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Abstract. This paper describes Global Change Analysis Model-China version 8 (GCAM-China-v8), an open-source
integrated assessment model that represents interactions among energy, economic, and water systems within a globally
consistent framework, with explicit subnational representation for China. GCAM-China-v8 builds on the GCAM and
represents the world as 31 geopolitical regions outside China, while disaggregating China into 31 province-level regions to
capture regional heterogeneity. GCAM-China-v8 can be used to explore how changes in socioeconomic drivers,
technological progress, and policy assumptions affect energy and water demand and production at the subnational level in
China, while maintaining consistency with national and international boundary conditions. This paper documents the model
structure and data inputs, with particular emphasis on the methodological updates introduced in GCAM-China-v8, including
enhanced sectoral and temporal representations. To demonstrate the capabilities of the updated model, we apply GCAM-
China-v8 to two illustrative scenarios with contrasting assumptions about future socioeconomic development and energy
system transformation. This paper provides a transparent and extensible modeling framework for future research on China’s
long-term energy and climate transitions. It also contributes to the broader Integrated Assessment Models (IAMs)

community by advancing national-scale model development within an open and consistent framework.

1 Introduction

IAMs have become a central tool for assessing long-term transitions of coupled energy, economic, land-use, and climate
systems under alternative socioeconomic and policy assumptions (Calvin et al., 2019). While global IAMs have provided
critical insights into worldwide mitigation pathways, climate policies are increasingly designed and implemented at the
national level (Hultman et al., 2020; Fujimori et al., 2021). National-scale I[AMs can better reflect country-specific structures
and constraints while preserving consistency with broader global dynamics (Schaeffer et al., 2020; Fujimori et al., 2022).
GCAM is widely used as a community model and has a long history of supporting global climate change and energy policy
analysis (Ou et al, 2021a). It has been widely used in major international and national assessments such as
Intergovernmental Panel on Climate Change (IPCC) reports (2022), in the development and exploration of global scenario
frameworks including the Representative Concentration Pathways (RCPs) and Shared Socioeconomic Pathways (SSPs)
(Thomson et al., 2011; Clarke et al., 2014; Calvin et al., 2017), and in multi-model intercomparison exercises such as the

Energy Modeling Forum (EMF) and ScenarioMIP (Roelfsema et al., 2020; Harmsen et al., 2021; van Vuuren et al., 2025).

To address specific regional research questions, the GCAM community has developed a diverse ecosystem of regional

model versions and branches. These adaptations extend beyond the standard 3 1-region framework and generally fall into two

2
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categories: national models, in which specific countries are newly represented or enhanced with local details, and
subregional models, which further disaggregate nations into subnational units such as provinces or states. Examples of
national models include GCAM-KSA (Kamboj et al., 2024), GCAM-Chile (Flores et al., 2024), GCAM-Australia (Hassan
Niazi, 2025), GCAM-LAC (Yarlagadda et al., 2023), GCAM-CDR (Morrow et al., 2023), GCAM-Ukraine (Diachuk et al.,
2025), and GCAM-TU (Zhang et al., 2024a). Subregional variants include GCAM-USA (Iyer et al., 2017), GCAM-China
(Cheng et al., 2021a), GCAM-Europe (Sampedro et al., 2025), GCAM-Canada (Younis et al., 2025a), GCAM-Korea (Jeon
et al., 2020, 2021a), GCAM-India (Das et al., 2025; Kholod et al., 2021). Among the subregional variants, GCAM-USA
serves as the pioneer and has been widely applied to evaluate decarbonization policies and demonstrate substantial

heterogeneity across states (Luo et al., 2025; Mongird et al., 2025; Ou et al., 2020; Peng et al., 2021; Zhang et al., 2021).

Building on this growing ecosystem of regional GCAM variants, several research groups have developed China-focused
versions of the model to address emerging policy and research questions in China, including GCAM-TU (Shao et al., 2025;
Zhang et al., 2024b) and GCAM-AP (Sun et al., 2024). A detailed review of these previous applications is provided in
Sect.2.2. While these models have provided valuable insights, existing GCAM family models for China also exhibit several
limitations. For instance, many implementations have been developed as project-specific versions based on early versions of
the GCAM framework, leading to dated representations in model structure, sectoral coverage, and data conventions. In
addition, some variants are not fully open-source or publicly documented, limiting transparency, reproducibility, and
extensibility. Data updates are also sometimes inconsistent, with several models relying on outdated base-year calibrations or
sector-specific datasets that are not harmonized across the full energy-economy-land system. More importantly, to keep pace
with the rapid evolution of China’s decarbonization policies, establishing an open-access and community-shared GCAM-

China-v8 is imperative to facilitate more efficient, transparent, and reproducible assessments.

In this paper, we present GCAM-China-v8, an open-source integrated assessment model that represents interactions among
energy, economic, land, and water systems for China within a globally consistent GCAM framework. GCAM-China-v8§
builds on GCAM-v8 architecture and represents China at the provincial level while maintaining consistency with the global
energy-economy-land-climate system. The model incorporates updated socioeconomic drivers, expanded sectoral
representations, and improved data harmonization to better capture regional heterogeneity and evolving policy contexts in
China. By integrating subnational detail with the global GCAM framework, GCAM-China-v8 provides a transparent and

extensible platform for analyzing China’s long-term energy transitions and climate policy pathways.

The remainder of this paper is organized as follows. Section 2 describes the overall structure of GCAM-China-v8 and its
major model components. Section 3 presents illustrative scenario results to demonstrate the model’s capabilities. Section 4

discusses key insights, limitations, and directions for future development.
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2 Model overview
2.1 Overview of GCAM

GCAM is an open-source, recursive-dynamic integrated assessment model. Structurally, the model core is written in C++
and organized in a modular structure. GCAM represents interactions among multiple systems, including energy, water, land,
socioeconomics, and climate. These systems interact through a market-equilibrium framework, in which supply and demand
for energy and agricultural commodities are balanced through price-mediated adjustments under exogenously specified
socioeconomic assumptions. Spatially, GCAM represents the world as a set of geopolitical regions linked through global
markets for tradable goods, including energy carriers, agricultural products, and emissions. Within each region, the model
represents energy supply, transformation, and end-use demand across major sectors (electricity, buildings, transportation,
and industry), together with coupled land-use and water systems. At the technology level, discrete choice formulations
(Clarke and Edmonds, 1993a) are used to represent competition among technologies based on relative costs and performance,
reflecting the inertia of real-world transitions. GCAM has been widely used to explore long-term pathways and support
global climate assessments. A detailed description of the GCAM framework, equations, and data sources can be found in

official documentation and model description papers (Calvin et al., 2019).

2.2 Previous GCAM applications in China

Previous studies using GCAM have examined both sectoral applications and methodological development in China.
Application-oriented research in the energy system has focused primarily on the power sector and major end-use sectors,
including industry, buildings, and transportation. Methodological studies have extended the GCAM framework through

cross-system integrations and model coupling approaches often referred to as “GCAM+”.

Studies using GCAM have examined a wide range of technologies in the power sector in China, including carbon capture
and storage (CCS) (Dahowski et al., 2017), bioenergy with CCS (BECCS) (Pan et al., 2018), combined heat and power
(Wang et al., 2023b), biomass and coal cofiring (Wang et al., 2024), hydrogen (Zhang et al., 2024c¢), and direct air carbon
capture and storage (DACCS) (Shao et al., 2025). In end-use sectors, previous work has introduced additional sectoral
details, including detailed representation of eleven industrial subsectors (Zhou et al., 2013), building-sector disaggregation
by four climate zones and three building types (Yu et al., 2014a, b), and transport-sector extension through coupling with the
China Transportation Energy Model (Yin et al., 2015a) or the Sectoral Emissions and Energy Demand-Transport Planning
Model (SEED-TPM) (Wang et al., 2023a). Despite these developments, many studies still represent China as a single region,
limiting the ability to analyze China’s regional heterogeneity. To address this limitation, an early version of GCAM-China
was developed in 2019, which disaggregates China into 31 province-level energy-economic systems (Yu et al., 2019). Since
then, GCAM-China has been applied to examine provincial energy transitions, such as nuclear power expansion (Yu et al.,

2020), coal power retirement (Cui et al., 2021a), and renewables investment (Lou et al., 2025). More recent studies have

4
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used GCAM-China to analyze emerging topics, including transport demand reductions under compact urban development

(Fu et al., 2024) and the deployment of DACCS (Kim et al., 2024).

Methodological studies have also focused on extending GCAM through coupling complementary models. One group of
studies links GCAM with input-output (I0) models to quantify the socioeconomic and environmental consequences of
energy system transitions, such as employment, value chains, and emissions (Peng et al., 2023; Wang et al., 2025a). Other
studies couple GCAM with power system optimization models to improve the representation of power system dynamics,
including capacity expansion, dispatch constraints, and operational flexibility, especially in the Chinese context (Wang et al.,
2025b). In addition, GCAM has been linked with life cycle assessment (LCA) frameworks to evaluate technology-specific

environmental impacts, for example, in the assessment of agroforestry biomass power generation in China (Ma et al., 2025).

A growing line of research integrates GCAM-China with air quality and health impact assessment frameworks. A
representative example is the Carbon Neutrality and Clean Air synergetic Platform (CNCAP), which combines GCAM-
China with the Multi-resolution Emission Inventory for China (MEIC), a dynamic emission projection module (DPEC), and
parameterized policy schemes to support assessments of future mitigation pathways (Tong et al., 2020). CNCAP has been
applied in multiple studies examining air pollution and associated health impacts under different climate and energy
scenarios (Cheng et al., 2021b; Liu et al., 2022; Cheng et al., 2023; Fu et al., 2024; Qin et al., 2024). In addition to CNCAP,
other studies integrated GCAM-China into the Air Benefit and Cost and Attainment Assessment System (ABaCAS) to
improve the representation of air quality and health impacts (Xing et al., 2020; Sun et al., 2024; Dong et al., 2024).

Table 1 summarizes the main China-focused GCAM-based modeling frameworks and their key methodological features.

Table 1. Summary of previous GCAM applications in China

Model/Framework Key features Applications

GCAM-TU Air pollutant emissions control module coupled with | National energy policies; sectoral

(Wang et al., 2016) end-of-pipe technologies mitigation policies; air pollution
control

GCAM-TU Detailed end-use sector representations and data | National energy policies; sectoral

(Pan et al., 2023) update for China mitigation policies; technology
dynamics

GCAM-TU (Zhang et al., | Enhanced hydrogen production, transport, and | Hydrogen technology adoption;

2024c) utilization modules; global hydrogen trade module international hydrogen trade

GCAM-CHN (Shao et al., | Calibration to China’s 2020 energy consumption and | National energy policies; CCS

2025) CO, emissions; expanded subsector structure and | technologies adoption
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technology portfolio
GCAM-China Provincial disaggregation of China; National and provincial energy
(Deng et al., 2025; Kim et | Incorporation of DACCS technologies; policies; power sector technological
al., 2024; Lou et al., 2025; | Updated solar and wind cost and capacity factors dynamics

Wang et al., 2025¢; Yin et
al., 2026; Yu et al., 2019,
2020)

CNCAP (Tong et al, | GCAM-China with MEIC emission inventory and | Air pollution control policies; health

2020) DPEC emission projection module impact assessment

GCAM-China-ABaCAS Coupling GCAM-China with the ABaCAS | Air pollution control policies; health

(Xing et al., 2020) framework impact assessment

2.3 Overview of GCAM-China

GCAM-China-v8 is a version of GCAM that increases the spatial resolution for China to represent subnational provinces.
The final calibration year for GCAM-China-v8 is 2021. The model disaggregates the original China region into 31 province-
level regions, allowing provincial differences in energy systems, economic activity, and resource endowments to be
represented while maintaining consistency with the global GCAM framework. Each region contains representations of key
socioeconomic drivers, resource availability, and energy sectors. GCAM-China-v8 represents major supply and end-use
sectors, including electricity generation, transportation, buildings, and industry, together with coupled agriculture, land-use,
and water systems. Key input data and parameters, such as technology costs, energy intensities, and emission factors, are
calibrated using China-specific statistical data and other empirical data. GCAM-China-v8 has been used in a range of studies
examining China’s long-term energy transition (Cui et al., 2021b), emissions trajectories (Zhong et al., 2025), and policy
scenarios (Wang et al., 2026). In this paper, we introduce GCAM-China-v8, which includes a set of data and structural
updates to improve the representation of China’s evolving energy system and related policy questions. Descriptions of the

main model structures, key assumptions, and implementation details are provided in Supplementary Table SM1.

2.4 Socioeconomics

GCAM-China-v8 adopts province-level assumptions on population and economic growth to define the scale of
socioeconomic activity in the whole system. These assumptions are aligned with the “middle-of-the-road” Shared
Socioeconomic Pathway 2 (SSP2) (O’Neill et al., 2014), ensuring consistency with the Reference scenario assumptions
applied to the other 31 global regions in GCAM. Detailed socioeconomic assumptions for the GCAM-China-v8 Reference

scenario are provided in Supplementary Table SM2.
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The population is treated as an exogenous input to the model. Historical national population data for 1975-2018 are obtained
from the China Statistical Yearbook (National Bureau of Statistics of China, 2020) and the China Compendium of 60-year
Statistics (National Bureau of Statistics of China, 2009), while provincial population data for 2000-2019 are derived from the
Annual National Sample Survey of Population (National Bureau of Statistics of China, 2022). Historical population growth
rates are calculated based on these records. Future population trajectories from 2020 to 2100 follow SSP-consistent growth

rates applied to the calibrated historical population series (Joint Global Change Research Institute (JGCRI), 2026a).

Historical provincial GDP data are primarily drawn from the China Statistical Yearbook (National Bureau of Statistics of
China, 2020) and the China Compendium of 60-year Statistics (National Bureau of Statistics of China, 2009), which are
originally reported in units of 100 million RMB. Provincial GDP in the model is expressed in million 2010 USD and is
calculated for both historical and future periods based on provincial GDP per capita and population. Historical GDP per
capita data for 2010-2019 are obtained from the China Statistical Yearbook (National Bureau of Statistics of China, 2020),
with values for 2010-2017 revised to reflect adjustments from the Fourth National Economic Census. All historical GDP
figures are deflated to constant 2010 CNY using China-specific GDP deflators from the World Bank World Development
Indicators and then converted to 2010 USD using the 2010 average exchange rate of 6.77. GDP per capita for 2019-2021 is
projected using growth rates from the World Economic Outlook (International Monetary Fund, 2021), explicitly accounting
for the COVID-19 shock in 2020, while long-term projections to 2100 follow growth trajectories from the OECD ENV-
Growth or ITASA SSP Database (Shared Socioeconomic Pathways Scenario Database (SSP), 2026).

2.5 Energy

Following GCAM-USA (Joint Global Change Research Institute (JGCRI), 2026b), the energy system of GCAM-China-v8
includes a comprehensive representation of energy production, transformation, distribution, and use for the 31 geopolitical

regions outside China and the 31 provinces in China.

2.5.1 Electricity

(1) Electric power supply

The electricity sector in GCAM-China-v8 is represented as an energy transformation sector that converts primary fuels (e.g.,
coal, gas, oil, bioenergy) into electricity through a portfolio of competing generation technologies. Provincial electricity
generation by fuel and technology is calibrated using data from the China Electric Power Statistical Yearbook (China
Electricity Council, 2021). Consistent with the GCAM power sector module (Eurek et al., 2017; Muratori et al., 2017a; Kyle
et al., 2021), each electricity technology is specified by region-specific logit exponents, share weights and interpolation rules,
and input-output coefficients, together with cost and performance assumptions. Technology competition is implemented
through discrete technology vintages whose market shares respond to generalized costs, which reflect (i) exogenous non-fuel

costs (capital and operations and maintenance), (ii) endogenous fuel costs determined by fuel prices and conversion

7
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efficiencies, and (iii) policy-driven emissions costs (Muratori et al., 2017a). End-use sectors determine annual electricity
demand through technology and fuel choices in response to service demands and energy prices; the electricity sector meets
this demand through market clearing, linking generation, trade, and prices within the modeled supply chain. Building on the
electricity-sector structure in the GCAM-USA implementation (Chini et al., 2018), GCAM-China-v8 adopts a similar load-
segmentation framework. Annual electricity demand is decomposed into four horizontal generation segments (baseload,
intermediate, subpeak, and peak) at the province level, and four corresponding vertical demand segments at the grid-region
level. Horizontal-to-vertical coefficients, computed from demand fractions and time fractions for each of China's six
electricity grid regions, govern how generation from technologies operating at different capacity-factor tiers is allocated to

the vertical demand segments.

(2) Electricity trade

Moreover, to represent China’s inter-provincial transmission in a way that is consistent with the net-trade-balance framework,
GCAM-China-v8 also introduces a grid electricity trade layer that adapts the “gross electricity trade” concept developed for
GCAM-USA (Chini et al., 2018). The trade is represented at the province level to reflect the underlying transmission
geography, and the resulting provincial trades are integrated into the six electricity grid regions embedded in GCAM-China-
v8. Provincial electricity flows are calibrated to the model base year using historical values from the Compilation of
Statistical Data of Electric Power Industry (China Electricity Council, 2005), covering 2005-2021. Specifically, a trading
region can simultaneously import and export electricity within a model period: gross imports and exports are derived from an
underlying net trade quantity using an empirically informed import-to-export ratio that controls the intensity of two-way
exchanges. In GCAM-China-v8, each province is treated as a trading region whose electricity balance can be met by local
generation and net imports, while gross flows are computed to better reflect bidirectional transfers observed in real
transmission networks. Electricity trade, therefore, allows provincial load-segment demands to be satisfied through a

combination of local generation and interregional exchanges.

(3) Disaggregation of coal power technologies by vintage

To capture heterogeneity in China’s coal-fired fleet, we explicitly disaggregate coal-fired power generation technologies in
GCAM-China-v8 by construction vintage. Specifically, coal-fired units operating in 2021 at the provincial level are
subdivided into multiple vintages (before 1990, 1991-1995, 1996-2000, 2001-2005, 2006-2010, 2011-2015, 2016-2021).
Each vintage represents units commissioned within a given time window, reflecting differences in technical characteristics
and remaining operational lifetimes, with older vintages generally subject to earlier retirement. The allocation of generation
across vintages at the provincial level is calibrated using historical generation data from the Multi-resolution Emission
Inventory for China (MEIC) (Zheng et al., 2018). MEIC provides province-level coal generation by plant age, which is used

to split the total 2021 coal output across vintage-specific technologies within each province.
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2.5.2 Industry

The industrial sector in GCAM-China-v8 represents a substantial extension of the standard GCAM framework. Figure 1
presents the detailed structure of the industrial sector in GCAM-China-v8, including 10 service types, 8 fuels & feedstocks,
and 19 technologies. Final demands for industrial energy services are represented at the provincial level, utilizing GDP-
driven demand functions adapted from GCAM but with expanded sectoral coverage from a variety of data sources. Beyond
the conventional GCAM industrial categories of cement and nitrogen fertilizer, GCAM-China-v8 incorporates explicit
representations of iron and steel production, coking, chemicals, and energy consumption from non-road machinery used in

agriculture, construction, and mining activities.

Industrial demands are characterized by two distinct specification approaches that reflect data availability and sectoral
characteristics. For iron and steel and coking sectors, demands are expressed as physical production quantities (million tons)
derived from provincial-level statistics published in the China Industrial Statistical Yearbook (2026) by the National Bureau
of Statistics of China (NBSC). For other industrial subsectors, demands are represented as energy service requirements, with
base-year energy consumption primarily sourced from the Multi-resolution Emission Inventory for China-High Resolution
(MEIC-HR) (Zheng et al., 2017, 2021), which provides facility-level estimates based on bottom-up surveys. To maintain
international consistency, sectoral total energy consumption is reconciled with IEA Energy Balances, with province- and

sector-specific scaling factors applied when MEIC-HR facility-level data exceed IEA sectoral totals.

For each industrial product, GCAM-China-v8 represents the production, demand, and net trade structure, with separate
formulations of demand and supply competition. National-level demands for physical products (iron and steel, cement,
fertilizer, coke) are determined by macroeconomic drivers and sectoral consumption following the demand formulation
described by van Ruijven et al. (2016), while demands for energy-intensive industrial services follow the standard industrial
energy service approach. Provincial production competes to supply these national demands based on their production costs,
which reflect local fuel prices, technology portfolios, and carbon constraints. Historical provincial production shares are used
for base-year calibration, with future production allocation determined endogenously through a logit-based competition

mechanism (Mcfadden, 1974).

The technological representation includes both conventional and low-carbon production technologies, with technology
competition following the discrete choice framework described by Clarke and Edmonds. (1993b). For iron and steel, the
model explicitly represents conventional production technologies (such as blast furnace-basic oxygen furnace routes and
electric arc furnace scrap-based production) alongside low-carbon technologies (such as hydrogen-based direct reduced iron
and CCS-equipped facilities). Similar technology portfolios are specified for cement, chemicals, and other subsectors.

Technologies compete for market share based on levelized production costs, including non-energy investment, operating
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expenses, fuel costs, and carbon prices where applicable. Provincial-level calibration reflects differences in industrial
structure, technology vintages, energy prices, and resource endowments across provinces. Key technological and economic
parameters for each industrial subsector, including elasticity parameters, input feedstock, and cost assumptions, can be seen

in Supplementary Table SM3.
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Figure 1: Structure of the industrial sector in GCAM-China-v8.

2.5.3 Building

GCAM-China-v8 includes detailed energy services and technology choices represented in the China building sector. Within
each province, the residential building energy demand is disaggregated from a single, representative consumer into 20
consumer groups, differentiated by income deciles and the urban-rural differences in modern technology access. The decile
groups are ordered from lower income (d1) to higher income (d10). Income levels for these deciles are exogenous inputs,
derived from provincial income distribution projections following the methodology of Casper et al. (2023) and Narayan et
al. (2023). Key input data include provincial Gini coefficients calculated from the China Statistical Yearbooks (National
Bureau of Statistics, 2016), national Gini projections for 2015-2060 (Rao et al., 2019), and population and urbanization
projections (Chen et al., 2020).

The modeling of residential demand begins with estimating per-capita floorspace using a Gompertz function. This function

relates per-capita living space to income and population density and reflects physical limits to building expansion, as shown
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in Eq. (1). Higher population density effectively lowers the maximum potential floorspace per person. Because per capita
GDP is the main driver of per capita floorspace demand and there is no building vintaging in the model, a reduction in per
capita GDP directly implies a reduction in per capita floorspace. To prevent this, the model imposes a constraint on
floorspace for each consumer group, so that it does not fall below its final calibration year level regardless of future income
fluctuations.
forti = (UnadjSatp —a xlog (PD,.)) X
exp (=B X exp(=y X log (GDPpcy 1)) + kep,r 1)

where f, .+ ; denotes per-capita floorspace demand in province p, spatial context r (urban/rural areas), year t, and income
group i. UnadjSat represents the unadjusted satiation level, defined as the maximum potential per capita floorspace demand,
which is adjusted based on the provincial population density PD,; (population divided by habitable land). Income
heterogeneity is captured through group-specific per-capita GDP GDPpc. UnadjSat, a, 3, y are parameters consistent with

Sampedro et al. (2024), and k,, . is the bias term calibrated from province-level data.

Energy services are categorized into thermal activities, such as space heating and cooling, and non-thermal activities,
including hot water and cooking, lighting, and appliances. The demand for these services, expressed as intensity per unit of
floorspace, depends on demographic shifts, building characteristics, and economic factors. Thermal demands are particularly
sensitive to climate conditions, represented by heating and cooling degree days, as well as the thermal efficiency of the
building shell. Non-thermal services are primarily influenced by rising income levels and population growth. The model also
accounts for internal heat gains from non-thermal equipment, which partially offsets the energy required for space heating,
as shown in Eq. (2) and Eq. (3).
Efhermal = f, X (ATye X Npre X Rpyr = Ay X 1Gp y 1) X

In(2 GDPpc ;
[1 —exp (_ M( )X PCprei

2 )] + bias, , 2)
T prt

pnon—thermal _ [ In(2) % GDPpcy 1

Pt pr X (1 —exp (= ) + bias, , (3)

Hpr.c Py

where E;’f[ mal denotes per-floorspace demand for modern heating and cooling in province p, spatial context r (urban/rural

areas), year t, and income group i. E;}";”}’_ithermal denotes per-floorspace demand for non-thermal energy activities. k is the

unadjusted satiation level of residential service demand, assumed to be identical across income groups and adjusted
according to thermal load. AT represents heating degree days (HDD) or cooling degree days (CDD). n is the building shell
conductivity, representing the thermal efficiency of building envelopes. R is the ratio of floorspace to building area. IG

represents internal heat gains from non-thermal services, scaled by the factor A. The adjusted satiation level of service
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demand is defined as the base-year energy service consumption per floorspace multiplied by a factor ranging from 1.01 to
1.20, depending on the activity type. The transition toward the satiation threshold is calibrated by u, reflecting the
affordability ratio of per-capita GDP to service price (P). bias is the bias adder, defined as the difference between estimated

and actual province-level demand.

Functional forms for both floorspace and energy services are first calibrated at the provincial aggregate level. This
calibration follows the approach used in GCAM (Sampedro et al., 2022, 2024) and GCAM-USA (Zhang et al., 2025).
Provincial energy data from the China Building Energy and Emissions Database (Yu et al., 2024) are used to calibrate
energy consumption by fuel type. Additionally, GCAM-China-v8 includes more technological details in the building sector
than in the previous version, including 57 representative technologies. As in the core GCAM, building services in GCAM-
China-v8 are represented by a two-level nested logit structure, where technologies (e.g., conventional and high-efficiency

gas furnace) compete within subsectors (e.g., gas, electricity, liquid fuels) to supply specific services.

2.5.4 Transportation

In GCAM-China-v8, the transportation sector mirrors the structure of the core GCAM model (Mishra et al., 2013), with a
detailed representation of subnational energy and service demand. This sector is organized into four final demands:
passenger travel, freight, long-distance passenger air, and international freight shipping. Passenger travel includes domestic
aviation, high-speed and conventional rail, buses, two- and three-wheelers, and light-duty vehicles. Light-duty vehicles are
further disaggregated by three size classes and specific technologies (liquid internal combustion engines, natural gas, hybrid
electric, battery electric, and fuel cell electric). Similarly, freight covers domestic shipping, freight rail, and trucks (light-,
medium-, and heavy-duty), which are also explicitly differentiated by specific technologies (oil, natural gas, biomass liquids,

hydrogen, and electricity). The demand D for transportation services (e.g., passenger-km, tonne-km) is given by Eq. (4).
0 u
GDPpc P, N
Dy =Dyey X DCr ¢ % Tt % Tt (4)
' ' GDPpcyt—q Priq Nye-q

Where P is the total service price aggregated across all modes, N is the population, and 6 and pu are income and price

elasticities, respectively. Mode competition at the subsector level accounts for the value of travel time, as reflected in the

generalized cost Eq.(5).

Wyt X Ompe
Prpe = 5 R Z (Sj.m.p.t X Pi.m.p.t) )
Sm,p,t j

Where W is the wage rate ($/hour) calculated from the per capita GDP, V is a unitless parameter representing the cost

associated with travel expressed as a multiplier of the wage rate (value of time, or VOT). § is the average door-to-door speed

12



360

365

370

375

380

385

https://doi.org/10.5194/egusphere-2026-1919
Preprint. Discussion started: 26 May 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

of mode m (KM/hour). S; ., and Pj, ., is the share and cost of technology j in mode m, province p, and year t.

Technology costs are calculated using Eq. (6).

p _ Pf_p_t X EIj_m_p‘t + NP]-‘m_p_t
jmpt —
Lj,m.p.t

(6)

Where Pf,, . is the fuel price, EI is the vehicle energy or fuel intensity, NP is the non-fuel price, and L is the load factor
defined either as passengers per vehicle or tonnes per vehicle. Several previous studies using GCAM have analyzed long-
term mitigation pathways and macro-level technology adoption at the global scale (Bosetti and Longden, 2013; Kyle and
Kim, 2011; Speizer et al., 2024) and the specific regions (Kholod and Evans, 2016; Ou et al., 2021b; Wu et al., 2022; Yin et
al., 2015b). Additionally, targeted studies have investigated the unique decarbonization challenges in specific sub-sectors
like freight (Muratori et al., 2017b) and public rail (Chaturvedi and Kim, 2015), while multi-model comparisons have been
conducted to assess structural uncertainties across different modeling frameworks (Girod et al., 2013; Paladugula et al., 2018;

Yeh et al., 2017).

2.5.5 Resource

Primary energy resources are modeled using exogenous supply curves that prescribe resource availability as a function of the
energy price. Primary energy supply of depletable resources, including coal, oil, natural gas, and uranium, is represented at
the national level, using the same resource supply curves for extraction costs and resource availability as in the global
GCAM. These depletable resources are represented as cumulative resource quantities (in EJ), which are drawn down in each
time period as each resource is consumed. Renewable resource supply curves are represented as annual resource quantities
(in EJ/yr). The supply of utility-scale solar photovoltaic (PV) and onshore wind is represented at the provincial level, while
other renewable technologies, such as distributed solar, concentrated solar power, geothermal, and hydropower, are

represented at the national level.

We updated the provincial resource supply curves for utility-scale solar PV and onshore wind power. Unlike some previous
GCAM versions that treated utility-scale solar PV as an unlimited resource, GCAM-China-v8 adds a resource curve for
utility-scale solar PV and updates the parameters for the onshore wind power resource curve based on recent high-resolution
assessments of resource potential in China (Lu et al., 2021; Chen et al.,, 2024). These studies estimate technically
developable solar and wind potential in 10 km X 10 km grid cells, considering site-specific constraints such as solar
irradiance, wind speeds, terrain, and land-use restrictions. Grid-cell levelized cost of electricity (LCOE) is then used to

construct provincial renewable energy resource supply curves using the Eq. (7):

P CurveEx

(MidPriceCurveEx 4 pCurveEx)

Q = MaxResource X

)
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where Q denotes the quantity of electricity produced, and P denotes the price. These two variables are endogenously
determined within GCAM-China-v8, while the remaining parameters are exogenous to shape the supply curves.
MaxResource represents the maximum available quantity of renewable energy production at any price (in EJ), MidPrice
represents the price at which half of the MaxResource is produced (in $/kWh, converted to $/GJ internally), and CurveEx
is a unitless shape parameter. CurveEx is calibrated using grid-cell-level Q (electricity generation potential) and P (LCOE)
data from previous studies (Lu et al., 2021; Chen et al., 2024), which are used to construct provincial renewable supply

curves.

2.5.6 Biomass

Following GCAM-USA, GCAM-China-v8 further disaggregates bioenergy production and consumption to the provincial
level (Javadi et al., 2024). For biomass resource supply, crop residues and purpose-grown energy crops are estimated at the
basin level and aggregated to the national level as raw biomass supply (referred to as regional biomass in GCAM). During
the processing of regional biomass resources into delivered biomass, the model further disaggregates the resources to the
provincial level based on the historical production data for corn ethanol and biodiesel refining products (Asia-Pacific

Economic Cooperation (APEC), 2015).

Delivered biomass is converted through 21 technologies and consumed by 5 final sectors at the province level, as shown in
Table 2, including power, refining, heat, industry, and building sectors (Calvin et al., 2014). Each province first meets its
demand using domestically supplied biomass, and when local supply is insufficient, additional biomass is drawn from the
national resource pool. Among the 21 conversion technologies, eight are bioelectricity technologies with and without carbon
capture technologies, eight are refining technologies that convert biomass resources into biodiesel, ethanol, Fischer-Tropsch
biofuels, two are biohydrogen conversion technologies, and the remaining take biomass-based feedstocks as inputs for
district heating, iron and steel production, and other industrial energy uses. The adoption of bioenergy technologies follows
the standard GCAM technology competition framework based on relative costs and carbon prices. Technology parameters
are assumed to be uniform across provinces and follow national trends.

Table 2. Bioenergy conversion flows from resource, technology, to demand

Supply Conversion technology Demand

Biomass_base_conv (CCS) Power

Biomass_base IGCC (CCS)

Agricultural Residues,

Refining
Purposed-grown biomass Biomass to H (CCS)
FT biofuels levell (CCS) Heat
FT biofuels level2 (CCS) Industry
Manure, sewage sludge, and municipal solid waste )
Cellulosic ethanoll (CCS) Building
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Cellulosic ethanol 2 (CCS)
Biodiesel (CCS)
Wood furnace
Biomass cogeneration

Biomass gasification

2.6 Emissions
2.6.1 Direct Air Carbon Capture and Storage

The parametrization and market structure for DACCS in GCAM-China-v8 follow (Fuhrman et al., 2020, 2023), which first
implemented DACCS in the global, 31-region version of GCAM. In the default configuration, DACCS is characterized by
high costs and energy inputs per tonne of CO» removed in the present day, with moderate improvement through 2050. Model
users can specify alternative cost and performance trajectories, in which DACCS costs and energy requirements either
remain high or decline more rapidly by mid-century. The implementation of DACCS at the provincial scale in China follows
(Kim et al., 2024), which scales the maximum deployment potential in each province according to its share of onshore
geological carbon storage relative to the national total. Based on stakeholder feedback that high-temperature DACCS
processes using natural gas for solvent regeneration are unlikely to be deployed in China, this technology is excluded by

assigning a share-weight of zero.

2.6.2 Non-CO: greenhouse gas emissions

We extend GCAM-China-v8 to represent non-CO, greenhouse gas emissions (CH4 and N,O) from energy end-use sectors at
the provincial level, consistent with the national non-CO, accounting in the core GCAM framework. In GCAM-China-v8,
sectoral emissions are computed as the product of activity levels and emission factors that vary over time and across
scenarios to reflect changes in technology and pollution-control policies. At the national scale, CHs and N>O emission
inventories and emission-factor trajectories for China follow the standard GCAM non-CO, emissions module, with
anthropogenic CH4 and N>O emissions initialized from the Community Emissions Data System (CEDS), following the
methodological framework described by Hoesly et al. (2018). GCAM disaggregates national road-transport CH4 and N>,O
using GAINS emission factors by transport mode (passenger, freight) and fuel. Within this framework, we disaggregate
China’s energy-related CH4 and N>O emissions across 31 provinces using province-specific energy inputs or service outputs,
while keeping the national non-CO; representation unchanged. The same data pipeline also supports the evaluation of
enduse-related fluorinated gases (HFCs, PFCs, and SFs) using analogous activity-emission-factor relationships; however,
given limitations in technology- and province-resolved inventories, a full provincial assessment of HFCs, PFCs, and SFg is

not included in this version.
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For the transport sector, we construct national, technology-specific historical emission factors for CH4 and N>O (kg per unit
of useful energy) using the core GCAM energy-emissions inventories and calibrated transport energy inputs. These emission
factors are calculated separately for on-road and off-road modes and for each fuel. The resulting time-varying coefficients
are applied uniformly across provinces, such that provincial emissions scale with fuel consumption by mode and fuel, while

the sum across provinces matches the national transport emissions trajectory.

For buildings, fertilizer production, and other industrial energy use, we allocate national CHs4 and N>O emissions to
provinces based on their share of sectoral final energy input in GCAM-China-v8. National emissions by sector, fuel, and
year are taken from the core GCAM data system. Emissions in province p for sector s and year t are given by Eq. (8):

Elpst

Y JEI ><E(:hina,s,t (8)
p' Blplst

Epse =

Where El, s, denotes provincial final energy input and Ecpings. denotes the corresponding national emissions. This

formulation assumes spatially homogeneous emission factors within each sector-fuel combination, while allowing provincial

emissions to differ through variations in energy structure and demand.

Refining-sector CH4 and N>O emissions are treated analogously, with technology- and time-dependent emission factors
consistent with the national refinery representation. Resource extraction and agricultural non-CO; sources, which dominate
China’s total CH4 and N,O emissions, remain represented at the national or basin level and are not yet disaggregated in this

version.

2.7 Water

GCAM-China-v8 represents water supply and demand endogenously at the subnational scale. Water resource availability
and sectoral demands are resolved through a water market mechanism (Joint Global Change Research Institute (JGCRI),

2026c¢), in which water prices increase as demand approaches resource limits.

Water supply is represented from three freshwater sources: renewable water (surface and ground), non-renewable (fossil)
groundwater, and desalinated water. Seawater is treated as an unlimited resource for cooling thermal power plants in coastal
provinces. All water resources are characterized at the HUC-2 river basin level, with source-specific extraction costs and
availability constraints. China’s water system is represented by 22 river basins (Supplementary Table SM4), some of which
are shared with neighbouring regions, such as Mongolia, Russia, and India. Detailed descriptions of the GCAM water supply

and market mechanisms can be found in Kim et al. (2016) and Turner et al. (2019).

Water demand is tracked endogenously across all sectors in terms of both water withdrawal and consumption. Withdrawal

refers to the total volume of water extracted from the supply system, while consumption represents the fraction not returned
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for immediate reuse. Water demand drivers (activities) are modeled at multiple spatial scales and mapped to the province

level.

Several sectors, including electricity generation, manufacturing, and municipal water use, are represented directly at the
provincial level. For municipal water use, province-specific water demand coefficients are calculated using historical water
withdrawal data from China’s Water Resources Bulletin (Ministry of Water Resources of the People’s Republic of China,
2021). Municipal demand is driven by provincial socioeconomic trends, while the withdrawal-to-consumption ratio is

assumed to improve at a constant rate over time across provinces.

Manufacturing water demand coefficients for specific sectors (iron and steel, cement, chemicals, and coke) are derived from
industrial water-use quotas issued by the Ministry of Water Resources of China and further calibrated using historical
province-level manufacturing water use data (Ministry of Water Resources of the People’s Republic of China, 2021). These

coefficients are held constant over time, so future industrial water demand depends on projected activity levels.

For the power sector, water withdrawal and consumption coefficients are specified by fuel, generation technology, and
cooling system based on Macknick et al. (2012). These coefficients are combined with province-level cooling technology
shares derived from a national power plant database to estimate average water-use coefficients by technology and fuel. The

resulting coefficients are calibrated using historical thermal power water use data from Zhou et al. (2020).

Three additional sectors, primary energy extraction (mining), agriculture (irrigation), and livestock, are not represented at the
province level. Their water demands are driven by national activity (energy and livestock) or land-use regions (irrigation).
Water demand coefficients for these sectors are calibrated using historical total water use data from China’s Water Resources
Bulletin (Zhou et al., 2020), following Calvin et al. (2019) and Graham et al. (2021). These demands are then downscaled to
provinces using sector-specific historical demand shares derived from 0.5° x 0.5° gridded water demand data (Huang et al.,

2018).

Province-level water demands are aggregated to the river basin level, where water supply and demand are balanced.
Province-to-basin mappings (Supplementary Table SM4) follow Huang et al. (2018) and are fixed at 2010 values, so future

inter-basin competition reflects historical spatial demand patterns.

2.8 Example of an incentive policy for nuclear electricity generation

In addition to policy interventions such as carbon pricing (Huang et al., 2023) and emissions constraint (Fuhrman et al., 2023)
implemented in the core GCAM, GCAM-China-v8§ allows for province-level policy specification. One approach is to define

provincial scalars for exogenous shutdown deciders (Matthew Binsted et al., 2023), which control the deployment of
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vintages. These scalars represent the maximum share of a given vintage that can remain in operation. The output can be
505 scaled above or below the technology vintage's original output. A scalar between 0 and 1 phases out existing vintages (e.g.,
fossil-based electricity generation or blast furnaces in steelmaking), whereas a scalar greater than 1 maintains or expands
their deployment (e.g., renewable-based electricity generation). For example, a scalar of 0.7 for a coal-based electricity

generation vintage from 2015 indicates that 30% of this capacity is retired in the corresponding model period.

510 As a hypothetical example for demonstration, we implement policy interventions that promote nuclear electricity generation.
Scalars for exogenous deciders are specified for nuclear capacity deployed in 2021 in Shandong, Fujian, Zhejiang, and
Guangdong, which are major nuclear power provinces in China, reflecting near-term policy support for nuclear development.
The 2021 vintage is used as the baseline, and a uniform scalar is applied across these provinces based on national capacity
targets. National nuclear capacity is 53.26 GW in 2021 (Kang et al., 2022) and is projected to reach 70 and 200 GW in 2025

515 and 2040 (China Nuclear Energy Association, 2025). This corresponds to scalars of 1.31 for 2021-2035 and 3.75 for 2040-
2060.

3 Results

This section presents results for two scenarios: a Reference (REF) scenario and a Carbon Neutrality (CN) scenario. We
report model outputs for energy, emissions, water, and an example of nuclear policy interventions, and comparisons with

520 historical data. These scenarios illustrate model behavior and consistency under different transition conditions.

3.1 Energy
3.1.1 Electricity

(1) Electricity generation mix

Figure 2 illustrates the transformation of power generation under the REF and CN scenarios. Both scenarios show rising
525 electricity generation in the short to medium term, increasing from 30.8 EJ in 2021 to 41.0 EJ in 2035, reflecting growing

electrification and economic growth. Thereafter, the pathways diverge: generation in REF peaks around 2050 at 46.3 EJ and

declines to 45.1 EJ by 2060, while CN continues to expand to 49.8 EJ by 2060, driven by broader electrification in end-use

sectors.

530 The REF scenario shows limited structural change in the power sector. Unabated coal remains dominant, declining from 63%
in 2021 to 36% in 2060, while remaining the largest generation source. Gas-fired generation increases to 1.4 EJ by 2060.
Wind and solar expand from 11% to 43% over 2021-2060, primarily meeting demand growth rather than replacing coal

generation. Nuclear remains relatively stable, accounting for 3%-6% of generation over 2021-2060. Storage deployment
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remains limited, consistent with the low share of variable renewables. Overall, REF maintains a fossil-dominated generation

mix with high emissions.

By contrast, the CN scenario shows a fundamental shift in the power system, driven by the rapid deployment of renewables.
Solar expands from 4% in 2021 to 48% in 2060, becoming the largest source of generation. Wind also increases to 27% in
2060, with offshore deployment concentrated in coastal provinces. This expansion is accompanied by a decline of fossil
generation: coal generation falls from 20 EJ to 2 EJ by 2060, with remaining capacity retrofitted with CCS, reaching 95% of
coal generation by 2060. Gas generation declines to 1%, with remaining output equipped with CCS. Nuclear and

hydropower remain relatively stable, together accounting for 17% of generation in 2060.

(a) REF (b) CN
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Figure 2: Electricity-generation mix for the reference and carbon-neutrality scenario.

(2) Regional distribution of electricity generation
Figure 3 shows provincial non-fossil generation shares in 2060 under the REF and CN scenarios. In CN, all provinces
exceed 85%, with many reaching above 90%, indicating a near-complete phase-out of fossil generation. In REF, the

distribution remains uneven: only parts of Southwest exceed 80%, while many provinces remain in the 42%-76% range.

Furthermore, a consistent regional pattern is observed in both scenarios. The Southwest has the highest non-fossil shares,
reaching 69%-99% under REF, supported by hydropower and wind resources. The Northeast and North China remain more
fossil-dependent, with shares of 47%-69% in 2060. Compared with REF, non-fossil shares in CN are higher by 20-40
percentage points across most provinces. CN produces a uniformly high non-fossil electric power system, while REF retains

substantial regional variation.
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Figure 3: Regional distribution of electricity generation under the reference and carbon neutrality scenarios.

(3) Coal generation by vintage

Disaggregating coal-fired power generation by construction vintage reveals heterogeneity in the age structure of coal
generation across provinces (Figure 4). In 2021, old vintages (pre-2010) accounted for 75% and 59% of total generation in
Hebei and Jiangsu, respectively. By contrast, in Xinjiang and Anhui, where generation is dominated by units commissioned
after 2010, older vintages contribute only 12% and 44% of total generation. These differences lead to distinct coal retirement

trajectories across provinces.

Figure 4 shows results under the REF scenario. Coal generation from older vintages declines from 11 EJ in 2021 to 5 EJ in
2040, while newer vintages continue operating through mid-century. Compared with a non-vintage representation (black
line), which retires all coal capacity at a similar rate, the vintage-based approach produces a staggered retirement pathway. In
provinces with older fleets, such as Hebei and Jiangsu, coal generation declines by 14% and 9% by 2040. In contrast,
provinces with newer capacity, such as Xinjiang and Anhui, experience slower declines of 14% and 8% over the same period.
As a result, coal phase-out follows the existing age structure of capacity, with earlier retirements in eastern provinces and

later retirements in western regions. Province abbreviations are provided in Supplementary Table SMS5.
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Figure 4: Coal-fired power generation by construction vintage across Chinese provinces under REF.
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3.1.2 Industry

Figure 5 compares final energy use under the REF and CN scenarios. In REF, the energy mix remains dominated by fossil
fuels, with coal accounting for 43% in 2021 and 34% in 2060, and only limited growth in electricity to 31%. In CN, direct
coal declines to 19% by 2060, while electricity and hydrogen increase to 40% and 13%, respectively. Total final energy
demand declines from 68 EJ to 64 EJ over 2021-2060, reflecting efficiency improvements and structural change. The

transition also varies across subsectors, depending on production technologies and the relative importance of combustion
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Figure 5: Final energy use in the industry sector under the REF and CN scenario.

The largest change occurs in energy-intensive materials in the CN scenario, as shown in Fig.6. In steel, the share of blast-
furnace/basic-oxygen furnace (BF-BOF) production declines from 89% in 2021 to 64% in 2060, while scrap-based electric
585 furnaces increase to 21%, and hydrogen-based direct reduced iron reaches 11%. Coal use in steel declines by 36%, with
remaining emissions managed through CCS, which is applied to 30% of production by 2060. In cement, total output changes
from 2 Gt to 0.8 Gt, while total final energy demand declines by 55%. Fossil fuel use decreases from 88% to 63%, and CCS
deployment reaches 93% of clinker production, targeting process emissions from calcination. Across these sectors, emission

reductions are achieved through a combination of fuel switching, electrification, and CCS deployment.
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Figure 6: Production and technology transitions for the steel and cement sectors under the REF and CN scenario.

Process-intensive chemicals, machinery, and other industrial subsectors follow similar transition directions under the CN
scenario, with differences in the balances between demand reduction and fuel substitution. In chemicals and N fertilizer, total
final energy demand remains high, at nearly 6 EJ in 2060, with only slight changes in the energy mix. Fossil fuels decline
marginally from 91% to 87% over 2021-2060, indicating continued dominance, while electricity and hydrogen increase to 7%
and 13%, respectively. In machinery, final energy demand declines from 4 EJ to 2 EJ by 2060, representing a reduction of
41%, driven by rapid efficiency improvements and electrification. In “other industry”, total activity remains relatively stable,
while fossil fuel use declines from 42% to 35%, accompanied by an increase in electricity to 48%, indicating gradual

electrification across diverse industrial applications.

Figure 7 shows the provincial distribution of industrial electrification. Under the REF scenario, electrification rates remain
limited, with most provinces in the range of 18%-41% and only a few reaching 45%-50% by 2060. In contrast, the CN
scenario shows a broad increase across provinces. Electrification rises to 24%-50% range in most regions, with several
exceeding 50%. The national average electrification rate increases from 24% in 2021 to 40% in 2060, compared with 21%-
31% under REF. Across regions, northwest and south provinces reach electrification levels of 30%-60%, while northeast and

east provinces remain low at 24%-42%, reflecting differences in industrial structure and energy use.
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Figure 7: Spatial distribution of industrial electrification under the REF and CN scenario.
3.1.3 Buildings

610 The building sector shifts toward higher electrification and reduced use of solid fuels by 2060 (Fig.8). In the commercial
sector, electricity increases from 4 EJ in 2021 to 9 EJ in REF and 10 EJ in CN by 2060, while LPG/NG and district heating
decline correspondingly. The electrification rate surges from 70% in 2021 to 82% and 87% in the REF and CN, respectively.
In urban residential buildings, electricity demand grows from 6 EJ in 2021 to 9 EJ by 2060, accounting for about 67% of the
total service demand by 2060. Conversely, the share of LPG/NG declines from 25% to 20% and district heat from 15% to 13%

615 under CN. Changes in REF are more limited. Service demand energy use in rural residential buildings peaks around 2030
and subsequently undergoes a steady decline due to urbanization. In 2021, coal and biomass demand were 0.8 EJ and 1.4 EJ,
representing 12% and 19% of the energy mix, respectively. Over time, these traditional solid fuels undergo a phase-out. By
2060, coal decreases to 2% in REF and below 1% in CN, while electricity demand increases to roughly 4.8 EJ in REF and 5
EJ in CN, raising its share to 74% and 78%, respectively. Overall, electrification expands across all building types, with the

620 most pronounced changes occurring in rural areas where solid fuels are largely replaced.
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Figure 8: Energy service shares by fuel in the building sector.

3.1.4 Transportation

The transportation sector shifts from a petroleum-dominated system toward a diversified fuel mix in terms of service output
(Fig.9). In the light-duty vehicle (LDV) sector, oil declines from 86% in 2021 to 58% in REF and 40% in CN by 2060 in
service share. Electricity increases to 17% in REF and 35% in CN, while biomass liquids account for 15% in CN. In the
heavy-duty vehicle (HDV) fleet, oil remains dominant in REF at 70% in 2060, with hydrogen and biomass liquids each
contributing about 10% of service output. Under CN, oil declines to 56%, while hydrogen increases to 20%, and electricity

and biomass liquids each reach about 13%. Compared with LDV, the transition in HDV relies more on fuel diversification

rather than electrification alone.
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Figure 9: Energy service shares by fuel in light-duty and heavy-duty transport.

3.1.5 Resource

The updated resource supply curves show spatial variation in renewable energy potential and cost across China. At the
national scale, the maximum potential of utility-scale solar PV is 359 EJ (Fig.10), compared with 139 EJ for onshore wind
(Supplementary Figure SM1). Solar PV potential is concentrated in western and northern provinces, with Xinjiang (158
EJ) and Tibet (143 EJ) accounting for over 80% of the total, while eastern provinces such as Shanghai have minimal
potential (0.1 EJ). Median LCOE for solar PV ranges from $0.0385/kWh in Sichuan to $0.0588/kWh in Chongqing,

indicating relatively limited variation across provinces.

Onshore wind shows a similar spatial distribution. Inner Mongolia has the largest potential (52 EJ), followed by
Xinjiang (29 EJ), while Chongging (0.1 EJ) and Shanghai (0.1 EJ) have the smallest potential. Median LCOE ranges
from $0.0142/kWh in Inner Mongolia to $0.0820/kWh in Chongqing, showing a wider cost range than solar PV.
Resource-rich regions (e.g., Inner Mongolia) have lower costs, while provinces with limited resources have higher

costs (e.g., Chongqing).
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Figure 10: Resource supply curves for utility-scale solar PV.
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3.1.6 Biomass

The model generates multiple variables for biomass resource exploitation, bioenergy production across different
650 technologies, and both positive carbon emissions and negative carbon sequestration from bioenergy systems with CCS.
Under the CN scenario, 9 EJ of residue resources will be utilized, and 8 EJ of purpose-grown energy crops will be cultivated
on suitable land, covering approximately 363 thousand km? in 2060 (Fig.11). As for the carbon removal amount from
BECCS, by 2030, BECCS remains in the nascent development stage, contributing zero net carbon removal to the energy and
land system. By 2040, BECCS will have initial demand, though the scale will remain below 1MT CO,. However, with the
655 strengthening of China’s climate policies and the mitigation demand from the hard-to-abate sector, BECCS will remove 0.3
GtCO; by 2050. By 2060, the total CDR amount from BECCS will reach 1 GtCO,, accounting for 35% of the total CDR
amount. At the provincial level, Jilin, Anhui, and Henan will lead the development of BECCS, removing 0.1, 0.07, and 0.06
MtCO; by BECCS in 2040. In 2060, Jilin and Anhui will remove 176 and 113 MtCO,, contributing 16% and 10% of the

removal amounts achieved by BECCS.

Carbon removal potential of BECCS (MtCO,) ' /
Bl >110 [ ] 30-50 \
B 90-110 [ 10-30 \ : (
[ 70-90 Bl <10 " )
6o 15070 [ | Nodata ) L, ! ~

Figure 11: Spatial distribution of BECCS carbon removal across provinces in 2060 under CN.
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3.2 Non-CO: greenhouse gas emissions

Compared with REF, the CN scenario shows stronger reductions in non-CO, greenhouse gas emissions (Fig.12). Aggregate
CHy emissions in CN remain around 1,010 Mt CO-eq (using 100-year AR4 GWP) through 2030 and decline to 386 Mt
CO»-eq by 2060, compared with 756 Mt CO»-eq in REF. N>O emissions under CN decrease from 416Mt to 386 Mt CO»-eq
over 2021-2060, while remaining nearly constant in REF, resulting in a difference of about 7% in 2060. Emissions from
energy use also decline under CN. CHy decreases from 31 Mt COz-eq in 2021 to 21 Mt COz-eq in 2060, compared with 26
Mt CO;-eq in REF, while N,O decreases to 22 Mt CO;-eq under CN versus 28 Mt CO;-eq in REF.
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670  Figure 12: National and provincial non-CO: emissions from China’s energy system under the REF and CN scenarios.

30



675

680

685

690

695

700

https://doi.org/10.5194/egusphere-2026-1919
Preprint. Discussion started: 26 May 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

At the national level, as shown in Figure 12(a)-(d), the largest reduction in non-CO, emissions occurs in fossil resource
extraction. Under CN, CHy4 emissions from coal mining decline from 376 Mt CO»-eq in 2021 to 23 Mt CO;-eq in 2060,
almost 90% lower than REF in 2060. Additional reductions occur in energy end-use sectors. In ammonia production, CH4
emissions decrease by about 87%, from 1 to 0.2 Mt CO;-eq over 2021-2060, while N>O emissions decline from 2 to 0.02 Mt
COs-eq. At the same time, some sources increase during the transition. N,O emissions from biomass liquids increase from
0.004 Mt COz-eq in 2021 to 1 Mt CO;-eq in 2060. These results show a shift in non-CO; emissions from fossil-based

sources toward bioenergy sources under CN.

Spatially, the CN scenario shows substantial interprovincial variation in energy end-use non-CO, emissions (Figure 12(e)).
In 2021, provincial CH4 and N>O emissions from energy end use ranged from about 0.3 Mt CO»-eq in Hainan to roughly 5
Mt COz-eq in Hebei. By 2060, emissions decline in all provinces but remain uneven, spanning 0.2-3 Mt CO,-eq. In
provinces with low emissions, buildings account for a large share. For example, in Beijing, total emissions are 0.8 Mt CO»-
eq in 2021, with buildings accounting for 0.4 Mt CO;-eq (53%), increasing to 57% by 2060. In contrast, provinces with
higher emissions show a stronger contribution from transport and industry. In Anhui, total emissions reach 2 Mt CO»-eq,
more than twice that of Beijing, with buildings contributing about 25%. Road freight contributes about 1 Mt CO,-eq in both
2021 and 2060, while emissions from biomass liquids grow from near zero in 2021 to 0.2 Mt CO»-eq by 2060. Industrial

process sources such as ammonia remain at 0.04 Mt CO»-eq in 2021 and decline toward zero by mid-century.

3.3 Water use

Water use evolves differently for withdrawals and consumption over time (Fig.13). Total withdrawals follow a declining
trend after mid-century, whereas total water consumption shows a more stable trajectory, varying within 210-235 km? over
the projection period with only small differences between scenarios. Compared with REF, the CN mainly alters the sectoral

composition of water use rather than total levels.

Water withdrawals follow an inverted-U pattern in both scenarios, increasing from 398 km? in 2021 to a peak of 432-433
km? around 2030-2040, and then declining to 395 km? in REF and 373 km?® in CN by 2060. Irrigation remains the largest
component, accounting for 35-40% of total withdrawals throughout. The post-peak decline is mainly driven by electricity
generation, with withdrawals decreasing from 69 km? to 52 km? by 2060. Manufacturing and municipal withdrawals increase
from 164 to 188 km? in early periods and then stabilize, while livestock and primary energy remain below 7% of the national
total withdrawals. Compared with REF, electricity-related withdrawals decline earlier and more strongly under CN, resulting

in a difference of 23 km? in total withdrawals by 2060. In contrast, irrigation withdrawals remain similar across scenarios.

Water consumption follows a different pattern from withdrawals. Total consumption increases from 210 km? in 2021 to 230

km? by 2030 and then stabilizes at 223-235 km? through 2060, with similar values in both scenarios. Irrigation remains the
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dominant component, accounting for 35-38% of total consumption, followed by manufacturing and municipal uses at 23%
and 17%, respectively. Electricity generation contributes about 14-17% and remains relatively stable after mid-century,
while livestock increases slightly from 17 to 20 km?, and primary energy remains negligible. Differences between REF and

CN are small, with total consumption differing by less than 2% in 2060.
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Figure 13: Water withdrawals and consumption by sector under REF and CN scenarios.

3.4 Example of an incentive policy for nuclear electricity generation

Policy-induced changes in nuclear electricity generation are shown in Fig.14. In addition to the REF and CN scenarios, two
policy variants (REF-with-policy and CN-with-policy) are introduced to demonstrate provincial incentives for nuclear-
based-load electricity generation. The four GCAM-China-v8 scenarios exhibit significantly different future trends of nuclear
electricity generation (Figure 14a). In 2021, Guangdong had the largest nuclear generation at 0.4 EJ, followed by Fujian (0.3
EJ), Zhejiang (0.3 EJ), and Shandong (0.1 EJ). Policy incentives increase electricity generation from Generation II nuclear
technology (nuc_base Gen II) in all four provinces. Under CN-with-policy, generation from nuc base Gen II increases by
0.2 EJ in Fujian, 0.4 EJ in Guangdong, 0.1 EJ in Shandong, and 0.2 EJ in Zhejiang in 2060 relative to CN, reflecting the

effect of our designed policy-induced changes.

Despite the policy implementation from 2021 to 2060, increases in electricity generation from Generation II nuclear

technology decline after 2040 in both REF-with-policy and CN-with-policy scenarios (Figure 14b). In contrast to the overall
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increase in nuc_base Gen II, changes in electricity generation from nuc_base Gen III are smaller and even negative across
provinces, particularly under CN. Overall, policy effects similarly increase nuc_base Gen II under both CN and REF

scenarios, while compressing nuc_base Gen III deployment more significantly under CN.
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Figure 14: Policy-induced changes in nuclear power generation across four provinces under REF and CN scenarios (2021-2060).
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3.5 Comparison to historical data

GCAM-China-v8 aligns with historical provincial energy CO, emissions and electricity generation with reasonable
agreement across historical calibration years (2005, 2010, 2015, and 2021). Provincial energy-system CO, emissions are
compared with the MEIC database (Zheng et al., 2018), and electricity generation with data from China Electricity Council
(2021). Model performance is assessed using one-to-one comparisons between historical values (x-axis) and GCAM-China-
v8 REF values (y-axis) at the provincial level, together with a 1:1 line and a £5% deviation band (Fig.15 (a)-(d) for CO, and
Fig.15 (e)-(h) for electricity).

For provincial energy CO,, model values are generally distributed along the 1:1 line. The number of provinces within +£10%
of historical values is 16 (2005), 20 (2010), 20 (2015), and 18 (2021), while the number within £5% is 10, 14, 14, and 11,
respectively. For provincial electricity generation, agreement is generally higher. The number of provinces within £10% is
25 (2005), 12 (2010), 28 (2015), and 25 (2021), and the number within +5% is 21, 5, 24, and 22, respectively. Provincial
values cluster closely around the 1:1 line across all years. Overall, GCAM-China-v8 reproduces the provincial distribution

and magnitude of both energy CO; emissions and electricity generation over historical periods.
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Figure 15: GCAM-China-v8 results versus historical inventory data.

4 Discussion and conclusions

This study provides a comprehensive methodological documentation of GCAM-China-v8. As the first dedicated
documentation of the GCAM-China, this study demonstrates the model’s capability to represent subnational heterogeneity in
energy, emissions, and resource systems. By incorporating provincial-level differences in resource endowments,
socioeconomic drivers, and sectoral structures, GCAM-China-v8 enables a more detailed assessment of China’s transition
pathways at the provincial scale. Its integration within the global GCAM framework further allows for consistent analysis of

interactions between China and the rest of the world.
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This study demonstrates several key system-wide features of China’s low-carbon transition. Electrification plays a central
role across end-use sectors, while non-CO: emissions exhibit uneven mitigation patterns across sectors and regions. Water
demand shows a clear divergence between withdrawals and consumption, with reductions in carbon neutrality primarily
driven by changes in the power sector. In addition, biomass deployment and BECCS exhibit strong spatial concentration,
indicating potential regional constraints on negative emissions. Like many national analyses in the US (Shi et al., 2017),
Canada (Younis et al.,, 2025b), and Korea (Jeon et al., 2021b), our results emphasize the importance of representing

subnational heterogeneity in integrated assessment modeling.

Despite these advances, several limitations remain. First, the power sector operates on an annual balance and does not
include sub-annual temporal resolution, limiting the representation of variability in electricity demand and its influence on
long-term capacity planning (Ou et al., 2021c). Second, inter-provincial electricity trade is represented in a simplified
manner and does not explicitly capture transmission constraints or grid topology. Third, the transportation sector largely
follows the aggregated structure of the GCAM framework and lacks detailed representations of China’s transportation modes
and technology structure (Shao et al., 2024). Finally, policy representation remains limited, with one nuclear expansion
example for demonstration. Future work will develop a full policy module to better reflect the complex policy architecture in
China.

Future development of GCAM-China will extend beyond incremental GCAM model refinements to better capture the unique
features of China’s energy transition. For example, representing the emerging “new energy system” will require explicit
treatment of integrated source-grid-load-storage interactions (Dowling et al., 2020), including the coordination of variable
renewable generation (Tong et al., 2021), grid flexibility (Davis et al., 2018), and power system security (Li et al., 2025). In
parallel, electricity demand from data center and digital infrastructure is increasing rapidly in China and worldwide (Zhang,

2026), which needs to be explicitly represented in the model.

In addition, further advances will require expanding the representation of socioeconomic dynamics that are particularly
relevant in China. This includes incorporating heterogeneous and dynamic consumer behavior (McCollum et al., 2017),
income-driven demand evolution (Wolfram et al., 2012), and policy-driven diffusion of low-carbon technologies at the
subnational level (Mi and Sun, 2021). These extensions are constrained by limited empirical evidence for key processes
(Selin et al., 2023), particularly the parameterization and validation of consumer behavior, technology adoption, and
emerging energy services at the provincial level. Despite these challenges, the development of GCAM-China-v8 and this
documentation provide a useful case for representing subnational heterogeneity and offer a reference for extending integrated

assessment models to other countries.
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Code and data availability

GCAM-China is an open-source model available at: https://doi.org/10.5281/zen0do.19471594 (Center for Global

Sustainability at University of Maryland et al., 2026). The processing code and scenario data of this study will be publicly

available upon publication.
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