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Abstract
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This paper studies the effectiveness of different policy 
instruments in accelerating the adoption of low-carbon 
technologies. Despite substantial declines in the costs of 
these technologies, diffusion remains uneven, driven by 
local economic conditions and policy environments. Using 
a modeling approach grounded in technology diffusion 
theory, the paper assesses how price-based (for example, 
carbon taxes and subsidies) and non-price-based (for exam-
ple, mandates and regulatory requirements) instruments 
affect technology diffusion and carbon emissions across four 

East Asian economies. The analysis explicitly accounts for 
path dependence, learning, and technology uncertainty, 
factors often overlooked in standard models. The results 
highlight the importance of timing and policy sequencing: 
in the early stages of diffusion, price instruments may be less 
effective while non-price instruments can more successfully 
address coordination failures and subsequently enhance the 
impact of carbon pricing. The optimal policy combinations 
ultimately depend on the stage of technological maturity, 
initial technology adoption patterns, and local conditions..
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1 Introduction   

East Asia’s approach to climate change will significantly influence global progress toward climate 
goals, given the region’s substantial and growing carbon footprint. Historically, Western economies 
have been the primary contributors to the stock of atmospheric greenhouse gas emissions, but 
their contribution is now in decline (UNEP 2023). For example, the UK has reduced its CO2 
emissions to the lowest level since 1879.1 Conversely, developing countries, particularly in East 
and Southeast Asia, have become significant and growing emitters. China is now the world’s largest 
emitter, responsible for 30 percent of global emissions annually. The rest of developing East Asia 
and Pacific (EAP) nearly doubled its emissions between 1990 and 2020, producing almost 10 
percent of the global total by 2020.  

Populations across East and Southeast Asia recognize climate change as a critical issue. Climate 
change is perceived as a serious and immediate threat to national wellbeing by the majority of 
survey respondents from Indonesia, the Philippines, and Viet Nam (ISEAS, 2022). This is 
unsurprising, considering the region’s vulnerability to climate shocks such as extreme heat, sea-
level rise, and more frequent typhoons and flooding. These shocks have tangible consequences. 
For example, higher temperatures reduce labor productivity and worsen mental productivity, 
including cognition, learning and consequential decisions (Lai et al., 2023). 

The sense of urgency has translated into political action. Most countries now have targets for 
emissions reductions and are assessing various policy options to achieve them. China declared a 
“war on pollution” in 2014, when it launched a nationwide air quality monitoring program, and has 
since scaled up its pilot emissions trading system (ETS) and set increasingly ambitious renewable 
targets (Greenstone et al., 2021, Ember 2025). More recently, in 2025, Viet Nam launched the pilot 
phase of its first national ETS, covering the steel, cement, and thermal-power sectors – accounting 
for about 50 percent of CO₂ emissions2 - while major cities like Hanoi and Ho Chi Minh City are 
considering banning fossil fuel powered motorbikes.3 The Philippines has eased foreign investment 
restrictions and offered tax incentives for the renewables sector.4 Malaysia introduced ‘Energy 
Exchange Malaysia’ in 2024 as a pilot cross-border platform to export renewable power to stimulate 
the market for renewables.5  

Despite the shift in policy, progress toward decarbonization goals has been uneven. Although total 
emissions have grown substantially due to rapid economic expansion, China has achieved the 
most significant improvement in emission intensity in the region. Conversely, countries like 
Indonesia, the Philippines, and Viet Nam have faced setbacks due to dirtier energy mixes or 
stagnant efficiency gains (de Nicola et al. 2025).  

 
1 https://www.carbonbrief.org/analysis-uk-emissions-in-2023-fell-to-lowest-level-since-1879/  
2 https://www.reuters.com/sustainability/climate-energy/vietnam-launches-first-phase-emissions-trading-
scheme-2025-06-11/   
3 https://e.vnexpress.net/news/news/traffic/hanoi-set-to-ban-gas-powered-motorbikes-in-city-center-
starting-july-2026-4913554.html  
4 https://seapublicpolicy.org/wp-content/uploads/2025/01/SEAPPI-ASEAN-Renewable-Capacity-Growth-
January-2025.pdf  
5 https://www.thestar.com.my/news/nation/2024/04/15/malaysia-sets-up-energy-exchange-malaysia-for-
cross-border-sales-of-green-electricity  

https://www.carbonbrief.org/analysis-uk-emissions-in-2023-fell-to-lowest-level-since-1879/
https://www.reuters.com/sustainability/climate-energy/vietnam-launches-first-phase-emissions-trading-scheme-2025-06-11/
https://www.reuters.com/sustainability/climate-energy/vietnam-launches-first-phase-emissions-trading-scheme-2025-06-11/
https://e.vnexpress.net/news/news/traffic/hanoi-set-to-ban-gas-powered-motorbikes-in-city-center-starting-july-2026-4913554.html
https://e.vnexpress.net/news/news/traffic/hanoi-set-to-ban-gas-powered-motorbikes-in-city-center-starting-july-2026-4913554.html
https://seapublicpolicy.org/wp-content/uploads/2025/01/SEAPPI-ASEAN-Renewable-Capacity-Growth-January-2025.pdf
https://seapublicpolicy.org/wp-content/uploads/2025/01/SEAPPI-ASEAN-Renewable-Capacity-Growth-January-2025.pdf
https://www.thestar.com.my/news/nation/2024/04/15/malaysia-sets-up-energy-exchange-malaysia-for-cross-border-sales-of-green-electricity
https://www.thestar.com.my/news/nation/2024/04/15/malaysia-sets-up-energy-exchange-malaysia-for-cross-border-sales-of-green-electricity
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This divergence presents a puzzle. Reducing emissions without compromising economic growth 
depends on the development and deployment of technologies that lower the carbon or energy 
intensity of output (Kaya and Yokobori, 1998). The varying progress would be more understandable 
if technology were nascent and shifting from a polluting to a clean technology would entail 
significant economic costs. It is true that many of the technologies needed to reach net-zero goals 
are still in early stages of development (IEA, 2020). Approximately 35 percent of the emissions 
reductions required to meet the Paris Agreement targets are expected from technologies in 
prototype or demonstration phases, while 40 percent could come from technologies still in their 
early adoption phase, that have not yet been deployed in mass-market applications. 

However, adoption has also diverged for technologies that are already economically viable. The 
cost of renewables has fallen dramatically in recent years; globally, electricity generation from solar 
and wind has become cheaper in many places than fossil fuel alternatives in 2022 (IRENA 2023). 
Yet while China and Viet Nam have adopted renewables at scale, the share of renewables in other 
countries like Indonesia, Malaysia and the Philippines, remains negligible (de Nicola et al. 2025). 

Based on these stylized aspects, this paper asks: why do clean technologies diffuse gradually and 
at different speeds across countries, and what policies might accelerate diffusion? It argues that 
the cross-country differences observed cannot be rationalized by the prevailing modeling approach 
in climate policy assessments, which assumes perfect knowledge and immediate substitution 
when new technologies become cheaper.6 Rather, diffusion hinges on multiple frictions such as 
lock-in and path dependence, learning and network effects, as well as political economy 
considerations.  

To account for these dynamics, we use a diffusion-based modeling framework to simulate the 
effect of different policy mixes for supporting green technology in four economies in East and 
Southeast Asia. The countries were selected to represent different emissions and technology 
profiles, economic structures, and global influence. We assess how inertia, cost variability, 
learning, and local constraints shape technology choices and emissions outcomes. While not 
modeled directly, we also discuss political economy trade-offs associated with different policy 
options, and their feasibility based on local economic and political context. By incorporating these 
country-specific differences, this paper aims to provide policy makers with tailored strategies to 
overcome barriers to green technology adoption and accelerate emission reductions.  

The analysis focuses on electricity generation because it is the largest source of emissions in the 
region and has well-defined technologies. However, the same principles apply to other sectors. 
Similar modeling efforts have been applied for other large emitting sectors, including for road 
transport in Indonesia and Thailand (World Bank 2023, World Bank 2025 forthcoming). 

The paper is organized as follows. Section 2 presents stylized facts about the costs, adoption 
patterns and policy environment for green technology. Section 3 discusses the modeling 
framework. Section 4 describes the policies considered. Section 5 presents the simulation results. 
Section 6 concludes.  

 
6 See Barker et al (2006); Edenhofer et al, (2006), Farmer and Lafond, (2016); Grubb et al, (2021); Way et al, 
(2022) and further discussion in section 3. 
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2 Some stylized facts  

Before turning to the main analysis, we first present a set of stylized facts on the cost of green 
energy technologies, their adoption patterns, and the policy environment across countries. These 
empirical patterns help motivate the assumptions underlying the model introduced in section 3. 

• Exponential reductions in cost 

Over the past decade, renewable energy technologies like solar photovoltaic (PV) and wind power 
have experienced dramatic and persistent cost declines. From 2010 to 2023, global average costs 
of solar PV have fallen by 90 percent, and of onshore wind by about 70 percent. These cost trends 
are consistent with a positive learning rate: a fixed percentage decline in costs with each doubling 
of cumulative deployment (Figure 1). For example, the capital and operations and maintenance 
(O&M) costs for solar energy decrease by 0.25 percent for every 1 percent increase in cumulative 
global and domestic production, respectively (IRENA 2023). The decline in prices has made unit 
generation costs cheaper from renewables than from fossil fuels in many parts of the world. Since 
2021, the global average levelized cost of energy (LCOE) of both solar and offshore wind has 
become lower than that of coal and gas. 

Figure 1: Global LCOE from newly commissioned renewable power technologies 2010 and 2023 

 
Source(s): IRENA (2024). 

• Exponential growth in adoption – but not everywhere 

Despite steep cost reductions, adoption of low-carbon technologies such as solar has been highly 
uneven across countries. While solar capacity has expanded rapidly at a global scale – global solar 
PV increased more than 200-fold in the 20 years between 2003 and 2023 – the diffusion paths have 
diverged significantly (Figure 2). Early adopters such as Germany have maintained their lead, but 
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newcomers like Brazil have accelerated adoption more rapidly since 2020. Within the East Asia and 
Pacific region, substantial heterogeneity also exists: China and Viet Nam have ramped up adoption 
significantly over the past five years; Thailand’s progress has stalled despite an early advantage; 
and Indonesia’s adoption has remained negligible. 

Figure 2. Solar PV penetration, selected countries 

 
Source: calculations using Ember electricity data. Note: “World average” is the weighted average of countries’ solar share 
in installed capacity where weights are the size of the country’s total installed capacity. The sample includes 174 
countries which have data for every year between 2000 and 2023. 

• Cost variation across locations 

While renewable technologies are becoming cheaper, the extent of cost reduction varies. Unlike 
more established fossil fuel-based technologies, where costs are generally more predictable and 
fall within a narrower range, variability in renewable energy costs is significantly higher. For 
example, the levelized cost of electricity (LCOE) from renewables ranges widely from $20 to $160 
per MWh globally, compared to a tighter range of $50–$80 per MWh for fossil fuels (Figure 3). These 
differences may reflect renewables’ dependence on site-specific resource endowments (e.g., solar 
irradiance, wind speeds) as well as other factors like existing infrastructure, financing costs, and 
policy choices.  
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Figure 3: Levelized Cost of Electricity by Technology in 2020 

 
Source(s): IEA (2020). 

• Impediments to adoption and policy divergence 

Country-specific impediments may explain the divergence in adoption pattern observed above. For 
example, the cost of capital (CoC) varies widely across countries. The IEA (2023) finds that the CoC 
for solar PV and storage projects in EMDEs is at least twice that in advanced economies. As a 
result, financing costs can make up half or more of the LCOE for utility-scale solar PV in EMDEs, 
whereas in advanced economies, capital costs - such as land, equipment, and construction - tend 
to dominate.  

Uncertainty about the profitability of switching to new technologies is one of the factors 
contributing to high financing cost. A common risk is payment delays from power purchasing 
utilities, which has been a recurring issue for renewable energy investors in EMDEs (IEA 2023). 
According to the World Bank’s RISE 2023 database,7 70 percent of countries lack provisions to 
compensate renewables suppliers if offtake infrastructure is delayed, and 64 percent lack 
mechanisms to compensate for lost generation due to curtailments8 after project commissioning.   

Other barriers lie in the regulatory framework. In 2023 for example, nearly half the countries in the 
world did not have an electricity market with an economic dispatch of power plants,9 reducing 
incentives to prioritize zero-marginal cost renewables. 

National policies to promote clean technologies directly and reduce carbon emissions have also 
differed markedly.  The European Union adopted a comprehensive strategy that integrates carbon 
pricing mechanisms (averaging around $30 per ton of CO₂) and subsidies aimed at fostering the 
adoption of renewable energy sources and promoting energy efficiency. The United States pursued 
a different path, emphasizing subsidies and investments in specific green technologies over carbon 
taxation. In contrast, low- and middle-income countries generally have both lower financial support 

 
7 https://rise.esmap.org/indicators  
8 Curtailment - when available energy output is not dispatched to the grid - is often an issue for variable 
renewable energy where the grid has inadequate capacity to utilize available supply. 
9 That is, energy sources are brought online to meet demand by the order of marginal costs to minimize total 
cost, subject to technical constraints. 

https://rise.esmap.org/indicators
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for low-carbon technologies and negligible carbon prices. Often, there is a negative tax on carbon 
once fossil fuel subsidies are accounted for (Figure 4).  

Figure 4. Carbon pricing and clean energy spending BY? across countries 

 
 
Source: Estimates from the IEA data on energy spending between 2022-2023, OECD data on Effective Carbon Rates in 
2023, and WDI data on 2019 GDPPC. The net effective carbon rate is the net effect of fuel excise taxes, carbon taxes, 
permit prices, and fuel subsidies (electricity excise taxes and electricity subsidies are not included as they do not 
distinguish between energy sources and their carbon content). The figures may underestimate overall government 
support in China due to the shift of support to off-budget instruments. For example, while China recently phased out 
renewable energy feed-in-tariffs, it continues to support renewable energy in other ways (e.g. preferential credit terms 
and access to land) that are not reflected on budget.  

 

• Correlation between adoption and cost/policy conditions  

Empirical analysis on a sample of 94 countries between 2015-2023 indicates that renewable energy 
adoption not only increases when it becomes cheaper relative to fossil fuels but also correlates 
strongly with policy measures (Figure 5). Countries with favorable environments – including a lower 
cost of borrowing, lower fossil fuel subsidies, and supportive renewable energy policies – tend to 
have significantly higher solar market shares. Specifically, a one-standard-deviation decrease in 
fossil fuel subsidies and improvement in the financial and regulatory support score for renewables 
are associated with 3 and 4 percentage point increases in solar PV penetration, respectively, 
conditional on other country-specific economic and geographic factors. 
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Figure 5. Diffusion of solar and the policy environment  

 

To summarize, green technologies like solar PV have experienced remarkable cost declines and 
have seen a similarly impressive acceleration in their adoption. However, progress has been highly 
uneven across countries, in part because of other factors that affect adoption, such as financial 
conditions and the policy environment.  The empirical evidence that solar adoption increases with 
better policy support is illuminating, but these correlations alone do not offer sufficient guidance 
on how to design and deploy policy instruments.  

The diffusion of new technologies typically follows a non-linear path and exhibits strong path 
dependence. Consequently, different policy instruments may produce differing impacts at different 
stages in the diffusion process. To address these complexities, we turn to the Future Technology 
Transformation (FTT) model to simulate diffusion pathways and evaluate how specific policy 
instruments can overcome the barriers to adoption. 

3 Diffusion-Based Theory of Low-Carbon Technology   

To date, most analyses of low-carbon transitions have focused on identifying the least-cost 
pathways for reducing CO2 emissions while meeting electricity demand. These analyses rely 
primarily on least-cost optimization models,10 which have been widely used in reports by the 
Intergovernmental Panel on Climate Change (IPCC) to estimate the costs of transitioning to low-

 
10 Examples of well-known least-cost optimization energy system models include MESSAGE and TIMES.  

 
Note: standardized coefficient estimates from a cross-country regression of solar PV penetration (% of total electricity 
generation) between 2015 and 2023. Other controls include solar practical potential, GDP per capita, and year fixed 
effects. Standard errors clustered at the country level. Results from this simple linear regression intend to illustrate the 
potential link between green tech diffusion and market and policy drivers only.  
Sources: Data on solar penetration from Ember; data on solar practical potential from the Global Solar Atlas 2.0 ; data 
on LCOE from IRENA; data on fossil fuel subsidies from IMF; data electricity pricing from World Bank’s RISE database; 
data on lending interest rates from the World Bank’s World Development Indicators. This RISE electricity pricing score 
assesses whether electricity pricing mechanisms prioritize cost-competitive technologies (and thus zero-marginal 
cost renewables) and whether financial incentives such as concessional loans or net billing are available to reduce 
investment barriers. 
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carbon energy systems (Pollitt et al, 2024). While these models are effective in prescribing the 
optimal low-carbon electricity generation mix, they do not adequately consider the other barriers 
that hinder and slow down the adoption of low-cost and low-carbon technologies. 

Technology diffusion theory, first popularized by Rogers (1962) and developed in Geels (2002), 
posits that innovation must reach a critical mass for self-sustaining diffusion. This theory accounts 
for heterogeneity among agents in terms of the costs associated with both existing and new 
technologies. As a technology gains more adopters, the process of learning-by-doing reduces 
costs, further accelerating its diffusion. Conversely, if a new technology remains nascent, 
incumbent technologies maintain their advantage, delaying the transition. In this context, pricing 
policies alone may be inadequate and may need to be complemented by non-price instruments to 
kickstart and promote adoption of new technologies. 

This paper evaluates policy effectiveness using the Future Technology Transformations (FTT) model, 
which applies a technology diffusion framework that captures path dependence, technology 
uncertainty, learning-by-doing, and constraints on technology turnover (Mercure, 2012). The China 
case study described below uses the global version of FTT to account for international spillover 
effects. The other three country case studies use FTT-FLEX, a streamlined single-country version 
tailored to data-constrained countries with limited influence on global learning dynamics 
(Chewpreecha et al. 2024). As both models share the same theoretical foundation, the term "FTT" 
is used throughout this paper to refer to the common framework. The following sections detail the 
FTT model’s key features and its application in this analysis. 

3.1 Two Time-Constraints: Construction of New Technology and Lifetime of Old Technology 

Two critical time-constraints shape the dynamics of technology switching: the time required to 
construct plants embodying new technology and the lifespan of plants associated with existing 
technology. A shorter construction time allows a new technology to gain market share more rapidly 
once its unit costs become favorable. A longer lifespan (or slower depreciation) of existing plants 
results in a more gradual transition, even if their unit costs have become unfavorable. 

In the FTT model, the significance of these two time-constraints is captured by the diffusion rate 
variable 𝐴𝐴𝑖𝑖,𝑗𝑗. If j represents an existing fossil-based technology and i represents a new renewable 
technology, 𝐴𝐴𝑖𝑖,𝑗𝑗  measures the rate at which the old technology j can be replaced by the renewable 
technology i. This diffusion rate depends on the lifespan of the fossil-based technology ( τ𝑗𝑗) and the 
construction time for the renewable technology (𝜆𝜆𝑖𝑖). A higher value of 𝐴𝐴𝑖𝑖,𝑗𝑗  indicates a faster low-
carbon transition. 

A𝑖𝑖,𝑗𝑗 =
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝜆𝜆𝑖𝑖  ⋅ 𝜏𝜏𝑗𝑗

 

Figure 6 illustrates the diffusion rate at which gas-fired technology can be replaced by solar, based 
on varying solar construction times and gas technology lifetimes. It also highlights the sensitivity to 
the constant term, C, which captures the ease of switching – reflecting the fungibility of installed 
capacity - between gas and solar beyond the technical time constraints. 
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Figure 6: Diffusion rate sensitivity (lifetime, construction time and ease of switching) 

 

 

 

3.2 Technology Cost Variability   

The FTT model incorporates probabilistic distributions to represent technology costs, capturing the 
effects of differences in costs for the same technology across different projects or contexts, even 
under similar conditions. This approach reflects real-world conditions, where the costs of a given 
technology can vary significantly across projects due to factors such as geographic conditions, 
resource availability, and market dynamics (see example in Figure 3). 

In the FTT model, each technology is represented by a cost distribution centered around an average 
value (𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶������). Under suitable distributional assumptions,11 the probability that technology i is cheaper 
than technology j is given by: 

Fij =
1

1 + 𝑒𝑒𝑒𝑒𝑒𝑒 �
�𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝚤𝚤������� − 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝚥𝚥��������

σ𝑖𝑖𝑖𝑖
�

 

This expression can be interpreted as follows: if technology i has a higher average cost (𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝚤𝚤�������) than 
technology j (𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝚥𝚥�������), the denominator increases, thereby reducing the probability 𝐹𝐹𝑖𝑖,𝑗𝑗  that a project 
using technology i will be cheaper than one using technology j. However, this probability is not zero, 
as some projects using technology i may still be cheaper than certain projects using technology j, 
even if i is typically more expensive on average. 

The spread of costs for both technologies is captured by their combined standard deviations σ𝑖𝑖𝑖𝑖. A 
larger σ𝑖𝑖𝑖𝑖  value indicates greater overlap in cost distributions, reducing the comparative advantage 
of a lower average cost for technology j.  This effect is moderated by the mean difference between 
the costs of technologies i and j. A larger mean difference �𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝚤𝚤������� − 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝚥𝚥�������� strengthens the 

 
11 The cost perceptions are assumed to be Gumbel distributed and have a single peak, so that the binary logit becomes a 
logistic curve. For more information see supplementary materials from Mercure et al, (2018).  



11 
 

comparative advantage of technology j, even when σ𝑖𝑖𝑖𝑖  is high. This behavior is illustrated on the left-
hand side of Figure 7, where overlapping cost distributions demonstrate how project-level variations 
can influence technology adoption. 

Figure 7: Binary discrete choice of technology adoption based on cost distributions (LHS) vs technology adoption based 
on homogenous costs. 

Source(s): Mercure (2012). 

The cost distribution in the FTT framework differs fundamentally from least-cost optimization 
models. In least-cost frameworks, costs are represented as discrete, non-overlapping values and 
the technology with the lowest average cost is universally adopted (Figure 7RHS). By contrast, the 
FTT framework represents costs as probability distributions, capturing the heterogeneity of project-
specific conditions across investors and locations (Figure 7 LHS). The overlapping sections of these 
distributions imply that even when one technology is cheaper on average, some investors still face 
circumstances where alternatives remain competitive. This overlap leads to gradual and path-
dependent diffusion, where multiple technologies coexist and compete overtime, rather than an 
abrupt shift to a single least cost option (Mercure 2012 and Mercure et al. 2014).  

This distinction has important implications for policy design. In the FTT framework, a pricing 
instrument such as a carbon tax raises the average cost of high-carbon technologies but does not 
eliminate their cost advantage for all investors, since cost distributions overlap across 
technologies. Even after a carbon tax, some projects may still find coal competitive due to 
favorable local conditions, while others face costs that now make renewables more attractive. 
Consequently, transitions to renewables occur gradually as overlapping regions shrink, rather than 
instantaneously as in least-cost optimization models. 

Similarly, reducing the dispersion of costs for low-carbon technologies alone may not ensure wider 
adoption if their average cost remains higher. An effective policy mix should therefore aim to lower 
the mean cost of clean technologies while also narrowing their cost spread (e.g. standard local 
permitting and licensing regulations), particularly by reducing costs at the upper end of the 
distribution, thereby increasing the likelihood of adoption across heterogeneous investors and 
markets.  
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3.3 Learning by doing: Global and local 

FTT also captures the dynamics of average costs for each technology, represented by the levelized 
cost of electricity (LCOE). The LCOE accounts for capital, operations and maintenance (O&M), fuel, 
and carbon expenses. To model cost reductions over time, FTT incorporates a learning curve that 
applies to the capital and O&M components.  Capital costs decline by a fixed percentage, 𝜀𝜀, for 
each percent increase in global cumulative installed capacity, 𝑄𝑄𝑖𝑖𝐺𝐺  , and O&M costs by a fixed 
percentage for each percent increase in domestic installed capacity, 𝑄𝑄𝑖𝑖𝐿𝐿, in line with Wright’s law 
(see Figure 1 in Section 2).  

𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑖𝑖
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑡𝑡 = 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑖𝑖

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑡𝑡−1�𝑄𝑄𝑖𝑖
𝐺𝐺,𝑡𝑡/𝑄𝑄𝑖𝑖

𝐺𝐺,𝑡𝑡−1�
−𝜀𝜀𝑖𝑖  

𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑖𝑖
𝑂𝑂𝑂𝑂,𝑡𝑡 = 𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑖𝑖

𝑂𝑂𝑂𝑂,𝑡𝑡−1�𝑄𝑄𝑖𝑖
𝐿𝐿,𝑡𝑡/𝑄𝑄𝑖𝑖

𝐿𝐿,𝑡𝑡−1�
−𝜀𝜀𝑖𝑖  

The learning curves in FTT allow for the translation of global decarbonization trajectories into 
domestic capital cost pathways. When the model is run for a single country, an assumption about 
global decarbonization trajectories is used to inform the projected decline in domestic technology 
costs through learning-by-doing. For example, if global decarbonization advances rapidly, the 
increased cumulative production of solar panels will drive down their capital costs, making solar 
energy in the modeled country more competitive over time. Conversely, a slower global expansion 
of solar energy would hinder these cost reductions, increasing the domestic cost of 
decarbonization and slowing the transition to a low-carbon energy system. 

3.4 Diffusion and path dependency  

Putting the above features together, the dynamic of technological diffusion in FTT can be derived.  

∆𝑆𝑆𝑖𝑖𝑡𝑡  =  𝑆𝑆𝑖𝑖𝑡𝑡−1 ⋅� 𝑆𝑆𝑗𝑗𝑡𝑡−1�𝐴𝐴𝑖𝑖𝑖𝑖𝑡𝑡−1𝐹𝐹𝑖𝑖𝑖𝑖𝑡𝑡−1  −  𝐴𝐴𝑗𝑗𝑗𝑗𝑡𝑡−1𝐹𝐹𝑗𝑗𝑗𝑗𝑡𝑡−1�
𝑁𝑁

𝑗𝑗=1
 

Let 𝑆𝑆𝑖𝑖𝑡𝑡 be the market share of technology i in period t (the sum over all technologies N in each period 
is equal to 1), and the change in the share of technology i between time t-1 and time t ,∆𝑆𝑆𝑖𝑖𝑡𝑡. 

Focusing on the term in brackets, we can see that technology i grows more quickly when its 
diffusion rates and probabilities of lower cost are high in the pairwise comparisons with the other 
technologies (𝐴𝐴𝑖𝑖𝑖𝑖𝐹𝐹𝑖𝑖𝑖𝑖  >  𝐴𝐴𝑗𝑗𝑗𝑗𝐹𝐹𝑖𝑖𝑖𝑖)  . Growth in the use of technology i is penalized when the reverse 
comparisons are high (𝐴𝐴𝑖𝑖𝑖𝑖𝐹𝐹𝑖𝑖𝑖𝑖 < 𝐴𝐴𝑗𝑗𝑗𝑗𝐹𝐹𝑖𝑖𝑖𝑖).   

An important aspect of the diffusion model is the  𝑆𝑆𝑖𝑖𝑡𝑡−1  term outside the summation, which 
represents the incumbency advantage of an existing technology. This term amplifies a technology’s 
ability to maintain or expand its presence, as larger shares provide a stronger foundation for 
diffusion. The incumbency advantage reflects network effects within supply chains, such as the 
availability of technology-specific skilled labor and the familiarity of investors with established 
technologies. These factors shape risk perceptions, creating barriers that new technologies cannot 
immediately overcome, even when the new technology has lower average costs. 

This incumbency advantage introduces friction into the adjustment process, with a critical 
implication: the typical equivalence between price-based and non-price-based policies no longer 
holds. In a frictionless model, such as a least-cost optimization framework, a carbon price policy 
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and a policy mandating specific technology shares that achieve the same energy mix would result 
in the same incremental total energy costs relative to a baseline with no policy intervention. This 
equivalence arises because least-cost models assume representative agents with perfect foresight 
and homogeneous technologies, who optimize the system through rational cost minimization and 
instantly adopt the least-cost pathway to meet any imposed constraint. However, diffusion-based 
models such as FTT account for heterogeneity, behavioral frictions, and path dependencies arising 
from technology lock-ins and overlapping cost distributions.  Under these conditions, the form of 
the policy matters: non-price policies (e.g., technology mandates or direct investment) can be more 
effective than pricing policies alone in overcoming incumbent advantages – particularly in the early 
stage of adoption - and accelerate the diffusion of clean technologies. 

Table 1 provides a summary of the key factors associated with the FTT model, along with its policy 
implications. 

Table 1: Key factors and policy implications affecting diffusions in FTT  

FTT Factor Explanation Example (coal vs 
solar) 

Possible policy 
response 

Incumbency 
Advantage (𝑆𝑆𝑖𝑖𝑡𝑡−1) 

Larger market share 
benefits from existing 
infrastructure and labor, 
slowing new technology 
adoption. 

Coal’s dominant 
market share slows 
solar growth even with 
lower solar costs. 

Coal phase-out 
programs; incentives 
for solar supply 
chains and workforce; 
kick start solar 
program 

Diffusion Rate 
(𝐴𝐴𝑖𝑖,𝑗𝑗) 

Equivalent to technology 
replacement rate 
(between two 
technologies). 
Construction time vs 
existing plant lifetimes 
affects transition speed. 

Solar farms take 2 
years to build, and coal 
plants last 40+ years. 

Faster permitting for 
solar; coal phase-out 
programs. 

Cost 
Competitiveness 
(𝐹𝐹𝑖𝑖,𝑗𝑗) 
 

Cost variability within 
each technology type 
limits new technology 
adoption even if the latter 
has lower average costs. 

Solar may be cheaper 
overall but less 
competitive in 
countries where there 
is limited space, high 
cost of capital or strict 
building regulations. 

Carbon pricing; 
subsidies for solar; 
policy to reduce 
variability in costs of 
solar. 

Learning by doing 
(𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝚤𝚤�������) 

Capital cost and O&M 
cost declines due to 
learning-by-doing, 
reflected in installed 
capacity, in line with 
Wright’s law 

Solar capital costs 
drop by 0.25% for every 
1% increase in 
cumulative global 
installed capacity. 
Solar O&M costs drop 
by 0.25% for every 1% 
increase in cumulative 
domestic installed 
capacity. 

Support for scaling up 
solar deployment; 
international 
cooperation to 
increase global solar 
capacity; removal of 
tariffs on solar 
technology imports to 
encourage scaling. 
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4 The effect of different policy instruments 

4.1 The policies considered in this paper 

The case studies in the next section discuss the effects of four different types of policy to reduce 
CO2 emissions in the power sector. Two of the policies (carbon prices and technology subsidies) 
are price-based, meaning they adjust costs and prices. Technology mandates and early phase-out 
are non-price policies, meaning they change purchasing behavior directly without changing prices. 

Carbon prices are applied across all different technologies, with the burden depending on the 
carbon intensity of the technology. Renewable technologies like wind and solar, which do not 
produce CO2 emissions, do not face any carbon price penalty. Natural gas and, especially, coal may 
face significant increases in production costs. Economists have focused on carbon prices to 
reduce CO2 emissions almost since climate change was identified as a policy issue (e.g. Nordhaus, 
1977). The main advantage of the carbon price is it allows the market to determine how to reduce 
emissions in the cheapest way.  

Whereas carbon prices penalize technologies that result in CO2 emissions, renewable subsidies as 
modeled here reduce the capital costs of clean technologies. One important difference between 
the instruments is that technology subsidies represent a cost to government, whereas carbon 
prices are a cost to industry and consumers. Another important difference is that subsidies could 
be targeted at specific technologies.  

Technology mandates, or ‘kick-start’ policies require the purchase of a specific volume of one or 
more technologies. Usually they are applied to new technologies, giving them an early boost in the 
market. Mandates could take the form of direct public-sector purchases, or regulations that force 
the private sector to invest in specific technologies. The cost of the investment could therefore fall 
on either the public or private sector. Technology mandates are also often considered part of 
industrial policy, for example in the public funding of demonstration plants. However, they may be 
implemented for numerous other reasons. 

Finally, limiting plant lifetime shortens the period when capital associated with old technologies 
may be used. This policy is primarily non-price in that it clears space in the market for the adoption 
of new technologies. However, it also has a price-based element that discourages additional 
investment in the old technology because fixed costs must be recouped over a shorter timeframe.  

4.2 Why may both price-based and non-price-based instruments be needed in practice?  

While model-based assessments have tended to focus on carbon pricing, a much broader range of 
emission-reduction policies has been implemented in practice (Pollitt et al. 2024). Growing 
evidence is showing that the impacts of specific real-world policies can differ substantially from 
those of their carbon-price equivalents (Peñasco et al. 2021). Notably, the non-linear technology 
effects described in Section 3 contrast strongly with attempts to model carbon-price equivalents 
using linear optimization.   

Blanchard et al. (2023) discuss cases where non-price instruments can solve some market failures 
better.  One notable reason includes coordination failures. Certain types of infrastructure, such as 
electric vehicle charging networks or hydrogen distribution systems, require standardized 
interfaces to ensure compatibility and broad adoption. Although price instruments can effectively 
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internalize emission externalities under the polluter-pays principle, they cannot guarantee that 
competing firms will coordinate on common standards. In such cases, government intervention, via 
quantity-based mandates, can facilitate this coordination. More broadly, the presence of increasing 
returns (e.g. through dynamic spillovers, network effects, and economies of scale) and self-fulfilling 
expectations can generate multiple equilibria, where an economy may remain locked into an 
inferior technological path (Arthur, 1989; Matsuyama 1991). In such settings, price instruments 
shift relative costs at the margin but may be insufficient to coordinate the simultaneous 
investments needed to move to a better equilibrium.12 

A growing body of evidence highlights how the effectiveness of policy instruments varies across 
stages of diffusion and country settings. Several studies have found that carbon pricing can be 
ineffective at reducing emissions (Green, 2021; Huwe and Rehm, 2022) and, critically, at 
encouraging the development of low-carbon technologies (Lilliestam et al. 2020). In developing 
countries in particular, carbon pricing instruments are frequently ineffective in the electricity sector 
compared to regulations and subsidies (Stechemesser et al. 2024). This aligns with the argument 
that lack of liberalized markets or other price distortions limit the effectiveness of price-based 
instruments. It also aligns with Meckling et al. (2017), who argue that regulations and subsidies are 
particularly important in the early stages of green technology diffusion, by establishing a market 
interest in green technologies and facilitating cost reductions before carbon pricing mechanisms 
can operate efficiently. 

Overall, while more evidence on the effectiveness of different instruments is needed, most studies 
suggest that combining multiple instruments tends to produce better results. For example, 
Stechemesser et al. (2024) find that a mix of policy tools is generally more effective than relying on 
any single instrument. Similarly, D’Arcangelo et al. (2024), using a clustering approach to classify 
policy regimes, show that emissions are negatively associated with overall policy stringency, and 
this relationship is stronger when mitigation strategies combine a more diverse set of instruments. 

However, despite established theories such as Grubb et al. (2014) and Acemoglu et al. (2016), there 
have been relatively few applications in quantitative modeling work on the effectiveness of multiple 
instruments to reduce emissions. By taking a technology-based perspective, this paper starts to 
address these questions, building on the work in World Bank (2023) and de Nicola et al. (2025). The 
case studies in the next section show that the effectiveness of all climate policies depends on the 
context in which they are implemented. 

Four case studies illustrate the key system properties. 

4.3 Thailand case study:  Initial shares influence policy efficacy  

Thailand's power sector is dominated by gas, which accounted for 62 percent of the energy mix in 
2023, while coal contributed 20 percent and solar represented just 2.8 percent. This case study 

 
12 The FTT captures this through the 𝑆𝑆𝑖𝑖𝑡𝑡−1 term: technologies with small market shares grow slowly because 
they are small, reinforcing initial disadvantages. In the FTT framework, non-price instruments such as 
mandates can directly reach the required threshold. Price instruments operate indirectly through cost 
competitiveness. In principle, a sufficiently high carbon price or green subsidy could overcome incumbency 
effects, but the levels required may face political constraints, a point that we further discuss in section 4.5. 
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explores the effectiveness of a carbon tax in promoting solar power in Thailand under different 
starting conditions.  

Five alternative starting points are tested (see Table 2). The additional initial solar power is assumed 
to replace coal and gas equally. For example, increasing the solar share from 2.8 to 5 percent (an 
additional 2.2pp) corresponds to a 1.1pp reduction in coal’s share and a 1.1pp reduction in gas’s 
share in 2023. After 2023, the model determines which technologies solar replaces in the power 
mix in both baseline and carbon tax scenario. The carbon tax rate remains consistent across 
scenarios, starting at $20 per ton of CO₂ in 2025 and gradually increasing to $100 per ton in real 
terms by 2050. 

Table 2: Solar share and power sector CO2 reductions in 2050 for a different solar share starting point in 2023 

Starting Solar 
Share (2023) 

Solar share 
(Baseline, 2050) 

Solar share 
(Carbon Tax, 
2050) 

Changes in 
solar share due 
to carbon tax, 
2050 

Power Sector CO2 
Reduction in 
2050 (% from 
Associated 
Baseline) 

2.8% 6.4% 15.7% 9.2pp -22.4% 
5.0% 11.3% 26.5% 15.2pp -27.7% 
10.0% 21.0% 43.0% 22.0pp -36.1% 
15.0% 29.4% 53.9% 24.5pp -42.0% 
20.0% 36.7% 61.5% 24.8pp -46.3% 

25.0% 43.0% 66.9% 23.9pp -49.6% 
Source(s): FTT-FLEX for Thailand. 

The results, presented in Table 2, demonstrate that the starting solar share in 2023 correlates with 
the effectiveness of a carbon tax in driving emissions reductions and solar energy adoption by 
2050.13 In diffusion terms, the initial market share of solar affects its ability to compete with gas and 
coal and grow under the influence of a carbon tax.  

When the starting solar share is very low, like the current share of 2.8 percent, the carbon tax 
achieves only a 22.4 percent reduction in CO₂ emissions by 2050, and the solar share grows 
modestly to 15.7 percent. Without a carbon tax, the solar share would have increased to 6.4 
percent, meaning the carbon tax results in an additional 9.2 percentage point increase in solar 
adoption. This limited impact highlights the importance of path dependency and incumbency 
advantage, as the dominant shares of gas and coal (62 and 20 percent respectively in 2023) create 
significant inertia in the diffusion of solar in Thailand.  

In contrast, higher starting solar shares lead to substantially greater emissions reductions. With a 
25 percent starting solar share in 2023, the same carbon tax achieves a 49.6 percent reduction in 
CO₂ emissions, and the solar share rises to 66.9 percent by 2050 (23.9pp increase). This 
underscores the role of knowledge diffusion, where an initially larger solar share enhances 
technology knowledge to investors and accelerates its diffusion in response to the carbon tax. It 

 
13 To see the full emission reduction trajectories resulting from a carbon tax, under different starting levels of 
solar penetration, see the Annex. 
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should be noted that in all cases, the CO₂ reduction exceeds the increase in solar adoption. This 
can be attributed not only to the technology switching effect, but also to the standard impact of a 
carbon tax raising electricity prices, which leads to reduced electricity demand, i.e., a scale effect 
on top of the substitution effect.  

This case study highlights the relationship between the initial solar share and the carbon tax’s 
ability to drive emissions reductions and increase solar adoption. It also highlights the 
complementarity of policies in overcoming diffusion bottlenecks. A carbon tax alone struggles to 
deliver significant results when the solar starting share is too low, because the incumbent 
technologies retain a strong foothold. As explored in World Bank (2023), complementary policies, 
such as direct solar deployment, create the conditions for a carbon tax to be more effective.  

4.4 Indonesia case study: Long-term contracts inhibit transition 

Indonesia's power sector is dominated by coal, which accounted for 61 percent of the generation 
mix in 2023, while solar represented just 0.09 percent. A significant obstacle to solar diffusion in 
Indonesia is the presence of coal subsidies and guarantees, implemented through various 
mechanisms designed to support the coal industry while maintaining low electricity prices. The 
government provides financial support to coal producers and consumers through direct subsidies, 
tax incentives, and price controls. In 2014, subsidies to the coal industry in Indonesia were valued 
at USD 946.1 million (IISD, 2015). 

The National Energy Council, under the Ministry of Energy and Mineral Resources (MEMR/ESDM), is 
responsible for developing Indonesia's National Electricity General Plan (RUKN). The RUKN outlines 
a 20-year projection for the electricity sector, addressing demand and supply projections, 
investment policies, and strategies. Based on the RUKN, the state-owned utility company, PT 
Perusahaan Listrik Negara (PLN), formulates power purchase agreements (PPAs) with coal-fired 
power plants. These agreements often include guaranteed prices and long-term contracts 
extending up to ten years (Transition Zero, 2022), ensuring stable revenue streams for coal 
producers and incentivizing continued investment in coal infrastructure. 

These subsidies and guarantees present significant challenges to Indonesia's low carbon transition 
goals by creating an uneven playing field that disadvantages renewable energy sources. Due to the 
complexity and lack of transparency in the data on various forms of coal subsidies used in power 
generation - some in the form of direct subsidies for coal procurement, others as tax exemptions or 
electricity price controls - this case study focuses specifically on the support embedded in long-
term contracts. 

To approximate the impact of removing such guarantees in the FTT-FLEX framework, we simulate 
policy scenarios that limit the operational lifetime of coal power plants in Indonesia. While this 
proxy is not without limitations, it provides a way to capture the effects of reduced contract 
durations by forcing earlier retirement of coal assets. Specifically, we model the impacts of 
shortening the average operational lifetime of coal plants by 1, 2, 5, and 10 years.14 Given the lack 
of plant-level age data in the model, we base our assumptions on publicly available information 
suggesting that the average age of Indonesia’s coal fleet is approximately 11 years. Therefore, while 
the modeling framework does not explicitly retire plants beyond the new lifetime threshold in the 

 
14 Through adjusting 𝜏𝜏𝑗𝑗, the lifetime of a coal plant, in A𝑖𝑖,𝑗𝑗, diffusion rate calculation (see Section 3.1). 
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first year (e.g. those already older than 30 years), we expect this simplification to have limited 
impact due to the relatively young fleet. Nonetheless, the results should be interpreted with this 
caveat in mind: the actual emissions impact of shortening lifetimes may be less pronounced if 
most existing plants are far from their original retirement age. 

The findings highlight the role that long-term contracts for coal-fired power plants play in hindering 
clean energy adoption in Indonesia. Figure 8 presents the results on emission reductions and solar 
shares associated with different levels of lifetime limits for coal power plants. If the lifespan of coal 
plants was reduced by 10 years, CO2 emissions in 2050 would be 9.5 percent lower than in the 
baseline scenario.  

Importantly, even with forced coal phase-out, solar power does not significantly scale up to fill the 
gap - largely because solar deployment in Indonesia is still underdeveloped. Instead, gas becomes 
the primary substitute (see Figure 8), suggesting that coal-to-gas switching dominates. This result 
underscores that decarbonization requires more than just phasing out coal, in particular at early 
stages of new technology adoption; it demands a broader policy package to accelerate the uptake 
of renewables and avoid simply shifting to other fossil fuel technologies. 

Figure 8. Coal, Solar, and Gas Share of Power Generation in 2050 Under Different Shortening Length of Coal Contract (% 
of Total) 

 
Source(s): FTT-FLEX for Indonesia. 

This finding also underscores the incumbency advantage of coal in Indonesia, where existing 
infrastructure and long asset lifetimes create significant barriers to the transition toward clean 
energy. A critical factor not directly modeled in this analysis is coal pricing subsidies, which are 
substantial and artificially lower the cost of coal-fired power for both producers and consumers. 
These subsidies not only entrench coal’s dominance but also impose a significant burden on public 
finances. Together, the removal of both coal subsidies and long-term guarantees would likely yield 
far greater impacts, accelerating emissions reductions, fostering cleaner energy adoption, and 
improving Indonesia’s fiscal balance. 
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4.5 Viet Nam case study: Economic and political implications of alternative emission reduction 
policies  

Viet Nam's power generation heavily relies on coal, which accounted for 41 percent of the total 
supply in 2023. Hydropower contributes 33 percent, while other renewable energy sources, 
including wind and solar, make up 13 percent of total power output. Notably, solar power has grown 
rapidly in recent years, increasing from less than 3 percent of total power generation in 2019 to 11 
percent in 2022.  

The simulation results for Viet Nam analyze the level of policies required to achieve the same 
cumulative emissions reduction as in a benchmark scenario. We seek, first, to determine the 
required magnitudes of different policy instruments for achieving equivalent emissions reductions 
in Viet Nam's power sector.  Second, to assess qualitatively the policy costs and the broader 
economic, fiscal, and political economy implications of these policies, even when their emissions 
reduction effectiveness is identical. 

The benchmark scenario is a reduction in the lifetime of coal-fired power plants by 7 years. This 
saves 292 MtCO₂ between 2025 and 2050 compared to the baseline scenario. Table 3 below 
summarizes the magnitudes of different policy tools required to achieve the same cumulative 
emissions reduction. 

Table 3: Policy magnitudes required to achieve the same cumulative emission reduction 

Policy Policy Magnitude 
Required (2025–2050) 

Global Policy Examples 

Carbon Tax ($/tCO₂)
  

A tax of $10.5 per tCO₂ in 
2025, gradually increasing 
to $100 per tCO₂ in real 
terms by 2050. 

Taxes of between $0.46 and$167 per tCO2 in  
20241 

Solar Subsidies (% 
of capital costs) 

Covering 88% of the capital 
costs for solar. 
 

Solar subsidies take various forms, 
including tax credits, purchase subsidies, 
and feed-in tariffs, typically covering 
between 20% and 60% of costs.2 

Kick-Start of Solar 
(% share increase) 

A mandated one off 3.3% 
increase in the total share 
of power generation in 
2025. 
 

Renewable Portfolio Standards (RPS) are 
regulations that mandate increased 
electricity generation from renewable 
energy sources. For example, the U.S. 
Mandatory State RPS includes specific 
solar targets, ranging from 0.2% to 4.5% by 
20253. 

Coal Lifetime Limit 
(years) Benchmark 
Scenario 

Required reduction of coal 
plant lifetime by 7 years 
(from 40 years to 33 years). 

As of 2021, 18 countries committed to 
phasing out coal by 2030, 8 by 2040, and 9 
by 20504. 

Source(s): FTT-FLEX for Viet Nam.1 https://carbonpricingdashboard.worldbank.org/compliance/price 2 IEA Policies and 
Measures Database (PAMS) 3. United States Environmental Protection Agency (2025) 
https://www.epa.gov/statelocalenergy/energy-and-environment-guide-action-chapter-5-renewable-portfolio-standards. 
4 Our World in Data: When will countries phase out coal power? 

https://carbonpricingdashboard.worldbank.org/compliance/price
https://www.epa.gov/statelocalenergy/energy-and-environment-guide-action-chapter-5-renewable-portfolio-standards
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Even though the cumulative emissions reductions are the same, the emissions reduction profiles in 
Viet Nam differ significantly depending on the policy instrument implemented, reflecting their 
mechanisms and designs (see Figure 9). For example, the Kick-Start Solar policy leads to an 
immediate reduction in emissions by directly increasing the share of solar in the energy mix through 
a mandated intervention. However, its impact diminishes over time, as this one-off policy does not 
address the structural dominance of coal in the power sector, limiting the momentum for further 
reductions. 

In contrast, a carbon tax designed to start at a relatively low level, gradually increasing over time 
produces a slower initial reduction in emissions, as coal continues to dominate in the early years. 
However, as the tax rises, it builds momentum, accelerating emissions reductions by incentivizing a 
steady shift toward cleaner energy sources. This encourages a structural transition from coal to 
solar, and hence more significant emissions reductions in the later years. 

Figure 8: CO2 emission Reduction Profile in Viet Nam from Four Equivalent Policy Options 

 
Source(s): FTT-FLEX for Viet Nam. 

The FTT model does not permit a quantitative comparison of the economic welfare cost of these 
instruments.  But it is possible to make a simple qualitative comparison – assuming a dollar of 
government revenue, consumer and producer surplus are each valued the same.   

• A carbon tax implies a consumption deadweight loss (because consumption is reduced 
below economically optimal levels) and a production deadweight loss (because green 
production is pushed beyond economically optimal levels).  Underlying these net effects 
are a loss in consumer surplus, increase in tax revenue, a reduction in producer surplus for 
carbon generators, and an increase in producer surplus for green generators. 

• A green subsidy implies only a production deadweight loss because green production is 
pushed beyond economically optimal levels.  Underlying this net effect is a decline in tax 



21 
 

revenue, a reduction in producer surplus for carbon generators, and an increase in producer 
surplus for green generators. 

• A green kickstart resembles a green subsidy in that it implies only a production deadweight 
loss because green production is pushed beyond economically optimal levels. But the cost 
is borne not by the government but by green producers.   

• Reducing the lifetime of coal power plants implies a higher average cost for coal-based 
generators, as they are obliged to spread the fixed cost of a plant over a shorter period.  The 
coal lifespan reduction resembles a carbon tax in leading to a consumption deadweight 
loss (because consumption is reduced below economically optimal levels) and a 
production deadweight loss (because green production is pushed beyond economically 
optimal levels).  But the economic welfare cost of a lifespan reduction is higher than that of 
a carbon tax:  the early termination of a coal plant has no economic benefit whereas a 
carbon tax benefits the government. 

To sum up, from a purely economic welfare perspective (not considering the environmental 
benefits):  a coal plant lifetime reduction is most costly; a carbon tax comes next; a green subsidy 
and a green kickstart are the same, but the costs are borne by the government and the green 
generator, respectively. Table 4 summarizes these trade-offs. 

Table 4: Economic Impacts of Power Sector Policies Across Stakeholders 

Policy Brown Producers Green Producers Consumers Government  
Carbon Tax Negative (higher 

costs, reduced 
competitiveness) 

Positive (higher 
competitiveness 
due to coal cost 
increase) 

Negative (higher 
electricity price) 

Transfers from 
producers to 
government via 
tax revenues 

Green 
Subsidies 

Negative (reduced 
competitiveness) 

Positive (lower 
capital costs, 
increased 
deployment) 

Positive (if 
subsidies are 
passed on to 
final electricity 
price) 

Transfers from 
government to 
green 
producers 
through 
subsidies 

Green Kick 
Start 

Negative (reduced 
competitiveness) 

Negative if 
implemented only 
because 
mandated by 
government. 

May affect 
consumers if 
green 
technology has 
a higher or 
lower LCOE 
than brown 
technology 

Transfers from 
government to 
green 
producers if 
funded publicly. 

Limit Coal 
Lifetime 

Negative (stranded 
assets, lost 
revenues) 

Positive 
(opportunities to 
replace coal 
generation) 

Negative (if 
additional costs 
are passed on 
to consumers) 

No transfers 
(unless 
government 
chooses to 
compensate 
brown 
producers) 
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Given the path-dependent nature of technology diffusion and political opposition from specific 
groups, a combination of policies may provide the most effective approach to decarbonization. 
Careful sequencing of policies could help to overcome political economy constraints. For example, 
carbon pricing, green mandates, and efficiency standards may need to be phased in and 
complemented with support to soften opposition from the owners of potentially stranded assets 
(Rozenberg et al. 2020). Survey evidence from 20 countries confirms that support for subsidies to 
low-carbon technologies is greater than support for carbon pricing (Dechezleprêtre et al. 
forthcoming). Politically salient objectives, such as “green jobs”, may be a way to promote the green 
transition (Rodrik 2014). But there may be a political cost to implementing inefficient programs. De 
Groote et al. (2024) study the political reaction to a generous solar-panel subsidization program: 
Belgian voters punished incumbent parties upon realizing that the financing costs would be high, 
fall largely on non-beneficiary taxpayers, and benefit foreign solar panel producers.  

 

4.6 China case study:  Setting global solar technology prices 

The case study for China uses the global version of the FTT:Power model (Mercure, 2012). It is linked 
to the E3ME macro-econometric model (Mercure et al, 2014; Mercure et al, 2018) to provide an 
integrated technology-economy assessment of achieving carbon neutrality in China. In this 
scenario, China’s twin goals of peaking emissions around 2030 and achieving carbon neutrality by 
2060 are met. China’s power sector reaches net-zero emissions in the mid-2040s. 

The main policies relevant to the power sector are listed in Table 5. The results are compared to a 
baseline case in which current policies are maintained but no new climate policies are introduced. 
Critically, in both the baseline case and the scenario, other countries are assumed not to increase 
their climate ambitions beyond current NDC targets. 

Table 5: Main policies for the power sector in China 

Policy 
 

Details 

For all sectors:  
Energy efficiency regulation Ambitious improvements in energy efficiency 

are mandated (based on IEA potential 
estimates), leading to reductions in electricity 
demand. 

Carbon pricing  More ambitious carbon pricing is phased in 
gradually, reaching $285/tCO2 by 2050.  

  
Power sector only:  
Early phase-out of coal-fired power No new coal capacity is allowed from 2030 and 

all coal plants are shut by 2040. 
Subsidies for renewables Capital subsidies and feed-in-tariffs are used 

to reduce levelized costs for renewable 
technologies. 
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The scale of China’s energy system means that changes in policy in China impact on global markets 
(see Figure 10). For example, large-scale investment in solar PV in China lowers prices worldwide. 
By 2040, the levelized cost of solar outside China is 3.7 percent lower in the scenario than in the 
baseline. Solar power generation increases by almost 10 percent outside China, due to a 
combination of the lower costs and higher demand from electrification of transport and household 
heating. 

As a result, global energy CO2 emissions outside China are 3 percent lower in the scenario than in 
the baseline by 2040. Overall, spillover effects mean that for every nine tons of emissions reduced 
by China, the rest of the world reduces emissions by one ton, even in the absence of further policy. 

Figure 9: China Learning-by-Doing Spillovers to Rest of the World  

 
Source(s): FTT-Power.  

5 Conclusion  

This paper studies the effectiveness of different policy options to accelerate the adoption of low-
carbon technologies such as solar and wind power, whose widespread deployment is essential for 
effective climate mitigation. While significant global progress in cost reductions and technology 
diffusion has occurred, this progress remains uneven due to various local economic conditions and 
policy environments. Using the Future Technology Transformation (FTT) model, we take into 
account often neglected factors such as path dependence and technological uncertainties to 
analyze how different policy instruments can effectively overcome barriers to technology diffusion. 

Our analysis highlights the differences between price-based and non-price policy measures, which 
have not been studied extensively in the policy modeling literature. We examine case studies from 
four EAP countries - Indonesia, Thailand, Viet Nam, and China - each representing distinct stages of 
renewable energy adoption and global influence.  
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Our results suggest that in cases where existing power purchase agreements offer long-term 
assured prices for fossil fuel–generated power, as in Indonesia, limiting the life of coal-fired power 
plants can help to move away from emission-intensive coal. Nevertheless, in the case of Indonesia 
where solar has seen very little adoption, coal-to-gas switching dominates. Limiting coal plant 
lifetime is not enough to overcome other market failures preventing the adoption of renewables like 
solar without additional policy interventions.  

Win-wins could be further harvested by addressing domestic market failures, such as those arising 
from coordination failures and dynamic economies of scale, which limit investment in green 
infrastructure. In particular, our simulation results underscore the potential ineffectiveness of 
pricing instruments alone in early stages of diffusion. Given the high fixed costs associated with 
building and adopting new technologies, as well as the need for synchronized action across 
interdependent areas (infrastructure, skills), a kick-start through centrally coordinated quantitative 
targets may be necessary in countries with low shares of renewables. Prior policy action to remedy 
policy distortions (such as long-term power purchase agreements) and coordination failures (such 
as kick-starts) is likely to increase the efficacy of these fiscal instruments. 

Finally, political challenges affect the feasibility of different policy options. As shown, the 
distribution of costs across stakeholders varies by instrument. Policies that impose direct costs on 
businesses or consumers (such as carbon taxes or early coal retirements) may face stronger 
opposition. Subsidy-driven policies may be more politically palatable, but they require fiscal 
resources; the raising or diverting of resources may provoke opposition from those who bear the 
cost.  

Given the path-dependent nature of technology diffusion and political opposition from specific 
groups, a combination of policies may provide the most effective approach to decarbonization. 
Careful sequencing of policies could help to overcome political economy constraints.   
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Annex  
Figure A: Power Sector CO2 emissions in Thailand under different solar share starting point in 2023, Baseline vs Carbon 
Tax, mTCO2    

 
Source(s): FTT-FLEX for Thailand. 
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