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Planning with emission models reduces
the carbon footprint of new reservoirs

M| Check for updates

Tomasz Janus ® ', Christopher Barry ®2, Shelly Win ® 2 & Jaise Kuriakose ®'

Reservoirs collectively contribute 1-2% of global anthropogenic greenhouse gas emissions, although
individual emissions can vary widely. While emission models have considerably advanced our
understanding of the lifetime carbon impacts of reservoirs globally and offer means to inform judicious
planning, their widespread adoption is hindered by high manual processing requirements,
uncertainties, and linkages to geospatial drivers that can be obscure for planners. Meanwhile, simpler
Tier 1 methods fail to capture variability across individual reservoirs and can overestimate national
emissions by 50% compared to model-based estimates. Here we introduce an automated and
transparent framework for large scale reservoir emission assessments and planning with spatially-
explicit emission models to address key limitations in current approaches. By applying our framework
to strategic hydropower expansion in Myanmar, we show how emission models can support low-
carbon reservoir development at large scales. Our results show that the proposed methodology can
yield a hydropower strategy for Myanmar that eliminates 0.94 MtCO,, in emissions (1% of national
total), conserves 239 km? of forest and arable land, and reduces the number of barriers in lower river

reaches from 28 to 7.

Reservoirs can generate substantial greenhouse gas (GHG) emissions,
predominantly of CO, and CH,', by creating environments conducive to
organic matter synthesis and degradation™ altering the carbon cycle of the
natural landscape. The primary cause of emissions is the decomposition of
organic matter flooded after dam construction, transferred to the reservoir
by runoff, or produced in the reservoir, e.g., from algal growth’. Recent
estimates indicate that globally reservoirs contribute approximately 5.2% of
total anthropogenic CH,4 emissions and 0.2% of CO, emissions; equivalent
to 1-2% of total anthropogenic GHG emissions'. Given that reservoirs are
important contributors to global emissions, it is crucial to accurately assess
the carbon footprint of both existing and planned reservoirs. This need is
particularly pressing amid ongoing investments in hydropower, with
approximately 3700 hydroelectric dams - each exceeding 1 MW in capacity
—either under construction or planned™®.

Emissions from individual reservoirs vary widely, with areal fluxes
differing by up to two orders of magnitude’, driven by location-specific
geoclimatic and topographic factors. Reservoirs in low-lying tropical regions
are among the largest contributors to water body GHG emissions
globally*™"", though similarly high emissions have also been discovered in
some temperate mid-latitude reservoirs'>"’. This variability highlights the
need for examining reservoir expansion strategies that minimize carbon
footprints. However, incorporating emissions as a criterion in decision-

making, such as in strategic dam planning frameworks, poses two key
challenges: i) Comprehensive models like G-res" require extensive input
data, limiting their applicability to large-scale national and regional reservoir
inventories. ii) The complexity of these models can make them opaque and
difficult to integrate as practical decision-making tools.

Recent studies on hydropower planning have begun incorporating
GHG emissions as a criterion for dam selection'*'*'*. However, due to the
lack of methodologies for estimating emissions from large reservoir
inventories using emission models, these studies instead relied on IPCC Tier
1 emission factors (EFs)". This approach assumes that areal fluxes for a
given gas or emission pathway remain constant across all reservoirs sharing
the same dominant explanatory variable, such as latitude'" or climatic zone™.
While this method allows estimating emissions with minimal effort and has
been essential for global reservoir emission assessments***"!, it was also
found to introduce large biases and inaccuracies’. For this reason it is
essential to move beyond emission factors by embracing frameworks that
leverage emission models for the planning of low carbon reservoirs and
assessing their impacts on global emissions.

To address this need, we automate input data collection for the G-res
model", enabling its integration into large-scale planning of low-carbon
reservoirs and GHG emission assessments. This step is designed to be
generic, allowing integration with spatially explicit emission models that
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may be developed in the future. By accounting for local and catchment-scale
biogeochemical and physical characteristics, such models can estimate
emission differences between individual reservoirs, allowing for more pre-
cise selection of low-carbon options compared to the Tier 1 emission factor-
based approaches. We further enhance our framework with explainable
artificial-intelligence (xAI)", a set of methods related to sensitivity analysis
(SA)" that emphasize human-centered visualization and interpretability. By
doing so, we increase model transparency and enable visual interpretations
of model results. This step further supports decision-making, where infor-
mation is critical, particularly in planning large infrastructure projects like
reservoirs, where choices are often irreversible and have far-reaching sys-
temic consequences™.

By applying our framework to reservoir emission assessment and
strategic low carbon dam planning in Myanmar, we investigate three key
research questions. First, how do G-res model outputs compare to estimates
derived from Tier 1 emission factors for individual reservoirs and nation-
ally? Second, how do these differences influence asset selection in strategic
low carbon dam planning? Finally, what additional insights can emission
models provide beyond emission estimates, and how can this information
enhance decision-making and contribute to a detailed understanding of the
sources and patterns of reservoir emissions at regional and national levels?

Our study reveals substantial differences in emission estimates between
G-res and Tier 1 emission factors — over 200% for individual reservoirs and
around 50% nationally. These differences can substantially impact optimal
dam configurations in strategic low carbon planning, highlighting the
importance of a wider adoption of spatially explicit emission models. By
leveraging spatial metrics natively supported by our framework alongside
emissions, we found low-carbon hydropower portfolios with emission
intensities comparable to wind and solar while minimizing land loss and,
implicitly, reducing assets in lower river reaches.

Although our analysis focuses on Myanmar, our methodology
addresses the broader challenge of mitigating emissions from planned
reservoirs worldwide. We estimate that the 3700 planned hydroelectric
dams, expected to add approximately 720 GW of capacity over the next
10-20 years, could contribute about 400 MtCO,, annually - equivalent to
11% of the EU’s emissions in 2022. Integrating emission models into
planning presents a rare opportunity to tangibly restrict reservoir emissions
globally.

Advancing emission modeling with automation and
transparency

Our framework, illustrated in Fig. 1, combines a spatially-explicit GHG
emission model with an automated system for sourcing input data from
geospatial datasets and enhances it with machine learning (ML) and xAL
Automation enables estimating emissions from large numbers of reservoirs
in a short amount of time, with minimal manual processing, which is a key
enabler for adopting emission models in large-scale assessments and
planning. In the first step, we calculate the contours of reservoirs and
catchments for a suite of selected dams within a given geographical extent.
We then retrieve data from multiple open global spatial datasets and use
geometric operations and statistical analysis to extract key hydro-geomor-
phological, biogeochemical, and climatic parameters for reservoirs and their
catchments, which drive emission predictions.

To enable a deeper understanding of the model and its outputs, we first
develop a surrogate model that replicates the behavior of the original
emission model. This surrogate model, thanks to its special structure sup-
porting interpretations, is used to explain the original model through a suite
of xAI methods that visualize and explain model predictions both globally
(model-level) and for each individual reservoir (instance-level). This
information aids in understanding the model’s behavior and helps to
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Fig. 1| An automated and transparent framework for integrating spatially-
explicit emission models into reservoir assessments, investment planning and
larger modeling frameworks. a Calculation of emissions happens in two steps -
(A1) automated collection of GHG emission model inputs from global spatial
datasets and (A2) emission calculations using the collected input data. b We apply

machine learning (ML) and xAI to analyze and explain the behavior of the emission
model tailored to improve understanding of key factors driving emission predic-
tions. ¢ The outputs generated by the framework can support emission assessments,
provide inputs to other modeling frameworks, and aid in developing policies aimed
at transitioning to low-carbon futures in sectors such as energy and agriculture.
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validate its outputs against known outcomes and expert knowledge.
Although relatively new to environmental applications, xAI has already
shown measurable success in high-stake decision-making in healthcare™"
and finance™.

Beyond planning, the framework can be applied to assess current
reservoir emissions for inclusion in national GHG inventories and
Nationally Determined Contributions (NDCs). It can also be used to pro-
duce Tier 2 and Tier 3 emission estimates, in line with the IPCC’s recom-
mendation to use the G-res model where sufficient data is available'”. It is
supported by two free open-source packages - RE-Emission” and
GeoCARET™. Further technical details are provided in the Methods.

National-scale case study for Myanmar

We use Myanmar as a case study to demonstrate the utility of our frame-
work in assessing the total carbon budget of reservoirs at a national scale and
in planning country-wide low carbon reservoir investments.

Myanmar is an ideal location for estimating reservoir emissions and
testing emission models due to its diverse geography and climate, which
encompass broad gradients of parameters that influence emission rates.
Myanmar’s climate is regional, with the coastal regions and northern
highlands receiving high and moderate rainfall, along with moderate tem-
peratures. In contrast, the central dry zone experiences relatively low rainfall
of <1000 mm annually and extreme summer temperatures often exceeding
40 °C. This geographic and climatic diversity supports a variety of biomes,
ranging from tropical rainforests to dry forests and mangroves. Addition-
ally, the country’s uneven population distribution, with higher densities in
the central lowlands that support intensive agriculture, contributes to
varying levels of anthropogenic impacts, notably nutrient runoff, which
influence reservoir emissions. The diverse topography from lowland plains
to elevated highlands, leads to wide variation in reservoir morphologies:
shallow reservoirs are prevalent in the lowlands, and deeper reservoirs in the
highlands.

Myanmar is also investing in the hydroelectric sector, and should
enhance the resilience of its water resources to climate change by improved
retention and storage. The country has over 150 irrigation reservoirs and
over 70 planned hydroelectric projects, totaling approximately 25,865 MW
of generation capacity, with only 3215 MW currently installed. Despite
uncertainty following the 2021 military coup, Myanmar remains committed
to expanding its hydropower development™. However, many of the planned
hydropower projects are concentrated in the ecologically sensitive Irra-
waddy and Salween rivers, two of the world’s few remaining free-flowing
rivers”’. Given the scale of planned investments and the potential negative
impacts of reservoirs, including GHG emissions, particularly in eco-
sensitive regions”**, Myanmar needs a strategic study for hydroelectric dam
planning that incorporates GHG emissions as a decision criterion. More-
over, recent droughts exacerbated by climate change in the central dry zone
necessitate a reevaluation of agricultural water storage and its carbon
footprint.

Results

Reservoir emissions in Myanmar

We quantified GHG emissions from Myanmar’s reservoirs using both the
G-res model and global Tier 1 climate-zone-based emission factors®. Here,
we highlight the novel capability of our framework to conduct nationwide
assessments of reservoir emissions with models that incorporate location-
specific emission drivers. We compare the estimates obtained from both
methods on the scale of individual reservoirs and nationwide, and use
predictions from G-res to derive country-specific emission factors.

We show that net biogenic areal emissions vary widely among reser-
voirs, ranging from <500 gCO,./m’/yr to >5000 gCO,,/m*/yr (Fig. 2).
Emissions are highest and most variable among irrigation reservoirs, which
tend to have smaller surface areas and are concentrated in the central, low-
altitude, and warm region of the country. Hydroelectric and multipurpose
dams, typically located further upstream in river networks, are larger and
have generally lower areal emissions, though some exceed 2000 gCO,,/m*/

yr (Fig. 2b, ¢). Substantial differences in predicted areal emissions can be
observed between reservoirs in close geographical proximity, particularly at
lower altitudes, where geomorphological differences in reservoirs and their
catchments are more pronounced. In these flatter landscapes, variations in
littoral zone size can considerably influence methane emissions, leading to
large disparities in areal emission rates.

We observe discrepancies of up to and exceeding 2000 gCO,,/m’/yr
between predictions from G-res and global Tier 1 emission factors. These
differences are most pronounced in irrigation reservoirs, though substantial
discrepancies also occur among hydroelectric and multipurpose reservoirs
(Fig. 2b, c). Notably, G-res estimates tend to exceed those from Tier 1
emission factors at the higher end of the emission spectrum, while the
opposite is true for lower emission ranges. This highlights the limitations of
Tier 1 emission factors in capturing the variability in emissions that depend
on arange of spatial and environmental drivers that can vary widely between
individual reservoirs. The relative differences in predicted areal emissions
between the two methods can exceed 200% for both net and gross emissions
and surpass 700% for specific emission pathways, such as CH, ebullition
from hydroelectric reservoirs (Supplementary Figs. 6 and 7).

We also quantified gross emission factors for four pathways: CO,
diffusion and CH, diffusion, ebullition and degassing, to establish
Myanmar-specific Tier 1 emissions, using G-res predictions for upscaling.
Given the higher uncertainty in emission estimates from irrigation reser-
voirs, owing to G-res regressions being derived primarily from hydroelectric
measurements, possible drying-rewetting cycles, and limited operational
data, we report recalculated emission factors from G-res for all reservoirs
combined and, additionally, for hydroelectric reservoirs only. The results
presented in Table 1 reveal differences between the global and calibrated
emission factors, particularly for CH, ebullition and degassing in warm
temperate dry climates, as well as for other CH, pathways across various
climate zones. These findings suggest that region- and country-specific
emission predictors should be established whenever possible, as global
emission factors may be biased toward reservoirs from other geographical
contexts, leading to imprecise estimates both individually and in total.

Our study estimates that Myanmar’s existing reservoirs emit 3.84
MtCO,,/yr, comprising 2.34 MtCO,,/yr from 152 irrigation reservoirs, 0.29
MtCO,,/yr from 5 hydroelectric reservoirs, and 1.21 MtCO,,/yr from 13
multipurpose reservoirs. By comparison, estimates based on global emission
factors are 17% higher overall (4.45 MtCO,./yr) and 86% higher for
hydroelectric reservoirs (0.54 MtCO,./yr). These estimates adopt a delib-
erately inclusive approach, as they account for CH, degassing emissions
from irrigation reservoirs. Although such emissions are unlikely in these
systems, we retain them here to acknowledge the possibility that irrigation
reservoirs may emit more than typically estimated**”, the substantial
uncertainty associated with these systems, and the probable omission of
numerous smaller reservoirs at the national scale. Excluding degassing
emissions from irrigation reservoirs lowers the total national-scale emis-
sions to 2.62 MtCO,,/yr based on G-res estimates and 3.57 MtCO,,/yr based
on global emission factors. Projected emissions from 40 planned hydro-
electric and multipurpose reservoirs are 3.55 MtCO,,/yr, while Tier 1-based
calculations yield values 57% higher, at 5.59 MtCO,,/yr.

Further details on reservoir emissions in Myanmar are provided in
Supplementary Tables 1 and 2, and - specifically for hydroelectric units - in
Supplementary Fig. 2. The differences between emissions predicted by our
framework and those derived from climate-zone-based emission factors are
further examined in Supplementary Results 1.2.2 and visualized in Sup-
plementary Figs. 4, 5, 6, and 7.

Supporting model outputs with explanations

Instance-level explanations. We selected two planned hydroelectric
reservoirs, Belin and Laza, to illustrate how instance-level explanations
can reveal the key sources of emissions and their variations across sites.
We visualized these differences in Fig. 3 using breakdown plots’ that
decompose model predictions into sums of contributions from indivi-
dual input variables. The green and red bars represent, respectively,
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between variables induced by the model’s nonlinear nature, which causes a
dependence of additive attributions on the ordering of input variables.

Model-level explanations were calculated with permutation-based
feature importances’’, which gauge the impact of removing an input feature
on prediction by perturbing its values. This method calculates importances
through multiple permutations (e.g., 10 times to account for uncertainty
related to random selection in permutations), where input values are
shuffled, and measures the change in a loss function such as root-mean-
square-error (RMSE) between original and permuted features. The resulting
importances are ranked by magnitude, illustrating each feature’s overall
significance across all model predictions. The three dominant emission
drivers for each gas emission were plotted with arrows in a coordinate
system in defined by instance-level additive feature attributions reduced to
two dimensions using PCA - see Fig. 4.

Multiobjective hydroelectric reservoir investment planning

We conducted optimal dam selection using the multiobjective optimization
algorithm for approximating Pareto frontiers on tree-structured networks
of Bai et al.”". The algorithm offers several advantages over heuristic mul-
tiobjective evolutionary algorithms (MOEAs) commonly used in similar
studies. Unlike MOEAs it provides provable assurances of approximating
the Pareto frontier within an adjustable precision ¢ which defines the
maximum acceptable difference in objective values between two solutions to
consider them non-dominated. Additionally, it operates in polynomial time
relative to the size of the instance and 1/, despite the NP-hard nature of the
problem”. In contrast, MOEAs do not provide optimality guarantees, may
require substantial computational resources and are sensitive to hyper-
parameter choices, potentially failing to capture entire Pareto fronts” or
generate sparse Pareto fronts”. Since the algorithm effectively identifies
Pareto fronts which are dense within specified approximation accuracy'*”,
the outputs can serve as candidate solutions for subsequent optimization
frameworks that account for additional objectives, models, and conditions.
These may include factors like climatic variability, hydrologic effects, or
dynamic interactions with models from other domains, such as energy or
€Conomics.

We defined the optimization problem by assigning objective criteria
values to each reservoir-based and RoR hydropower unit and establishing a
directed tree that depicts the structure of connections between the hydro-
electric units. In this tree structure, nodes correspond to continuous regions
of the river network, while dams are modeled as directed edges connecting
these nodes. These edges are oriented from downstream river sections
(outlets) to upstream sections (sources). To construct the tree network, we
utilized Myanmar’s water resources model developed in the open-source
Python Water Resources (Pywr) simulation library’. In the original graph
of this model, dams are represented as nodes rather than edges. We trans-
formed it into the required representation by constructing the line graph of
the original graph using networkx”, followed by additional custom
processing steps — see Code availability.

Hydropower selection was guided by five objective criteria: total annual
hydropower (HP) production and firm power (maximized), and GHG
emissions, loss of agricultural land, and deforestation (minimized). These
objectives represent either sums (for HP production and firm power) or
means (for the remaining objectives) across all selected assets in a solution.
GHG emissions were calculated with two methodologies: the G-res
model'*” and via the emission factors from Soued et al.". Total annual
hydropower production and firm power for each unit were simulated using
anational-scale model implemented in Pywr. The simulation was run with a
historical 38-year long input time-series at a weekly time-step, for climatic
forcings and river streamflows from January 1979 to December 2016.
Hydropower production for each reservoir was estimated using the
hydropower formula, where the head was calculated from the reservoir
volume using reservoir’s bathymetry and the flow was determined by the
reservoir’s operating rule, at each simulation time step. Firm power was
estimated as the 5 percentile of the hydropower production time series. A
comparison of total hydropower production and firm power, derived from

data and calculated in a water resources model, is illustrated in Supple-
mentary Fig. 3. The empirical data were sourced from the database of dams
in Myanmar shared by the Open Development Initiative™.

The loss of agricultural land and deforestation for each reservoir were
computed in GeoCARET as the areas of croplands and forests in the
impounded area, respectively. These values are assumed to be zero for RoR
hydropower. Reservoir emissions were calculated using RE-Emission, whilst
for RoR hydropower, we assumed a constant biogenic emission intensity of
3 gCO,./kWh. Life-cycle emissions were calculated by adding 19 gCO,,/
kWh to the biogenic emission intensity to account for infrastructure and
supply chain emissions, following Intergovernmental Panel on Climate
Change (IPCC) guidelines””. No distinction was made between storage and
RoR hydropower for infrastructure and supply chain emissions due to the
wide and overlapping ranges of values reported for both”™.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability

All the data required to replicate this study are supplied together with the
source code. The data can be downloaded either using a Python script
available at https://github.com/tomjanus/ghg_emissions_myanmar/blob/
main/download_ext_data.pyor manually by following the links in https://
github.com/tomjanus/ghg_emissions_myanmar/blob/main/config/data_
sources.yaml. The data includes: (a) inputs required to perform the analysis,
such as dam locations and full supply levels, annual hydropower production
and firm power, and the time-series of hydropower production simulated in
the water resources model; (b) intermediate results of computationally
intensive tasks such as reservoir and catchment analysis, GHG emission
estimation, training machine-learning models, and dam portfolio optimi-
zation; (c) additional data used for presenting the results. The interactive
map showing the delineated reservoirs and their emissions and the topology
of the water resources model, is provided at https://tomjanus.github.io/
mya_emissions_map/. The results of the multiobjective hydropower
selection study using emissions calculated with G-res can be viewed in a
parallel axis plot published at https://tomjanus.github.io/ghg-mya-moo-
results/. The outputs of gas emission calculations from RE-Emission
including the final emissions report in a PDF format and all reservoir and
catchment delineations, can be downloaded from FigShare using the fol-
lowing link: https://figshare.manchester.ac.uk/collections/PLANNING_
LOW-_CARBON_RESERVOIR_INVESTMENTS_WITH_EMISSION_
MODELS/7281946.

Code availability

The software for analysing reservoirs and catchments and for estimating gas
emissions is available at https:/github.com/Reservoir-Research/
geocaretand https://github.com/tomjanus/reemission, respectively. Both
codes are under active development; for reproducibility, we froze the ver-
sions used in this study and created a comms_earth env branch in each
repository, containing snapshots of the code corresponding to the versions
used here. Analyses reported in this study should be replicated using the
code in these branches. The documentations for both software packages are
provided in https://reservoir-research.github.io/geocaret/index.htmland
https://tomjanus.github.io/reemission/index.html, respectively. The repo-
sitory of scripts in Python and R to reproduce the results and the figures can
be accessed at https://github.com/tomjanus/ghg_emissions_myanmar. The
repository includes the C+4- source code for dam portfolio selection that
has been modified from the original version"”* to accommodate additional
objectives introduced in this study. It is available at https://github.com/
tomjanus/ghg_emissions_myanmar/tree/main/moo_solver_CPAIOR.
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