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Abstract: 

This analysis investigates the cost of carbon capture from the US natural gas-fired electricity generating 
fleet comparing two technologies: Post-Combustion Capture and Direct Air Capture (DAC). Many Natural 
Gas Combined Cycle (NGCC) units are suitable for post-combustion capture. We estimated the cost of 
post-combustion retrofits and investigated the most important unit characteristics contributing to this 
cost. Units larger than 350 MW, younger than 15 years, more efficient than 42% and with a utilization 
(capacity factor) higher than 0.5 are economically retrofittable. Counterintuitively, DAC (which is usually 
not considered for point-source capture) may be cheaper in addressing emissions from non-retrofittable 
NGCCs. DAC can also address the residual emissions from retrofitted plants. Moreover, economic 
challenges of post-combustion capture for small natural gas-fired units with low utilization, such as gas 
turbines, make DAC look favorable for these units. Considering the cost of post-combustion capture for 
the entire natural gas-related emissions after incorporating the impact of learning-by-doing for both 
carbon capture technologies, DAC is the cheaper capture solution for at least 1/3 of all emissions.   
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Introduction and Objectives: 

In the United States utility level electricity emissions, although on a gradual declining path, contributed 

about a third of total greenhouse gas emissions1. The replacement of coal with cheap unconventional 

natural gas is the primary reason for the recent reduction in the US CO2 emission2, increasing the 

importance of natural gas power as a source of greenhouse gas emissions. In spite of the current 

reduction in emissions, the United States, along with other industrial countries, is not on a path to 

deliver the promises made in Paris3. 

The main effort in the decarbonization of dispatchable electricity generation has been focused on 

Carbon Capture and Storage (CCS) in the form of post-combustion capture with liquid sorbents. Due to 

its similarity to other pollution control technologies, post-combustion capture technology is more 

mature than other forms of CCS. Even though it lends itself to retrofitting existing plants, post-

combustion capture is usually considered for new power plants. The cost of retrofitting existing power 

plants is generally higher than the cost of incorporating CCS into a new plant4.  Nevertheless, under the 

aggressive scenarios for decarbonization considered today5, retrofitting existing plants will be important. 

Rubin and colleagues investigated the decarbonization potential of the US coal-fired power plant fleet 

through retrofit with commercially available amine-scrubbing post-combustion systems6. Assuming a 

30% CO2 removal goal, which is in line with the Environmental Protection Agency’s (US EPA) Clean 

Power Plant proposal established in 20147, for each coal-fired generating unit in the 2010 US electricity 

grid, they concluded that 98 out of 627 units, or 24% equivalent of the US coal-fired fleet capacity is 

suitable for retrofit. Their study considers a plant retrofittable if its Levelized Cost of Electricity (LCOE)8 

after retrofit is lower than or equal to the LCOE of a benchmark new NGCC plant. Plants with higher 

capacity and utilization levels that are substantially amortized and can continue to operate for more 

than 20 years were identified as the most promising choices for CCS retrofit. An important outcome of 

this study was that the majority of the existing coal-fired power plants are ill-suited for post-combustion 

capture retrofit. This is not only due to their low efficiency or old age but also due to the low utilization 

level of many of these plants. 

Despite the lower carbon-intensity of natural gas-fired electricity, a conversion from coal to natural for 

electricity generation falls far short of stabilizing the CO2 concentration in air. Natural gas power plants 

in the US are not generally considered for post-combustion capture; however, the majority of the 

natural gas generation capacity (and emissions) comes from Natural Gas Combined Cycle (NGCC) plants 

which could be equipped with post-combustion capture for emission reduction9. About 80% of natural 
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gas electricity generation is from NGCC plants and the remainder comes from a large number of gas and 

steam turbines with small capacities that are not typically considered for carbon capture10. Gas turbines 

are extensively used to generate electricity during peak hours but sit idle most of the time.  

This work investigates the true potential of post-combustion capture technology for decarbonization of 

the US natural gas-fired electricity from an economic perspective and assesses the opportunity for an 

unconventional CCS technology, Direct Air Capture (DAC), to address the residual emissions. DAC 

removes CO2 directly and can, therefore, address emissions from any source.  

By collecting unit-level information for the existing natural gas-fired electricity generating units, the cost 

of retrofit with post-combustion capture was calculated for each unit and was compared to the cost of 

DAC. The cost of DAC was occasionally found to be cheaper than post-combustion capture, despite the 

thermodynamically greater difficulty of separating CO2 from the air rather than flue gas11. 

In the next step, cost reductions as a result of “learning-by-doing” were incorporated into the 

comparison between power plants’ retrofit and DAC. The path to scale-up and the resulting cost 

reductions due to learning are fundamentally different for post-combustion capture and DAC. Post-

combustion capture units are inherently custom-made to match the specific plant and flue gas stream 

they are designed for, while DAC units are stand-alone and process a consistent feed of CO2 from the air. 

Accounting for the fundamentally different scale-up approaches, we projected the future cost of the 

two technologies when implemented at scale.  

Lastly, we use the projected future costs to work out an example of total decarbonization of the US 

natural gas fleet by a combination of the two capture technologies. We argue that post-combustion 

capture alone is not sufficient for deep decarbonization and there exists an optimum combination of the 

two technologies which minimizes the total cost of decarbonization.  
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Material and Methods 

The Generation Resource Integrated Database (eGRID)10 was the primary source of data for this analysis. 

The cost of post-combustion capture retrofit was estimated for the existing NGCC units. Then the cost of 

retrofit was compared with different Direct Air Capture cost scenarios from commercial-scale plants in 

the literature.  

In the next step, we incorporated learning-by-doing for both DAC and post-combustion. Experience 

curves from the literature and for similar technologies were utilized in this comparison and multiple 

learning scenarios were developed.   

Power Plant Databases: 

Typically, an NGCC unit has one or more Combustion Turbines (CT) and usually one Steam Turbine (ST). 

A power plant complex may have one or multiple NGCC units and each NGCC unit has multiple CTs and 

STs. eGRID 2016 includes granular data for each CT and ST attached to the US electricity grid. The initial 

database was further processed to obtain a complete data record for each NGCC unit. Each record 

includes a unit’s characteristics (nameplate capacity, age, location) as well as its 2016 operational 

information (electricity generation, heat input, CO2 emissions). More on datamining and statistical 

information of NGCC units can be found in section S1 of the Supporting Information (SI).  

Our database includes 670 NGCC units. We used each unit’s characteristics such as age, nameplate 

capacity (NAMEPCAP) and net efficiency in addition to the unit’s utilization level or capacity factor (CF) 

to estimate its cost of retrofit. The capacity factor is a measure of the utilization level of a power 

generating unit calculated as: 

𝐶𝐹 =
𝐴𝑛𝑛𝑢𝑎𝑙 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑃𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝐴𝑛𝑛𝑢𝑎𝑙 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛
=  

𝐺𝐸𝑁𝑁𝑇𝐴𝑁 (𝑀𝑊ℎ)

𝑁𝐴𝑀𝐸𝑃𝐶𝐴𝑃 (𝑀𝑊) × 8766 (ℎ)
 

GENNTAN is the amount of electricity generated by a unit in one year. According to the United States 

EPA, units with CF < 0.2 are considered to be peakers and those with CF > 0.8 are considered baseload10. 

Figure S2 plots the cumulative generation and the cumulative number of units below a given capacity 

factor for US NGCC and non-NGCC electricity generation in 2016 as a function of the capacity factor. 

Missing data in the original database (eGRID 2016) invalidate some of the NGCC records. 513 out of 670 

data records were identified as valid and used for the calculations. See section S1 of the SI for more 

details about the assumptions in our data analysis, and section S2 for a validation analysis by a machine 
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learning algorithm. Results from the validation analysis show that excluding the invalid datapoints does 

not cause a significant error in the final analysis. 

Only units larger than 25 MW and younger than 25 years old were considered for retrofit in this analysis 

(retrofittable units). This translates to 462 out of the 513 NGCC units, which provide 95% of the total 

NGCC generation capacity and 96% of the NGCC electricity generation. 

Retrofit Cost Calculation: 

The Integrated Environmental Control Model (IECM, version 11.2)12, developed by Carnegie Mellon 

University, is a power plant cost analysis tool for different types of fossil fuel power plants with various 

environmental control units. Considering the amine-scrubbing technology for post-combustion, we 

adopted IECM and its cost information to build a cost model for NGCC units and their retrofits. The cost 

model allows us to estimate the cost of avoided CO2.   

To develop the cost model, we assumed the maximum input heat rate (or power block capacity) of each 

NGCC unit remains constant after retrofit; however, it suffers an energy penalty equivalent to a 

reduction by 7 percentage points in the net efficiency due to retrofit9. As an example, retrofitting an 

NGCC unit with a net efficiency of 50% results in a unit with a net efficiency of 43%. All efficiency values 

in this analysis are based on higher heat values or HHV. 

The internal heat and electricity consumption for the amine-scrubber is responsible for the efficiency 

loss. The energy penalty reduces the maximum available capacity (nameplate capacity) for electricity 

generation in each unit. We assumed a similar level of annual electricity generation for each unit after 

retrofit (to prevent generation loss in the grid). Given the lower available capacity, the capacity factor of 

the units increases after the retrofit.  

Table 1 summarizes the important assumptions and parameters used in the model. The unit retirement 

age and maximum economic book life (amortization duration) were both set to 30 years. The economic 

book life of the post-combustion capture equipment installed for each unit was assumed to be equal to 

the remaining lifetime of that unit. A retrofit cost factor ranging between 1 and 1.25 has been suggested 

to capture the additional cost and site-specific difficulties of retrofit for existing power generating 

units13. We assumed a constant retrofit cost factor of 1.15 for the NGCC fleet. Assumptions and 

parameters not listed in Table 1 are set to IECM default12.  

The Cost of CO2 (𝐶𝑂𝐶) avoided is estimated by comparing the Levelized Cost of Electricity between the 

reference (𝐿𝐶𝑂𝐸𝑟𝑒𝑓) and the retrofitted unit (𝐿𝐶𝑂𝐸𝑟𝑒𝑡𝑟𝑜𝑓𝑖𝑡)14:  
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𝐶𝑂𝐶 ($/𝑡𝑜𝑛 𝐶𝑂2)  =
𝐿𝐶𝑂𝐸𝑟𝑒𝑡𝑟𝑜𝑓𝑖𝑡 −  𝐿𝐶𝑂𝐸𝑟𝑒𝑓 ($/𝑀𝑊ℎ)

𝑅𝑂𝐸𝑟𝑒𝑓 − 𝑅𝑂𝐸𝑟𝑒𝑡𝑟𝑜𝑓𝑖𝑡  (𝑡𝑜𝑛 𝐶𝑂2/𝑀𝑊ℎ)
 

1 

𝑅𝑂𝐸 is the rate of CO2 emission per MWh of electricity. The difference between 𝐿𝐶𝑂𝐸𝑟𝑒𝑓 and 

𝐿𝐶𝑂𝐸𝑟𝑒𝑡𝑟𝑜𝑓𝑖𝑡 derives from the capital and O&M costs of the post-combustion unit as well as the 

additional cooling capacity required for CO2 capture. More details about the cost model are available in 

section S4 of the SI
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Table 1 Assumptions used in the retrofit cost model (for more details see section S4 of the SI) 

Parameter Assumption 

 

NGCC Unit 

Other air pollution control None 

Cooling technology a Wet tower 

 

Fuel  

Natural gas price $3/MMBtu ($2.84/GJ)  

Natural gas Higher Heating Value (HHV) 22,442 Btu/lb natural gas (52.2 MJ/kg) 

CO2 to natural gas mass ratio after combustion 2.764 kg CO2/kg natural gas 

 

Carbon Capture System & Retrofit Adjustments 

System type Amine Scrubbing 

Capture efficiency a  90% 

Transportation & Storage (T&S) Not included 

Retrofit energy penalty 7% efficiency loss in power block 

Extra cooling capacity after retrofit Yes 

  

Financial 

Year Cost Reported 2017 

Dollar type Constant 

Discount Rate a 7.09%  

NGCC unit age reference year 2016 

NGCC unit economic book life (and retirement age) 30 yrs 

Post-combustion capture unit economic book life 30 yrs – age of NGCC unit  

Additional retrofit cost factor  1.15 times of amine-scrubbing 

equipment capital cost 

a IECM default values
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Learning-by-Doing: 

Historical cost trends for different technologies demonstrate a decrease in the unit cost of output as a 

technology is adopted and applied at increasing scales15–17. For every doubling in the cumulative 

production (or installed capacity), the output cost decreases by a fraction (𝜀): 

𝑌 =  𝑎 𝜀log2 𝑋 =  𝑎 𝑋log2 𝜀 2 

Where 𝑌 is the unit cost of output after the cumulative production of 𝑋 units. Variable 𝑎 is the cost of a 

unit at the beginning of learning and 𝜀 is a constant fraction for each technology. The learning rate 

parameter (𝐿𝑅) is defined as: 

𝐿𝑅 = 1 −  𝜀  

The concept of learning-by-doing is widely used in academia and policy analysis to project future costs 

of technologies, especially in the energy and environmental domains17–21. When there is no historical 

learning curve for a multi-component system, one can use a component-based learning curve to break 

the system into its components and use available learning data for each component22. We adopted a 

component-based learning model to project the future cost of carbon mitigation technologies.  

Post-Combustion Capture Learning: 

Conventional economies of scale lower the cost for larger post-combustion units. But obtaining more 

experience in the implementation of a new technology by building more units, can also reduce the cost. 

Based on the analysis in ref. 23, a component-based learning model for capital and operating and 

maintenance (O&M) costs as well as system performance were used to investigate the impact of 

learning on cost reductions in retrofitting.  

The learning effect is applied to the cost of CO2 capture through a reduction in the capital and O&M cost 

of the post-combustion capture unit and subsequently a lower LCOE after the retrofit. Therefore, the 

cost of electricity after retrofit (𝐿𝐶𝑂𝐸𝑟𝑒𝑡𝑟𝑜𝑓𝑖𝑡) must be broken down into its components and 

recalculated to reflect the lower capital and O&M cost of the post-combustion capture unit after 

learning. 

Direct Air Capture Learning: 

Direct air capture technology is in its infancy and unlike amine-scrubbing for post-combustion capture, 

no specific air capture technology prevails over other alternatives. From a passive capture system with 
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solid sorbents to forced capture with hydroxide solution, different companies, and research groups have 

suggested a variety of sorbents and DAC designs24–26. As a result of this uncertainty for an emerging 

technology, this model is not focused on any specific DAC design. A generalized DAC cost model with 

two components is used in this study: 

𝐷𝐴𝐶(𝑛) = 𝑐 + 𝑟(𝑛) 

𝑐 is an irreducible cost component, not subject to learning, while 𝑟 is the reducible cost affected by the 

maturity of the technology (𝑛 or the implemented capacity). In other words, 𝑐 is the lowest possible cost 

for a mature DAC technology. Using equation 2, we can rewrite the cost of DAC as: 

𝐷𝐴𝐶(𝑛) = 𝑐 + 𝑟1 𝑛log2 𝜀 3 

𝑟1 is the initial value of the reducible cost when learning begins.  

It has been observed that a modular mass-produced technology (e.g. internal combustion engines, solar 

PV modules, etc.) experiences a higher learning rate compared to a custom-made large-scale technology 

(e.g. post-combustion capture units, pulverized coal power plants, etc.)27. We take advantage of this 

observation and choose a mass-production approach of relatively smaller DAC units (1,000-ton 

CO2/year) for scale-up. This leads to a larger number of DAC units produced compare to post-

combustion units for natural gas-fired electricity decarbonization.
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Results and Analysis 

The retrofit cost analysis model was employed to calculate the cost of post-combustion retrofits for the 

US NGCC fleet. Retrofit feasibility is determined by comparing the cost of post-combustion capture with 

that of direct air capture. The models incorporate cost reduction projections from learning-by-doing for 

post-combustion capture and direct air capture technologies. These reductions are included in an overall 

cost-optimization.  

Electricity and CO2 capture cost before and after retrofit: 

The total US NGCC fleet capacity in our database is about 275 GW. It generated 28% of the total US 

electricity in 2016. For the units considered for retrofit, the weighted average 𝐿𝐶𝑂𝐸 is $48/MWh. For 

units with a capacity factor of 0.75 and higher, the average is $37/MWh which agrees with the 

benchmark NGCC cost used in the analysis by Rubin and colleagues6.  

After the retrofit, an average increase of $29/MWh was observed in the 𝐿𝐶𝑂𝐸 ($17/MWh 𝐿𝐶𝑂𝐸 

increase for units with a capacity factor of 0.75 and higher). The cost of capture (𝐶𝑂𝐶) varies from $42 

per metric ton of carbon dioxide (ton) for the cheapest plant to over $20,000/ton for the most 

expensive plant with an average of $80/ton ($50/ton average 𝐶𝑂𝐶 for units with a capacity factor of 

0.75 and higher).  

What does retrofit feasibility mean? 

Rubin and colleagues compared the 𝐿𝐶𝑂𝐸 of the retrofitted units with that of a benchmark NGCC unit 

to determine the retrofit feasibility of coal-fired power plants6. We compare the cost of capture by post-

combustion with that of direct air capture to determine the cheaper mitigation technology for each unit. 

DAC is currently under commercial development by several companies around the world28,29. 

Climeworks has already achieved a capture cost of $500-$600/ton30 and Carbon Engineering estimated 

$94-$232 per ton of CO2 for their commercial plant31. To account for uncertainty, we assumed a high-

end DAC cost of $550/ton based on Climeworks’ report and a low-end cost of $100/ton based on Carbon 

Engineering’s future plant. Based on the cost of post-combustion capture, NGCC units are categorized 

into three groups: below $100/ton, below $550/ton, and above $550/ton. 

The Retrofit potential of the existing NGCC fleet: 

Figure 1 illustrates the results of retrofit cost analysis and comparison with the cost of DAC. Figure 1a 

shows the cumulative distribution of 𝐶𝑂𝐶 for those NGCC units that are considered for retrofit. The cost 
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of post-combustion capture for about 60% of the NGCC units in this analysis is less than $100/ton and 

95% of the units have a 𝐶𝑂𝐶 lower than $550/ton. Note that the percentage values are based on the 

number of NGCC units considered for retrofit and not all the units. As mentioned in the Material and 

Methods section, we assumed a constant natural gas price at $3/MMBtu. The Sensitivity of these results 

to the price of natural gas is investigated in section S5 of the SI.   

 

Figure 1 a) cumulative distribution of the cost of CO2 capture for the NGCC units considered for retrofit against the cost of 

captured CO2. Vertical lines show the two DAC cost scenarios from Climeworks and Carbon Engineering. b) cost of capture 

plotted against the percentage of decarbonization of natural gas-based electricity generation. Starting from the cheapest NGCC 

unit, the decarbonization cost goes up, as the remaining NGCC units become harder to retrofit. Retrofitting all retrofittable units 

result in a 66% decarbonization. The remaining emissions combine the residual emissions after post-combustion capture of the 

retrofitted units (hatched area) and the emission from non-retrofittable natural gas units (cross-hatched). 
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The horizontal axis in Figure 1b represents the total CO2 emissions from natural gas electricity 

generation in the US. The black curve shows the increase in the cost of carbon capture as more NGCC 

units are retrofitted. The cost of capture for the most suitable unit for retrofit is $42/ton. Units are 

sorted based on their cost of retrofit and retrofitting each consecutive unit increases the level of 

decarbonization of the fleet as well as the cost of capture. The cross-hatched area representing units 

that cannot be retrofitted contributes 25% of the total CO2 emissions from natural gas plants. These 

include all non-NGCC types of units, among them NGCC units smaller than 25 MW or older than 25 

years. The hatched area represents the residual emissions of the retrofitted units. 

About 55% of the emissions can be captured at a price below $100/ton; however, the cost of capture 

increases to over $20,000/ton as one approaches 66% decarbonization. Direct air capture, at $550/ton, 

is cheaper than post-combustion capture for the last few plants. The remaining 34% of emissions can 

only be captured by DAC, even at $550 per ton. If DAC costs drop to $100/ton, this technology could 

effectively address 45% of the total natural gas emissions. This exceeds 250 million tons of CO2 annually.  

As mentioned before, the cost of CO2 transportation is not included in this analysis. The concentration of 

CO2 in the air is roughly constant everywhere, therefore, DAC can be implemented at the site of storage 

or utilization which eliminates the cost of CO2 transportation32. The cost of transportation for post-

combustion capture depends on a unit’s location and its distance from a CO2 storage or utilization site. 

Calculating the unit-specific cost of transportation is out of the scope of this work; however, considering 

the location of the US NGCC units provides useful insights. Figure 2 illustrates that most of the NGCC 

generation capacity in the continental United States is concentrated along the West Coast and the East 

Coast. Southern states also host a large number of NGCC units. The cost of transportation per ton of CO2 

is lower when a large generation capacity is concentrated in an area. For the isolated generating units in 

the middle of the country, however, the cost of transportation is likely higher. As a result, some plants 

with a relatively low cost of capture may not be retrofittable due to the high cost of CO2 transport (e.g., 

units labeled with a red star). 
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Figure 2 Distribution of the existing NGCC fleet in the continental United States. The size of bubbles represents the relative size of 

the units’ capacity. 

Identifying feasibility characteristics: 

The box plots shown in Figure 3 are useful for identifying the impact of the key characteristics 

considered in our retrofit cost calculations on the cost of CO2 capture. We consider units with a cost of 

capture below $100/ton as likely retrofittable and those with the cost of capture above $550/ton are 

likely to be non-retrofittable. Retrofittable units demonstrate a higher median in nameplate capacity, 

net efficiency and capacity factor and a lower median in age. The interquartile range (IQR) values for 

retrofittable and non-retrofittable units are very well separated except for unit age. The age IQR for the 

retrofittable units is between 10 and 14, while non-retrofittable units have an IQR between 15 and 23. 

The age range overlap between the clusters is more evident when units below $550/ton are compared 

with those above $550/ton. In other words, the cost of retrofit is weakly correlated with units’ age 

except for plants older than 20 years. Comparing the retrofittable and non-retrofittable units by their 

capacity factor, on the other hand, distinctly separates the two clusters. No generating unit with a 

capacity factor lower than 0.2 is categorized as retrofittable. 

Based on the results in Figure 3 retrofittable NGCC units are larger than 350 MW, younger than 15 years, 

have a net efficiency higher than 42% and a capacity factor higher than 0.5. 
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Figure 3 Box plots to display the distribution of each key attribute for clusters of post-combustion capture cost (i.e. below 

$100/ton or retrofittable, below $500/ton, and above $550/ton or non-retrofittable). a) Units’ nameplate capacity distribution 

for each cost category. b) Units’ age distribution for each cost category. c) Units’ net efficiency for each cost category. d) Unit’s 

capacity factor for each cost category.  

Learning-by-doing: 

To incorporate the impact of learning in post-combustion capture, the learning curve from equation 2 

was used to calculate the cost reduction for each cost component of an amine scrubber, i.e., the capital 

($/MW), fixed O&M ($/MW/yr) and variable O&M ($/MWh). A learning curve is also applied to the size 

of the energy penalty of the amine scrubber23. Applying learning formulas to generating units is 

complicated by the fact that different units use slightly different capture system, with different initial 

capital and O&M costs at the beginning of the learning curve. 

To address this issue, van den Broek et al.23 assumed that capital and O&M cost for all units are the 

same if normalized for unit output or unit capacity (see Table 5 of the article by van den Broek and 

colleagues). In this analysis, instead of one data point, we bounded each cost component by an interval. 
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To do so, we calculated an average and standard deviation for each cost component for all the 

retrofitted NGCC units. Then, for each cost component, we used a range between 1.5 standard 

deviations below and above the average. We then recalculated an upper and a lower cost of retrofit for 

each unit using this range of uncertainty. These bounds provide a common ground for all units to apply 

the learning equation (see section S6 of the SI). Since the cost of retrofit for each plant is between the 

simplified upper and lower estimates, the cost of retrofit after learning falls within the upper and lower 

learning range as well.  Included in the learning model is a reduction in the initial energy penalty with an 

initial value of 7% net efficiency loss. 

The literature suggests that learning should be taken into account only after a certain amount of 

experience has been gained before the widespread commercial implementation of a technology19,23. 

Some papers propose that there also exists an end point for the projected learning curve8. Similar to 

Rubin and colleagues19, we assumed a pre-learning phase equivalent to the first 3 GW NGCC capacity 

retrofitted. The learning end point is not considered in this analysis for post-combustion, but it is 

included in the direct air capture analysis. The range of cost components, as well as learning rates for 

the amine-scrubbing system, are summarized in Table 2. Learning values for the amine system are 

collected from ref 23. 

Table 2 Range of cost components, learning rates and other assumptions used for post-combustion retrofit and direct air 

capture 

Parameter Value Learning Rate 

Amine-scrubbing post-combustion capture 

Retrofit energy penalty 7% efficiency loss in power block 2% - 7% 

Capital cost a $550 - $1090 per kW-net power b 6% - 17% 

Fixed O&M cost a, c $5 - $50 per kW-net power per year 6% - 17% 

Variable O&M cost a $2 – $4.2 per MWh-electricity 10% - 20% 

Pre-learning phase installed capacity 3 GW of NGCC capacity N/A 

Direct Air Capture 

Initial DAC cost $100 - $550/ ton N/A 

Initial reducible cost (𝑟1) $50 - $450/ton 10% - 20% 

Irreducible Cost (𝑐) $50-$100/ton 0% 

DAC Device Capacity 1,000 ton /year N/A 
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Pre-learning phase installed capacity First 60 units N/A 

a Values range between 1.5 standard deviations below and above the mean for all of the considered NGCC units. 

b The capital cost range in this table includes the 1.15 multiplier accounting for the additional difficulty of a retrofit. 

 

The area shaded grey in Figure 4a illustrates the probable range of post-combustion capture cost with 

learning. The positive slope of the curves at the beginning of post-combustion implementation (a very 

short section at the left-hand side of the curve) demonstrates the pre-learning phase. Learning starts 

after retrofitting 3 GW of NGCC capacity (equivalent to the first 6 NGCC units). The pre-learning phase is 

an opportunity for technology practitioners to learn through trial and error in the early stage of the 

technology adaptation while no cost reduction is achieved. After the pre-learning phase until about 

50%-65% decarbonization level, the cost of capture is roughly constant and below $100/ton. Cost 

reductions from learning effectively balance out cost increases from retrofitting less-suitable units. After 

that point, the cost of CO2 capture starts increasing rapidly, going beyond $1000/ton at 66% 

decarbonization. As part of the model assumption, post-combustion capture cannot go beyond 66% 

decarbonization since the CO2 capture efficiency is set to 90% and some NGCC units as well as all other 

non-NGCC units are deemed non-retrofittable.  

Similarly, to integrate DAC learning into the model, an upper and a lower limit of initial reducible cost 

(𝑟1) and irreducible cost (𝑐) were used (equation 3). Given the fact that modular technologies such as 

photovoltaic solar modules have generally demonstrated a higher learning rate27, two learning scenarios 

with learning rate values of 10% and 20% are employed for direct air capture. Table 2 above, also 

summarizes the assumptions in the cost reduction analysis of DAC. 
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Figure 4 Cost of CO2 capture plotted against decarbonization level considering the impact of learning-by-doing for a) post-

combustion retrofit, b) direct air capture. c) 100% decarbonization plan for the US natural gas power plant fleet by 

implementing post-combustion capture retrofit and direct air capture. The effect of learning-by-doing on the cost of capture is 

accounted for both technologies.
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Figure 4b shows how the cost of direct air capture decreases if is implemented for decarbonization of US 

natural gas-fired electricity. Compared to amine scrubbing, DAC is a young technology, therefore, a 

more conservative pre-learning phase equivalent to 60 units (versus 6 units for amine-scrubbing) was 

used in the model. In the case of DAC, the results are extremely sensitive to the pre-learning phase, as it 

greatly reduces the number of subsequent doublings.  However, because of the smaller capture capacity 

of individual units, it is hard to see the pre-learning phase in the graph. As shown in the figure, capturing 

CO2 directly from the air, regardless of the emission source, makes it possible for DAC to take 

decarbonization beyond the technological and economical limit of post-combustion capture and achieve 

a 100% decarbonization. The cheapest DAC scenario reaches the minimum cost (irreducible cost 

component) immediately after the beginning of large-scale implementation, while the expensive 

scenario reaches a final cost of $210/ton.  

The optimum mix of DAC and post-combustion capture: 

Figure 4c combines the two cost curves in Figure 4a and b into one plot. It reflects the DAC cost curve 

because we assume DAC is first implemented for those plants that are not retrofittable. In effect, DAC’s 

cost curve starts at the right-hand side of the plot. The overlap between the shaded areas demonstrates 

that in some situations DAC could be competitive with post-combustion capture. The learning 

approaches are quite different. Even assuming very conservative learning rates for DAC based on mass 

production, the modular mass production of DAC is far more effective than the expensive and long-term 

capital investment for custom-made post-combustion capture units. 

In this analysis, at least one-third of the total emission can only be captured by DAC. This is equivalent to 

about 200 million tons of CO2 annually captured by 200,000 DAC units. The cheapest DAC scenario is 

across the board cheaper than the most expensive retrofit scenario. If one assumes the cheapest 

scenarios for both technologies, DAC would account for more than one-third of the emission capture.  

Assuming that DAC is the sole option for decarbonization of the non-retrofittable units, an early 

implementation of this technology for these plants will also reduce the cost of capture for the 

retrofittable portion. As an example, consider the average DAC cost scenario shown with the blue curve 

in Figure 4c. The initial cost of $325/ton is the starting point and when employed for one-third of the 

emission, the technology becomes relatively mature at the cost of $140/ton (point A). If the cost of post-

combustion retrofit follows the lower limit scenario, retrofits will be cheaper than DAC to address the 

rest of the emissions and DAC does not penetrate beyond 34%. On the other hand, if the upper limit 
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reflects the cost of retrofitting, the mature DAC becomes cheaper than retrofitting the last few 

retrofittable NGCC units and DAC can penetrate up to point B (38% DAC share). This effectively reduces 

the total cost of decarbonization (saving would be equal to the grey shaded area between A, B, and C). 

DAC’s penetration and the resulting cost reduction in decarbonization can be different depending on 

where the actual learning curves for DAC and post-combustion capture end up. It is worth noting that 

the technology implementation timeline is crucial and such a saving in decarbonization happens only if 

DAC becomes cheaper than its current price through early implementations.  

The impact of retrofit decarbonization on the grid: 

Both post-combustion capture and direct air capture consume electricity and heat. The post-combustion 

retrofit energy penalty reduces the electricity output of an NGCC unit by 10-20% and large-scale 

implementation of this technology significantly lowers the amount of available capacity in the grid. To 

compensate for this loss, some consider employing auxiliary gas-fired generation capacities for 

electricity and thermal energy consumption of post-combustion capture. This increases the LCOE and 

cost of capture6,33. Alternatively, a flexible post-combustion capture design may make it possible to turn 

off the capture unit (entirely34,35 or only the energy-intensive parts, i.e. sorbent regeneration and CO2 

compression36,37) during peak electricity demand hours. However, such solutions come with technical 

challenges38 and high cost of storage for excess sorbent when regeneration of the stored sorbent 

happens off peak39. 

Direct air capture generally offers more flexibility in terms of its source of electricity. Shifting DAC’s 

operation to off-peak hours is not as challenging as post-combustion capture since DAC is not attached 

to a generating unit. Unlike post-combustion capture, a disruption in the operation of DAC does not 

emit more CO2. Additionally, flexibility in the geographical location of DAC makes it possible to partially 

or entirely obtain the necessary electricity from off-grid solar or wind electricity.  

Post-combustion capture and DAC increase the total amount of fuel consumption (and as a result 

additional CO2 emission) when they obtain their electricity from fossil-based sources. The horizontal 

axes in Figures 1b, 4 do not take this additional CO2 into account and percentage values are relative to 

2016 total natural gas-related CO2 emissions. In the case of post-combustion capture, most of the 

additional emission is captured by the unit itself but the overall capture rate is less than 90% (it is 

typically about 88%).  
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The additional CO2 emissions increase the cost of CO2 transportation for post-combustion capture, while 

DAC does not incur this extra cost. Moreover, as mentioned earlier, DAC offers more flexibility and can 

obtain its electricity from carbon-free sources which significantly lowers the additional fuel 

consumption. 
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Final Remarks: 

Direct air capture is identified as one of the most promising negative emission technologies in terms of 

scalability and minimizing environmental risks40. By comparing the cost of DAC with post-combustion 

retrofit, this study investigates DAC’s potential for electricity decarbonization which is beyond negative 

emissions. In a scenario where complete decarbonization of the existing US natural gas power plant fleet 

is desired, we exploit some unique features of DAC and identify DAC as a backup if the mainstream 

technology (post-combustion capture) fails, either technologically or economically.  

We found that the capacity factor is the most important attribute affecting the cost of post-combustion 

capture. Beyond routine maintenance or sudden failures of a generating unit, exogenous economic 

factors such as electricity demand and the dispatch cost of competitive power plants determine the 

capacity factor of a unit. When compared to post-combustion retrofit, DAC with the cost of $550 per ton 

CO2 will be competitive to capture more than one-third of the total CO2 emission from natural gas-fired 

power plants. At a cost of $100 per ton, DAC can potentially capture up to 45% of the total emission 

more economically than retrofit.  

When the impact of learning-by-doing is considered, differences in nature and scale-up approaches of 

the two technologies resulted in a more dramatic cost reduction for DAC. To keep the model simple and 

minimize assumptions, this analysis does not account for elapsed time and assumes a static system of 

NGCC units. In reality, however, learning happens over time. Time-dependent factors such as fluctuation 

in electricity demand as well as new policies and investment in R&D for each technology can significantly 

affect the cumulative installed capacity and consequently cost reduction by learning. Incorporating all of 

these different factors increases the complexity of the model yet does not guarantee an improvement in 

its accuracy.  

The scope of this analysis is narrowly focused on CO2 emissions from natural gas. The impact of learning 

for DAC would be even more dramatic if decarbonization of other sectors (e.g. transportation) are 

included. Learning-by-doing for different mitigation technologies used in different sectors (e.g. post-, 

pre-, and oxyfuel combustion in electricity generation, or batteries in transportation) happens in parallel 

since most of these technologies are a solution for reducing emissions of a specific sector. DAC, on the 

other hand, would experience cumulative learning since it is a global decarbonization solution for any 

kind of CO2 emissions. 
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The Post-combustion cost calculation in this analysis is based on retrofitting each NGCC unit separately. 

However, Rubin and colleagues observed that lumping multiple units in a plant and capturing their 

emissions by a large post-combustion unit can also lower cost6. This would compete with cost 

reductions from learning, and for sake of simplicity has not been included.  Another simplification in the 

model is the assumption that the change due to CO2 capture in the LCOE does not affect the dispatch 

merit order of the units or their future generation levels.  

Although post-combustion capture appears to be an ideal choice for CO2 reduction from coal and 

natural gas power plants, it may not be the most cost-effective method in all circumstances. Our results 

indicate that a low capacity factor leads to a high cost of post-combustion capture, even for a new 

power plant. An increasing penetration of non-dispatchable renewables (wind and solar electricity) into 

the electricity grid will result in lower capacity factors of dispatchable generating plants including coal 

and natural gas-fired units. The impact of high renewable integration on the dispatchable generating 

units is already evident in California and Texas41,42. Direct air capture units, on the other hand, operate 

autonomously regardless of a specific power plant’s utilization level. 
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S1. Power Plants Information Datamining  

Python’s Pandas package was used for datamining and analysis in this study. The main sources of data 

for NGCC units are the unit and generator information sheets (“UNT16” and “GEN16”) from the eGRID 

2016 metric data spreadsheet.  

First, on the generator page, NGCC units that include a MWh generation record for the year 2016 were 

identified. NGCC units are flagged with generator prime mover types of “CA” for combined cycle steam 

turbine, “CT” for combined cycle combustion turbine (or gas turbine) and “CS” for combined cycle single 

shaft. The information about the generator, including the plant’s name and state, DOE/EIA facility code 

(ORISPL), generator ID, nameplate capacity in MW, 2016 electricity generation in MWh and age were 

collected. Generation and capacity data for CA and CTs which belong to the same NGCC unit were 

aggregated and a combined dataset for generation and nameplate capacity of all NGCC units including 

670 records was created. 

Then the emission records for these NGCC units including the plant’s name and state, ORISPL, unit ID, 

2016 heat input in GJ and 2016 CO2 emissions in ton were collected to merge the generator and 

emission data records. Similar to the generation records, emission records belonging to each NGCC unit 

were combined and the aggregate heat input and CO2 emissions dataset of all NGCC units with 655 

records was created. 

The generation and emission datasets were processed to match as many records as possible and merged 

by using ORISPL code and other information such as the comparison between the heat input and 

generation values. A final database including generation and emission records for the NGCC fleet was 

created and the efficiency and capacity factor values for each NGCC units were calculated: 

𝐹 =
2016 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 (𝑀𝑊ℎ)

𝑁𝑎𝑚𝑒𝑝𝑙𝑎𝑡𝑒 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 (𝑀𝑊) × 8766 (ℎ)
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ƞ =  
2016 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 (𝑀𝑊ℎ)

2016 𝐻𝑒𝑎𝑡 𝐼𝑛𝑝𝑢𝑡 (𝐺𝐽) × 𝑐𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟 (
𝑀𝑊ℎ

𝐺𝐽 )
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Missing heat input data and obvious inconsistencies resulted in 513 valid records out of 670. Invalid 

records have either very high or very low net efficiencies or in a few cases, capacity factor values above 

1 or below 0. For this analysis and results in the paper, we only used the valid NGCC records and when 



S3 

 

results are shown in terms of total percentage, a conversion factor was used to convert the results from 

the valid units to all the units. 

Table S1 summarizes some statistical information about the generated database. Median values are 

calculated by the number of units. Mean values for capacity factor and net efficiency are also calculated 

by the number of units, while the mean value for LCOE is an arithmetic mean weighted by the MWh 

electricity generation of each unit. Minimum and maximum net efficiency values are assumed values; 

data points outside of the 35%-52% range are assumed to be invalid. LCOE values are only calculated for 

units considered for retrofit (larger than 25 MW and younger than 25 years). 

  

Table S1 Summary of statistical information for 513 valid records in the generated NGCC database. 

 Min Median Mean Max 

Nameplate Capacity (MW) 7.7 458 467 1850 

Age (years) 0 14 15.3 51 

Net Efficiency (HHV%) 35% 45.5% 44.5% 52% 

Capacity Factor 0.002 0.47 0.46 0.96 

Number of Gas Turbines in a Unit 1 2 1.9 12 

Number of Steam Turbines in a Unit 1 1 1.1 4 

LCOE (2017$/MWh) 33.14 50 47.78 6,800 
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S2. Machine Learning for Validating All Data Records 

Missing heat input values result in invalid efficiencies for some of the NGCC units. To address the issue 

and investigate the potential error from the invalid datapoints, we used a simple machine learning 

algorithm to estimate the efficiencies of these units. Then used the estimated efficiency values and 

units’ 2016 generation record to calculate their heat input by equation S2. Then an emission factor (ton 

CO2/GJ heat input) was used to calculate CO2 emissions for these units. 

Several machine learning algorithms were used, but we found the K-nearest neighbor regression 

method the most accurate1. K-nearest neighbor method uses the efficiency value of the 𝐾 nearby 

(similar) NGCC units to estimate the efficiency of an invalid data record. 𝐾 is an optimum value which 

results in the highest regression accuracy. We used nameplate capacity, capacity factor, and age as the 

determining attributes for net unit efficiency. 

Typically, the valid datapoints are split into two categories, one for training and the other one for testing 

the trained algorithm. We used a range of 𝐾 values from 0 to 100 and 𝐾 = 16 was found to be the 

optimum resulting in the most accurate results for the testing set (16 nearest points used in the 

regression algorithm). Figure S1 shows r-square scores of the training and testing sets for different 𝐾 

values. 

 

Figure S1 R-square scores for different K values used for training the k-n algorithm and for testing the trained algorithm. The 

optimum K value is determined when the highest R-square score is achieved for the testing set. 
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We used 𝐾 = 16 to estimate the net efficiency as well as heat input and CO2 emissions of the invalid 

date points and generated an NGCC database with 668 valid records. Table S2 summarizes the same 

statistical information as in Table S1 (Table S1 is for the originally 513 valid records). Values in 

parenthesis show the percentage change compared to the values in Table S1.  

Table S2 Summary of statistical information for 670 valid records after using the K-nearest regression model. 

 Min Median Mean Max 

Nameplate Capacity (MW) 4.7 (-40%) 335 (-27%) 412 (-12%) 1850 (0%) 

Age (years) 0 (0%) 14 (0%) 17.3 (13%) 60 (18%) 

Net Efficiency (HHV%) 35% (0%) 46.2% (1.5%) 44.7% (0.5%) 52% (0%) 

Capacity Factor 0.0 (0%) 0.46 ( -2%) 0.43 (-6.5%) 0.96 (0%) 

LCOE (2017$/MWh) 33.14 (0%) 50 (0%) 47.76 (-0.04%) 567,130 
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S3. Cumulative generation versus capacity factor 

In this analysis, natural gas-fired generating units are divided into two groups: NGCC and non-NGCC. 

NGCC units are relatively larger and are mainly utilized for intermediate-load and baseload electricity 

demand. Non-NGCC units, on the other hand, are mainly small gas or steam turbines widely used for 

peak load electricity demand. There are about 6 times more non-NGCC units than NGCC units, while 

NGCC units produce 5.5 times more electricity.  

Figure S2 illustrates the cumulative distribution of NGCC and non-NGCC units based on their capacity 

factor. As shown in Figure S2a, most NGCC units operate in the intermediate-load range. Only 20% of 

NGCC units are categorized as peaker and they produce an insignificant percentage of NGCC electricity. 

On the contrary, roughly 80% of non-NGCC units are peakers and they generate about 40% of total non-

NGCC electricity (Figure S2b). 

 

 

Figure S2 Cumulative distribution of a) NGCC and b) non-NGCC natural gas units versus capacity factor. Clearly, most of non-

NGCCs provide electricity only during peak demand hours while most NGCC units are categorized as intermediate-load units



S7 

 

S4. Cost Analysis Model for Retrofit Based on IECM 

IECM allows the user to design a power plant with various types of fuel, power block design, cooling 

systems, and environmental control systems and provides outstanding flexibility for changing financing 

and cost parameters as well as design parameters for each section of a power plant2. The model has a 

systematic approach for calculating the cost, performance and mass balance around different fossil fuel 

power plants and emission control systems.  

While IECM does not offer a cost analysis for a retrofitted NGCC unit, it provides information about the 

capital and operating cost of an amine-system designed for that unit. The IECM software is also useful in 

quantifying the retrofit-induced changes in the power block and cooling system of an NGCC unit. We 

extracted this information and built a cost model around a known NGCC unit that calculates the cost of 

retrofit by post-combustion capture. The cost model was used to calculate the cost of retrofit for each 

existing US NGCC unit with valid data in our database.  

IECM 11.2 only offers two models of NGCC gas turbine with fixed MW outputs, General Electric 7FB and 

7FA. We chose the more efficient 7FB model which also has a higher capacity. The model only allows 

discrete values for the total capacity of an NGCC unit since the capacity of the steam turbine is fixed and 

only 1 to 5 gas turbines can be added to a unit. Therefore, cost information for only five different 

nameplate capacity values are available in the IECM (i.e. 295 MW, 590 MW, 885 MW, 1180 MW, and 

1475 MW). The US NGCC units in our database, however, have a spectrum of nameplate capacities. We 

extracted the cost information for the five capacity values and used this information to interpolate the 

cost information of US NGCC units. Our cost model is mainly based on the total nameplate capacity and 

not the exact number of combustion and steam turbines.  

In using the model, whenever a financial or technical/operational variable was not known, we used the 

default value in the IECM. We used the “Typical New Plant” option which includes an NGCC unit with a 

wet cooling tower as a default. Due to lack of unit-specific data, the cost of land was excluded from the 

analysis, but the introduced error is very small (the cost of land makes difference on the order of a few 

cents in $/MWh value of 𝐿𝐶𝑂𝐸). We changed the natural gas composition to match the average US 

natural gas higher heating value (HHV) extracted from the eGRID database (22,442 Btu/lb Natural Gas)3. 

Table S3 shows the natural gas composition used in our cost model. 
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Table S3 Natural gas composition 

Natural Gas Component Volumetric Percentage 

Methane 87% 

Ethane 9% 

Propane  1.5% 

Carbon Dioxide  1% 

Nitrogen 1.5% 

Total 100% 

 

The units’ retirement age and economic book life (amortization duration) were assumed to be 30 years. 

The book life for post-combustion units is assumed to be the remaining life of the NGCC unit and it 

cannot be lower than 5 years. In other words, only NGCC units younger than 25 years old are considered 

for retrofit. The relationship between the age and amortization level of an NGCC unit was assumed as 

shown in Figure S22,4.  

 

Figure S3 Relationship between age and amortization level of an NGCC unit in the cost model 

The Fixed Charge Factor (CFC), which is the fraction of the capital cost that must be recovered every 

year, is a function of a unit’s remaining lifetime as well as the discount rate and the rate of return on 

different bonds and stocks and taxes. We used IECM default values to calculate CFC for each unit2,5.  
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Capital and O&M costs for different unit sizes are extracted from IECM. Based on a zero net present 

value, the Levelized Cost of Electricity (𝐿𝐶𝑂𝐸) can be calculated for each unit5: 

𝐿𝐶𝑂𝐸 =
𝑁𝐴𝑀𝐸𝑃𝐶𝐴𝑃 × 𝐶𝐴𝑃 × 𝐶𝐹𝐶 + 𝐹𝑂&𝑀

𝐺𝐸𝑁𝑁𝑇𝐴𝑁
+  𝑉𝑂&𝑀 

S3 

Where 𝑁𝐴𝑀𝐸𝑃𝐶𝐴𝑃 is unit’s capacity (MW), 𝐶𝐴𝑃 is capital cost ($/MW), 𝐶𝐹𝐶 is in (fraction/year), 𝐹𝑂&𝑀 

is fixed O&M cost ($/MW/year), 𝐺𝐸𝑁𝑁𝑇𝐴𝑁 is the amount of electricity generated in one year (MWh) 

and 𝑉𝑂&𝑀 is variable O&M cost ($/MWh). Fuel cost is embedded in the variable O&M.  

 

Retrofit-induced changes: 

The IECM model and literature suggest an energy penalty equivalent to roughly 7 percentage point loss 

in a unit’s efficiency after retrofit2,6. This decreases the maximum available generation capacity (MW), 

while the amount of CO2 produced per MWh of electricity increases. Since the amount of CO2 produced 

per MWh of electricity increases, the CO2 released to the atmosphere after post-combustion capture is 

more than 10% of the CO2 emission per MWh of electricity for the reference plant before the retrofit. 

This value is typically about 12% since the post-combustion unit captures 90% of the increased CO2 

production, not the initial CO2 production. As mentioned in the main body of the article, the horizontal 

axes in Figures Xb and Y do not take the additional CO2 into account and the percentage values are 

relative to the initial CO2 emissions of the reference units.  

After the retrofit, the unit’s new capital and operating costs were used in equation S3 to calculate the 

𝐿𝐶𝑂𝐸 of the retrofitted unit. The additional capital cost after retrofit is not only due to the amine-

scrubber equipment but also due to the additional cooling capacity that is required. Fixed and variable 

O&M costs for a retrofitted plant were also estimated by comparison between a plant with and without 

post-combustion capture for each cost component.  The capital cost of an amine-scrubbing unit was 

multiplied by 1.15 to account for the difficulties of retrofit7. Capital and operating costs due to 

transportation and storage are not included in this analysis. 

When 𝐿𝐶𝑂𝐸 and the rate of CO2 emission for the reference and retrofitted units are calculated, the cost 

of capture (𝐶𝑂𝐶) can be determined by equation 1.  
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S5. Sensitivity to natural gas price 

We assumed a constant price of $3/MMBtu for natural gas. The estimated 𝐿𝐶𝑂𝐸 values are sensitive to 

the natural gas price, however, the cost of CO2 capture, especially when analyzed for all NGCC units is 

not very sensitive to the natural gas price. Figure S4 illustrates the same results shown in Figure 1a with 

two natural gas prices, $1.5 and $6 per MMBtu. 

 

Figure S4 Cumulative distribution of the cost of CO2 capture for the NGCC units considered for retrofit. The sensitivity of the 

results relative to the cost of natural gas is investigated with two natural gas prices. 

 

As shown, the percentage of units with 𝐶𝑂𝐶 below $100/ton and below $550/ton is not strongly 

dependent on the price of natural gas.  
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S6. Incorporating learning into the LCOE 

Reduction in the cost of CO2 capture (𝐶𝑂𝐶) through Learning-by-doing is reflected by a reduction in the 

cost of electricity for a retrofitted plant (smaller 𝐿𝐶𝑂𝐸𝑟𝑒𝑡𝑟𝑜𝑓𝑖𝑡) and lowering the retrofit energy penalty 

(smaller 𝑅𝑂𝐸𝑟𝑒𝑡𝑟𝑜𝑓𝑖𝑡). This can be shown by considering the equation used for 𝐶𝑂𝐶 calculations:    

𝐶𝑂𝐶 ($/𝑡𝑜𝑛 𝐶𝑂2)  =
𝐿𝐶𝑂𝐸𝑟𝑒𝑡𝑟𝑜𝑓𝑖𝑡 −  𝐿𝐶𝑂𝐸𝑟𝑒𝑓 ($/𝑀𝑊ℎ)

𝑅𝑂𝐸𝑟𝑒𝑓 − 𝑅𝑂𝐸𝑟𝑒𝑡𝑟𝑜𝑓𝑖𝑡  (𝑡𝑜𝑛 𝐶𝑂2/𝑀𝑊ℎ)
 

1 

Learning affects capital and O&M costs of the post-combustion capture and as a result, each plant will 

have a lower post-retrofit 𝐿𝐶𝑂𝐸 compared to its post-retrofit 𝐿𝐶𝑂𝐸 when learning is not considered. All 

cost components in equation S3 are affected by learning when post-combustion capture is implemented 

in scale. Capital, fixed O&M and variable O&M costs of units have different learning rates which are 

extracted from the work by van den Broek et al.8 and summarized in Table 2. Due to the similarities 

between capital and fixed O&M costs, we assumed 𝐹𝑂&𝑀 has the same learning rate range as capital 

cost. We also assumed learning starts after retrofitting the first (cheapest) 3GW of NGCC capacity. This is 

equivalent to the first 6 NGCC units. This means the first doubling in the learning equation (equation 2) 

happens when 12 GW of the NGCC capacity will have been retrofitted.  

𝑌 =  𝑎 𝜀log2 𝑋 =  𝑎 𝑋log2 𝜀 2 

When learning rates are known, the cost of each component after learning can be determined by 

equation 2 at any cumulative implementation level (parameter 𝑋 in equation 2). The problem in the 

case of post-combustion capture is that initial cost components (𝐶𝑎𝑝, 𝐹𝑂&𝑀 and 𝑉𝑂&𝑀) at the beginning 

of learning (parameter 𝑎 in equation 2) are not unique values and are different for each NGCC unit. To 

address this issue, we had to calculate the mean and standard deviation of each cost component over all 

the NGCC units considered for post-combustion capture. Then we used two constant values for each 

cost component, 1.5 standard deviations above and below the mean for that component. The table 

below, which is a part of Table 2 of this article summarizes these values.  

Table S4 Approximations for post-combustion cost components used in the learning calculations.  

Cost Component 
Lower Limit 

(1.5 SD Below Mean) 

Upper Limit 

(1.5 SD Above Mean) 

𝐶𝑎𝑝 ($/𝑘𝑊) $550 $1090 

𝐹𝑂&𝑀 ($/kW/year) $5 $50 
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𝑉𝑂&𝑀 ($/𝑀𝑊ℎ) $2 $4.2 

 

In other words, we used these six values as proxies to simplify our model and provide an approximate 

cost range for each unit’s post-combustion capture retrofit. To test the accuracy of the chosen proxy 

values, we used them to estimate a lower and an upper limit for the cost of post-combustion capture for 

each unit without learning. Namely, we tested them with the accurate post-combustion results 

calculated with the cost model and shown in Figure 1b. Figure S5 illustrates this comparison. The black 

curve shows the cost of post-combustion capture for the NGCC units (no learning effect included) versus 

the level of decarbonization as shown in Figure 1b. The shaded area around the curve shows the lower 

and upper limit estimates with the cost components in Table S4. The cost components are used in 

equation S3 to estimate the post-retrofit LCOE and then used in equation 1 to estimate a lower and an 

upper approximation for the cost of CO2 capture.  

 

Figure S5 Comparison between the accurate calculation of COC and approximation with the proxy cost component values 

As shown in Figure S5, the upper and lower limit 𝐶𝑂𝐶𝑠 are accurate approximations for the real cost of 

capture. Therefore, we expect the cost of post-combustion captures, with the impact of learning-by-

doing, will fall between the upper and lower limit costs approximations.  

The three lower limit values in addition to the three higher learning rates (quicker cost reduction) were 

used for a lower limit cost scenario and the three upper ones with the lower learning rates (lower cost 
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reduction) were used for an upper limit cost scenario. The learning results are shown in Figure 4 of the 

article. 
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