure 2. Monthly variations in total GHG fluxes across different climate zones from global 5,293 hydropower reservoirs.
The panels show the distinct monthly patterns of total GHG fluxes in (a) Tropical, (b) Arid, (c) Temperate, (d) Continental,
(e) Polar zones, and (f) the global aggregate.
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reservoirs than in lowland systems (Figure 5 and Figure S7 in Supporting Information S1), a trend consistent with
the positive correlation between CH4 and elevation observed in our data set.

At the continental scale, Africa exhibited the highest average GHG fluxes (272.5 ± 90.7 mg CO2eq m
− 2 h− 1),

significantly exceeding those of all other continents (Figures 4c and 4d and Table S4 in Supporting Informa-
tion S1). This elevated flux may reflect a combination of climatic, ecological, and anthropogenic factors. In
particular, the continent's consistently warm climate is likely to favor year‐round microbial activity and organic

Figure 3. ML‐predicted mean GHG fluxes (CO2eq) based on 67 environmental predictor variables for: (a) global
unmonitored hydropower reservoirs. Zoomed‐in views of specific regions include (b) South America, (c) North America,
(d) Europe, (e) Africa, (f) Asia, and (g) Oceania. The data set for the 5,293 unmonitored hydropower reservoirs was sourced
from Zhang and Gu (2023). GHG emission fluxes were categorized into five groups to create a color gradient, with blue
indicating low values and red indicating high values.
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matter decomposition, thereby enhancing GHG production and overall biogeochemical turnover (Borges
et al., 2015). In addition, land‐use‐related pressures may also contribute to the observed pattern, because land‐use
was included among the environmental predictors used in our models, and previous studies have linked defor-
estation, agricultural expansion, and livestock farming with enhanced carbon and nutrient loading (Borges
et al., 2022; Cui et al., 2024). However, because our models did not explicitly separate dynamic land‐use change
effects from other correlated environmental drivers, these factors should be interpreted as plausible contributors
rather than as uniquely identified causes of the higher African fluxes. In contrast, GHG fluxes did not differ
significantly among other continents. However, substantial subcontinental variability persists, with regional
emission hotspots identified in Sudan (460 ± 73.6 mg CO2eq m

− 2 h− 1) in Africa, Venezuela (448 ± 7.2 mg
CO2eq m

− 2 h− 1) in South America, Malaysia (406 ± 63.6 mg CO2eq m
− 2 h− 1) in Asia, Ivory Coast

(343 ± 28.5 mg CO2eq m
− 2 h− 1) in Europe, Papua New Guinea (262 ± 17.6 mg CO2eq m

− 2 h− 1) in Oceania, and
Mexico (214± 53.7 mg CO2eq m

− 2 h− 1) in North America (Figure 5 and Table S5 in Supporting Information S1).
Although GHG fluxes for reservoirs lacking reported direct GHG flux measurements were model‐predicted rather
than independently observed, the tendency for higher predicted fluxes in warmer regions suggests that thermal
conditions may contribute to the modeled spatial pattern. However, this inference should be interpreted
cautiously, as it does not constitute a direct observational comparison between monitored and unmonitored
reservoirs or a formal ranking of predictor importance across all three gases.

3.4. The Future of Hydropower Reservoirs and Their Role in Mitigating GHG Emissions

The current literature includes fewer than 200 data points on GHG emissions from hydropower reservoirs, with
the African continent being notably underrepresented in monitoring efforts. This represents a small fraction of the
global total, as the International Hydropower Commission reports 5,293 hydropower facilities worldwide. As a

Figure 4. GHG flux and emissions in global hydropower reservoirs across different climate zones and continents. Box plots
of GHG (a) fluxes (area‐normalized release rates) and (b) emissions (total released amounts, calculated as flux × reservoir
area) from global hydropower reservoirs of different climatic zones. Box plots of GHG (c) fluxes and (d) emissions from
global hydropower reservoirs of different continents. GHG emissions across different continents and regions were estimated
based on 1,460 out of 5,293 unmonitored reservoirs with reported surface areas (Zhang & Gu, 2023). Blank regions in the
emission panel indicate missing reservoir surface‐area data rather than low or zero flux.
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result, only about 2.8% of hydropower reservoirs currently have published direct GHG flux measurements. This
data gap presents challenges in accurately assessing hydropower's contribution to the global GHG budget.
Without reliable data, emission estimates are uncertain, complicating the evaluation of hydropower's environ-
mental impact as a renewable energy source. Our findings suggest that GHG emissions from hydropower res-
ervoirs may be higher than indicated by some previous assessments, although direct quantitative comparisons
across studies should be treated with caution because of differences in data sets, system boundaries, and upscaling
methodologies.

Previous studies on GHG emissions from hydropower reservoirs have predominantly focused on CO2 and CH4,
leaving N2O emissions largely unexplored. This focus is due to the relatively larger carbon footprint of CO2 and
CH4 (Almeida et al., 2019). However, as agricultural intensification and associated land‐use changes escalate,
nutrient runoff into reservoirs is expected to increase by∼47% from 2015 to 2050 (Beusen et al., 2022). Since TN
is among the most significant predictors of N2O fluxes, an increase in nitrogen loads is likely to intensify nitrogen
cycling, thereby driving greater N2O production (Wu et al., 2024). Currently, N2O contributes approximately
3.4% of total GHG emissions from monitored reservoirs and 5.3% from unmonitored reservoirs, with a larger
contribution of 9.2% in the tropical zones. Although N2O remains a relatively minor contributor to total reservoir
GHG emissions compared with CO2 and CH4, these differences suggest that its role may be somewhat under-
represented in previous assessments, particularly in regions where direct N2Omeasurements remain sparse. These
findings expose critical gaps in global GHG inventories and the urgent need for systematic and comprehensive
monitoring of N2O fluxes in hydropower reservoirs, especially given its high global warming potential.

Our models, driven exclusively by environmental variables, unequivocally identified Africa as a significant
hotspot for GHG fluxes from hydropower reservoirs. While the specific hydro‐chemical mechanisms driving

Figure 5. GHG (a) fluxes and (b) emissions from global hydropower reservoirs across different countries. Flux denotes the
area‐normalized release rate, whereas emission denotes the total released amount after multiplying flux by reservoir area.
The GHG fluxes and emission values were grouped into 5 categories to generate a color gradient, where blue and red colors
represent low and high values, respectively. Because surface‐area data were unavailable for some reservoirs and countries,
blank regions indicate missing area information rather than zero emissions.
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these fluxes require further elucidation, their impact based on environmental variables is evident. With over 300
new hydropower projects proposed across Africa to meet escalating energy demands, many involving reservoirs
(Almeida et al., 2019; Flecker et al., 2022), the implications for increased GHG emissions are profound. These
concerns are compounded by other critical considerations, including financial viability, installed capacity, and
biodiversity impacts associated with hydropower infrastructure. To address these challenges, strategic hydro-
power planning and GHG assessment frameworks are urgently needed. In particular, widely used tools such as the
G‐res tool (Prairie et al., 2021), together with related risk‐screening approaches such as the Greenhouse Gas Risk
Assessment Tool (Kumar et al., 2019), could benefit from integrating the key environmental drivers of GHG
emissions identified by our models to better navigate the techno‐carbon trade‐offs inherent in reservoir
development.

Another important finding from our study is the pronounced increase in GHG emissions observed in warmer
regions. Our analysis, based on a global data set, suggests that the higher predicted fluxes in warmer regions may
partly reflect the influence of thermal conditions on the modeled spatial pattern of GHG emissions, whereas
installed capacity does not appear to be a strong explanatory factor in the present framework. This suggests that
rising global temperatures could further exacerbate these emissions, potentially creating a feedback loop in which
higher GHG emissions contribute to climate warming, which in turn intensifies emissions from hydropower
reservoirs. Recent projections highlight that climate change may substantially alter the magnitude and patterns of
inland water GHG emissions in the coming decades (Bastviken & Johnson, 2025). This feedback is particularly
concerning in light of the anticipated increase in extreme weather events, such as more intense rainfall, driven by
climate change. In tropical zones where CO2 flux is highest, the impact of global warming is temporarily con-
strained by thermal stratification, limiting the overturning of reservoirs and reducing the mixing of surface and
deeper waters (Zhang et al., 2016, 2023). However, intense precipitation can disrupt this stratification, releasing
large amounts of GHGs that have accumulated in the deeper layers of the reservoir (Niu et al., 2025). In addition,
rising temperatures may enhance microbial activity and organic matter decomposition, while wetter and more
strongly waterlogged conditions may promote anoxia and thereby favor CH4 production relative to CO2 (Rocher‐
Ros et al., 2023). This interaction between rising temperatures, extreme precipitation, and altered reservoir dy-
namics could further accelerate GHG emissions, reinforcing the climate‐hydropower emission feedback loop.
These findings emphasize the need to consider the broader, compounding impacts of climate change on hy-
dropower reservoirs in future emission assessments and management strategies.

4. Conclusion
This study provides the first global‐scale, gas‐specific assessment of GHG emissions from hydropower reservoirs
using a ML framework trained on monitored data and applied to over 5,293 unmonitored systems. Our results
yield an estimated total of 304 ± 37 Tg CO2eq year

− 1 for unmonitored hydropower reservoirs within the
framework of this study. This estimate is higher than some previous hydropower‐reservoir assessments, although
direct cross‐study numerical comparisons should be interpreted cautiously because of methodological differ-
ences. CH4 remains the dominant contributor (55.3%), but N2O, though minor in proportion (3.4%), is a critical
and growing component, especially under intensifying eutrophication. Key environmental drivers, particularly
temperature, nutrient loading, and reservoir age, exert strong control over emission dynamics, with tropical and
African reservoirs emerging as significant hotspots. The predictive models developed here offer a scalable and
transferable tool for estimating emissions in data‐scarce regions, supporting more accurate global GHG in-
ventories and low‐carbon energy planning. Our findings emphasize the urgent need to re‐evaluate the climate
impact of hydropower and integrate reservoir GHG emissions into climate mitigation and energy policy
frameworks. Future efforts should prioritize expanded monitoring, especially in underrepresented regions like
Africa, and incorporate dynamic climate feedback to better anticipate emissions under ongoing global change.
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