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Part A - Supplementary data, results, and analyses  16 

Note S1. Literature review and statement of novelty. 17 

To achieve net-zero, it is crucial to support not only policymakers but also individual 18 

plants worldwide in identifying the most cost-effective, technically mature, and plant-19 

compatible decarbonization solutions. However, each steel plant has its own unique 20 

production and cost patterns. Any "one-size-fits-all" approach that lumps different 21 

entities together may fall short in motivating individual climate actions and potentially 22 

rendering carbon neutrality targets unachievable. Hence, plant-specific, tailor-made 23 

decarbonization pathways that consider the unique characteristics of each plant are 24 

necessary for global effective mitigation.  25 

Previous studies have made significant efforts to explore decarbonization roadmaps for 26 

the iron and steel sector. Most studies have focused on national or sectoral-level 27 

mitigation strategies, optimizing decarbonization pathways by minimizing total 28 

sectoral costs using top-down models or Integrated Assessment Models (IAMs)1-3. 29 

However, these studies overlooked the plant-level heterogeneity in processing routes, 30 

production costs, equipment ages, locations, and techno-economic feasibility of 31 

promising decarbonization technologies, which might lead to plant-varied optimal 32 

decarbonization technologies. Some recent research investigated plant-level phaseout 33 

or mitigation strategies for China’s4,5 or the global iron and steel sector6-8 based on non-34 

economic indicators like plant-varied ages, locations, and emission intensities. Yet, 35 

existing plant-level studies did not consider the techno-economic viability of different 36 

decarbonization technologies specific to each plant. Thus, their resulting pathways may 37 

not be the most economical, and therefore not attractive or instructive enough to guide 38 

the decarbonization of steel stakeholders, who often prioritize economic cost over 39 

emissions reductions. 40 

In order to explore the plant-level cost-effective pathway, it is important to conduct 41 

techno-economic analysis and plant-specific cost forecasting for various 42 

decarbonization technologies. However, there have been limited studies on future cost 43 

projections for steelmaking technologies, largely because many of these technologies 44 

are not yet commercialized. Among the dozens of works we reviewed, only three 45 

existing research performed cost predictions on steelmaking decarbonization options, 46 

while others provided static cost estimates of hypothetical plants or demonstrated 47 

projects with specific processes (Table S1). In detail, Leeson et al. (2017) projected the 48 

cost of CCS on steel plants using the learning curve method, but they did not consider 49 

the regional cost variations and different steelmaking processing routes9. Devlin et al. 50 

(2023) estimated the cost of DRI-EAF with green hydrogen through a machine learning 51 

approach, considering cost variations of both hydrogen and the DRI-EAF processing 52 

route across 68 countries10. The Emission Transition Committee 11 predicted the cost 53 

of 11 technologies based on expert elicitation, with cost variations in processing routes 54 

and regional differences11. Yet, none of these studies were based on actual plant data, 55 

which limits their practical applicability to real-world individual plants globally. As a 56 
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result, they are not suitable for identifying cost-effective technology choices at the plant 57 

level.  58 

To fill the research gaps, this study for the first-time forecasts the plant-specific cost 59 

for 20 promising steelmaking decarbonization technologies, and tailors the most cost-60 

effective decarbonization pathways for each of the iron and steel plants globally. This 61 

marks the first implementation of comprehensive full-process research at the global 62 

plant-level, integrating plant-varied current production and cost patterns, techno-63 

economic evaluation of various decarbonization technologies, plant-specific net-zero 64 

pathways optimization, as well as abatement potential and abatement cost of each plant. 65 

As a complement to existing roadmaps, this study offers stakeholders more practical 66 

and specific guidance on decarbonization and provides the government with a more 67 

accurate basis for design mitigation strategies. 68 

Table S1. Characteristics of recent research on decarbonization roadmaps and technology 69 

cost forecasts for the steel sector.  70 

 71 

  72 
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Note S2. Supplementary data. 73 

Existing technology patterns. In general, 64% of global steel production and 90% of 74 

sectoral CO2 emissions come from the 361 BF-BOF plants, followed by Scrap-EAF 75 

plants (n=1272, 28% capacity and 4% emissions), DRI-EAF plants (n=83, 6% capacity 76 

and 3% emissions), and BF-OHF plants (n=36, 2% capacity with 3% emissions) which 77 

are being phased out in most regions due to the high emission intensity (Fig. 1-2). 78 

Ironmaking via blast furnace (BF) or direct reduced iron (DRI) is an essential process 79 

for most steel production, making up over 70% of the corresponding steelmaking 80 

emissions, and is used in 215 iron plants worldwide (Fig. 1 a and d).  81 

CO2 emission patterns. Globally, average CO2 emission intensities of different 82 

processing routes vary significantly: BF-OHF (2.8 tCO2/ton), BF-BOF (2.0 tCO2/ton), 83 

DRI-EAF (1.0 tCO2/ton), Scrap-EAF (0.1 tCO2/ton). The variations in carbon intensity, 84 

both across and within processing routes, are primarily driven by differences in the type 85 

and quantity of energy consumed. For instance, among BF-BOF plants, those 86 

predominantly relying on coke as the main energy source and reductant have a higher 87 

carbon emission intensity than those using coal, and significantly higher than those 88 

utilizing charcoal as a substitute. Similarly, DRI-EAF plants using coal as a feedstock 89 

generally have higher CO₂ emissions compared to those powered by natural gas 90 

(Extended Data Fig. 3). 91 

Regional average CO2 emission intensity largely depends on each region’s technology 92 

portfolio and energy sources. Regions with a high share of the emission-intensive BF-93 

BOF process and substantial coal consumption tend to have higher carbon intensities. 94 

Consequently, China and India have the highest averages exceeding 1.7 tCO2/ton, 95 

followed by Japan and South Korea, Other Europe and CIS, Latin America, EU 27 and 96 

UK with intensities between 1.2-1.4 tCO2/ton. In contrast, North America and the 97 

Middle East, predominantly using electricity-based Scrap-EAF and gas-based DRI-98 

EAF, show the lowest regional intensities at 0.7-0.8 tCO2/ton (Extended Data Fig. 3b). 99 

Furthermore, the relationship between regional production costs and CO₂ emission 100 

intensity is complex. China, in its effort to ensure a stable supply of high-quality steel 101 

at scale, incurs both high production costs and high emission intensities. Countries such 102 

as those in the EU have achieved lower emission intensities but at higher production 103 

costs by implementing advanced low-emission technologies like Scrap-EAF, adopting 104 

high energy efficiency measures, and enforcing stringent environmental policies. 105 

Conversely, India maintains lower production costs by relying on cheap but highly 106 

polluting coal, as well as emissions-intensive iron ore mining and transportation, which 107 

results in high carbon intensities. 108 

Decarbonization under the medium policy scenario. In the medium deployment 109 

scenario, Chinese plants have the lowest average abatement cost, with 199 BF-BOF 110 

plants representing 85% of national capacity (i.e., 612 Mt crude steel), that can abate 111 

emissions at -$2/tCO2 to $8/tCO2 by retrofitting to BAT BF-BOF in the short term and 112 
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to Scrap-EAF or SR-BOF+CCS in the long term (Extended Data Fig. 6). Furthermore, 113 

114 BF-BOF plants (225 Mt capacity) in the EU, Japan, Korea, Latin America, Other 114 

Asia and Pacific, and Other Europe and CIS, can be decarbonized at a negative cost of 115 

-$44/tCO2 due to enhanced efficiency of BAT BF-BOF. Regions dominated by Scrap-116 

EAF plants, such as EU27 & UK, and Japan and Korea, will see over 90% and 63% of 117 

national capacity remain unchanged without production cost increase, respectively. In 118 

contrast, it will cost as much as $15-65/tCO2 for DRI-EAF plants in EU27 & UK, India, 119 

Africa, and Latin America to decarbonize with hydrogen-based technologies. 120 

 121 

Fig. S1 Global distribution, technology, capacity and age of ironmaking and steelmaking 122 

facility units. This plot presents the characteristics of 2,464 facility units within 1,967 plants 123 

worldwide, excluding plants solely engaged in downstream steel processing. Colors indicate 124 

geographical locations, and shapes denote technology types: a) blast furnace (BF; square), b) 125 

direct reduction iron (DRI; square), c) open-hearth furnace (OHF; star), d) basic oxygen furnace 126 

(BOF; triangle), and e) electric arc furnace (EAF; circle). Capacity represents the annual iron 127 

output for BF and DRI, or crude steel output for BOF, EAF, and OHF. Age is measured from 128 

the commissioning year to 2021. (f) displays the total capacity and average age of each 129 

technology type across regions.  130 

Note: Fig. S1 displays data at the facility unit level, whereas the main text (e.g., Fig. 1) 131 

aggregates data at the plant level and by processing route to better compare production costs 132 

and decarbonization pathways across process routes. For example, the BF category in Fig. S1 133 

(a) includes all BF equipment from Fig. 1 (a-c), regardless of their integration with steelmaking 134 

facilities. Similarly, the EAF category in Fig. S1 (e) encompasses all EAF units from Fig. 1 (e-135 

f). Therefore, the number of data points and their representation differ between Fig. S1 and Fig. 136 

1 in the main text. 137 
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 138 

Fig. S2 The cost structure of different steelmaking technologies across regions. a)-d) 139 

presents the regional production cost of BF-BOF, DRI-EAF, BF-OHF and Scrap-EAF steel. 140 

The texts on the X-axis are the region abbreviations of Africa, European Union 27 and UK 141 

(EU), India, Japan and Korea (J&K), Latin America (LA), Middle East (ME), United States 142 

(USA), Other Asia and Pacific (A&P), Other Europe and CIS (CIS). 143 

 144 

Fig. S3 Key assumptions and parameters of scenario design. A) Gap between current 145 

regional steelmaking capacity and their expected capacity by year 2050. B) Scrap-EAF steel 146 

capacity changes till 2050 caused by scrap supply increases in China and India, and steel 147 

production cut in other regions. The projected capacity of 2050 in both a) and b) were obtained 148 

from IEA Sustainable Development Scenario (SDS), while the current capacity was calculated 149 

from our plant-level database. C) and d) showed the regional age distribution of BOF and EAF, 150 

respectively.   151 
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Note S3. Cost estimation for processing routes. 152 

Identify the primary factors of current processing routes. According to our plant-level 153 

cost databases, the production cost of each processing route in each steel plant is 154 

comprehensively detailed, encompassing 37 specific cost expense items, thereby 155 

providing an in-depth breakdown of the overall expenditure. We classify all the items 156 

into four categories and calculate their proportion in the total cost: raw materials (59-157 

83%), energy (10-23%), labor and management (5-14%), and levelized capital 158 

investment (2-8%). It is shown that raw materials and energy are the major cost 159 

contributors (Fig. S5). Furthermore, iron ore, scrap, coke or coking coal, and electricity 160 

dominate the cost of raw materials and energy, accounting for 9-74% of the total 161 

production cost, and thus are identified as the primary factors influencing the expense 162 

of current processing routes (see details in Note S6). The production cost of an existing 163 

steel plant (𝒀𝒑𝒍𝒂𝒏𝒕) can be denoted as the sum of costs of iron ore, scrap, coking coal, 164 

electricity, and the others (Eq. S1). 165 

𝑌𝑝𝑙𝑎𝑛𝑡 = 𝑌𝑟𝑎𝑤 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙,𝑝𝑙𝑎𝑛𝑡 + 𝑌𝑒𝑛𝑒𝑟𝑔𝑦,𝑝𝑙𝑎𝑛𝑡 + 𝑌𝑙𝑎𝑏𝑜𝑟,𝑝𝑙𝑎𝑛𝑡+𝑌𝑐𝑎𝑝𝑖𝑡𝑎𝑙,𝑝𝑙𝑎𝑛𝑡 =166 

𝑌𝑖𝑟𝑜𝑛 𝑜𝑟𝑒,𝑝𝑙𝑎𝑛𝑡 + 𝑌𝑠𝑐𝑟𝑎𝑝,𝑝𝑙𝑎𝑛𝑡 + 𝑌𝑐𝑜𝑘𝑖𝑛𝑔 𝑐𝑜𝑎𝑙,𝑝𝑙𝑎𝑛𝑡+𝑌𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦,𝑝𝑙𝑎𝑛𝑡+𝑌𝑜𝑡ℎ𝑒𝑟,𝑝𝑙𝑎𝑛𝑡   (S1) 167 

Estimate plant-varied cost of new processing routes. Promising decarbonization 168 

technologies involve 5 main types of processing routes: not only existing BF-BOF, 169 

DRI-EAF, and scrap-EAF, but also innovative DRI-BOF and SR-BOF (Extended Data 170 

Table 1). The cost of a new processing route for a specific plant (𝑌𝑛𝑒𝑤 𝑟𝑜𝑢𝑡𝑒) can be 171 

estimated based on the plant current cost patterns (𝑌𝑝𝑙𝑎𝑛𝑡) according to Eq. S2-S5.  172 

𝑌𝑛𝑒𝑤 𝑟𝑜𝑢𝑡𝑒 = 𝑌𝑟𝑎𝑤 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙,𝑛𝑒𝑤 + 𝑌𝑒𝑛𝑒𝑟𝑔𝑦,𝑛𝑒𝑤 + 𝑌𝑙𝑎𝑏𝑜𝑟,𝑛𝑒𝑤+𝑌𝑐𝑎𝑝𝑖𝑡𝑎𝑙,𝑛𝑒𝑤     (S2) 173 

𝑌𝑟𝑎𝑤 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙,𝑛𝑒𝑤 = ∑ 𝑌𝑖,𝑝𝑙𝑎𝑛𝑡 × 𝐼𝐹𝑖,𝑛𝑒𝑤/𝐼𝐹𝑖,𝑝𝑙𝑎𝑛𝑡
𝑛
𝑖=1             (S3) 174 

𝑌𝑒𝑛𝑒𝑟𝑔𝑦,𝑛𝑒𝑤 = ∑ 𝑌𝑗,𝑝𝑙𝑎𝑛𝑡 × 𝐼𝐹𝑗,𝑛𝑒𝑤/𝐼𝐹𝑗,𝑝𝑙𝑎𝑛𝑡
𝑛
𝑗=1               (S4) 175 

𝑌𝑙𝑎𝑏𝑜𝑟,𝑛𝑒𝑤+𝑌𝑐𝑎𝑝𝑖𝑡𝑎𝑙,𝑛𝑒𝑤 =  𝑌𝑙𝑎𝑏𝑜𝑟,𝑝𝑙𝑎𝑛𝑡+𝑌𝑐𝑎𝑝𝑖𝑡𝑎𝑙,𝑝𝑙𝑎𝑛𝑡           (S5) 176 

where,  177 

i and j represent the items categorized as raw materials and energy, respectively;  178 

𝑌𝑖,𝑝𝑙𝑎𝑛𝑡 and 𝑌𝑗,𝑝𝑙𝑎𝑛𝑡 are the plant-specific current cost of raw material i and energy j; 179 

𝐼𝐹𝑖,𝑛𝑒𝑤  and 𝐼𝐹𝑗,𝑛𝑒𝑤  denote the input factors for a new processing route, while 180 

𝐼𝐹𝑖,𝑝𝑙𝑎𝑛𝑡 and 𝐼𝐹𝑗,𝑝𝑙𝑎𝑛𝑡 are those for plant current processing route.  181 

For each processing route, the input factors (IF) of key materials and energy (e.g., iron 182 

ore, scrap, coking coal, thermal coal, electricity, biomass) are meticulously collected 183 

from previous studies11-20. Yet, input factors for other less significant items of raw 184 

materials and energy, as well as the cost of labor and capital, are assumed the same as 185 

those of the plant’s current processing route. Additionally, the future cost of processing 186 
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route may be significantly influenced by the price fluctuations of key raw materials and 187 

energy, as shown in Eq. S6-S7. 188 

𝑌𝑟𝑎𝑤 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙,𝑛𝑒𝑤,𝑡 = ∑ 𝑌𝑖,𝑛𝑒𝑤,𝑡 × 𝑃𝑖,𝑡/𝑃𝑖,𝑡=𝑜
𝑛
𝑖=1             (S6) 189 

𝑌𝑒𝑛𝑒𝑟𝑔𝑦,𝑛𝑒𝑤,𝑡 = ∑ 𝑌𝑗,𝑛𝑒𝑤,𝑡 × 𝑃𝑗,𝑡/𝑃𝑗,𝑡=𝑜
𝑛
𝑗=1               (S7) 190 

where, Pt is the price of key item i or j in year t, Pt=o is the initial price of key items in 191 

base year 2021 of the plant-level cost database. 192 

In comparison to technology cost and learning rates, long-term price forecasts are 193 

subject to greater uncertainty and lack of authoritative references. Moreover, unlike the 194 

costs of novel components, which vary significantly across different steelmaking 195 

technologies, price fluctuations have a limited effect on the relative cost differences 196 

between technologies, particularly those sharing the same processing route, and on 197 

plants' choices of the least-cost technologies. Therefore, our future cost projections for 198 

each processing route in the main text assume constant prices. Yet, to ensure the 199 

comprehensiveness and robustness of the results, we explore the impact of price 200 

changes of key materials and energy, like iron ore, scrap, coke, electricity, on the cost 201 

of each technology, plants' least-cost technology choices, and carbon abatement 202 

pathways, abatement potentials, and abatement costs in our uncertainty analysis (see 203 

details in Note S7). 204 

  205 
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Note S4. Cost projection for CCS, CCUS and BECCS in steel plants. 206 

There are two main model-based cost forecasting methods: Wright's law, which 207 

assumes the evolution of costs as a function of cumulative production or deployment, 208 

and Moore's law, which assumes the evolution of costs as a function of time21. 209 

Compared to projections using Moore's law9,22,23, Wright’s law is particularly suitable 210 

for novel technologies like CCS, which develop unevenly, exhibit significant stop-and-211 

go patterns, and have substantial spillover effects across sectors24-27. Therefore, in this 212 

study, we applies Wright’s law to forecast the dynamic cost of novel decarbonization 213 

technologies, emphasizing the cost reductions driving by cumulative deployment and 214 

spillover effects across regions and sectors. According to Eq. 8-9 in the main text, the 215 

parameters needed for Wright’s law cost projection are initial cost (B), learning rate 216 

(LR), and cumulative capacity (X).  217 

Initial cost. We conducted a systematic review on CCS capture cost in steel plants 218 

following the PRISMA guidelines, identifying 16 key studies out of 1088 initially 219 

screened. From these studies, 30 cost estimates spanning 2011–2021 were extracted and 220 

converted to 2021 dollars using the Chemical Engineering Plant Cost Index (CEPCI), 221 

following Leeson et al9. However, significant variability in these estimates arises due 222 

to differences in methods, technical assumptions, economic factors, and geographic 223 

scopes, raising concerns about comparability (see Note S9.1 in Supplementary 224 

Information Part B). For instance, some studies modeled costs for hypothetical facilities 225 

in Europe28-30, the United States22,31-33, or unspecified regions34-37, while others 226 

reviewed previous studies and reported average values9,23,24,38 (Fig. S4). The Global 227 

CCS Institute provided cost estimates for commercial-scale CCS projects in 14 global 228 

regions, combining regional input price adjustments with a unified methodological 229 

framework to ensure internally consistent and comparable results39. To align with the 230 

global-scale, plant-level scope of this study and to reflect regional variations, we 231 

adopted the regional CCS cost estimates reported by the Global CCS Institute39 as 232 

baseline initial costs (B). For uncertainty and sensitivity analyses, we applied a ±2 233 

standard deviation range based on the distribution of all literature values, as detailed in 234 

Notes S7–S8. 235 

Learning rate. A systematic review was conducted to assess projected cost reductions 236 

and learning rates for CCS in the steel sector and other industries (see Note S9.2 in 237 

Supplementary Information Part B). This review was not limited to the steel sector, as 238 

the technological similarity of CCS deployment across industries suggests comparable 239 

cost reduction rates24. Studies on the steel sector often referenced CCS cost trajectories 240 

from power plants9. Table S2 provides example studies illustrating the research 241 

landscape. Some studies estimated future CCS costs for steel plants using Wright's 242 

law9,40,41, while others reviewed CCS learning rates for power plants without cost 243 

forecasts24,42, or applied Moore's law to project cost reductions over time9,22,23. A 244 

detailed summary of the literature screening and characteristics is presented in Fig. S33 245 

and Table S13 in Note S9.2. To align with this study's methodology, we identified 9 246 
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studies from the 1883 initially screened that provided original learning rate estimates 247 

based on Wright's law. An average learning rate (LR) of 7% was adopted for baseline 248 

analyses, with a ±6% range (corresponding to two standard deviations) applied in 249 

uncertainty and sensitivity analyses. 250 

Cumulative capacity. To apply Wright's Law, it is necessary to obtain the cumulative 251 

installed capacity of each novel component from 2020 to 2050. Upon reviewing the 252 

literature, we found diverse assumptions about cumulative capacity: some papers 253 

predicted linear increases41, others anticipated S-curve adoption9,40; the data forms 254 

varied from national sector capacities to technology penetration rates, and even the 255 

number of plants (Table S2). None of these assumptions suited our global scope and 256 

plant-level granularity.  257 

Therefore, we applied a sigmoid function (S-shaped curve) to predict technology 258 

adoption of each novel component, following previous studies on energy 259 

technologies43,44. The equation is shown below (Eq. S1). 260 

𝐴𝑡 =
𝐴𝑠

1+
𝐴𝑠−𝐴0

𝐴0
∗𝑒−𝑘𝑡

                    (Eq. S1) 261 

where At is the capture capacity of CCS in year t, A0 is the initial capacity, As is the 262 

maximum capacity that will be reached long-term, and k is the growth rate. In this study, 263 

A0 is set at 0.8 Mt CO2, based on the capacity of the Abu Dhabi CCS project at Emirates 264 

Steel Industries, the world's first CCS project on steel plants, operational since 2016. 265 

The values of As and k are determined by fitting the announced CCS project capacity 266 

of the steel industry up to 202345, along with the IEA's projected CCS capacity for 2050 267 

(A2050=1.0 Gt CO2)
20, to the S-shaped curve (Eq. S1). This fitting results in a growth 268 

rate (k) of 23% and a maximum capacity (As) of 2.3 Gt CO2. The projected capacities 269 

for key years are shown in Table S4. The cumulative capacity 24 required for Wright’s 270 

law corresponds to At in the derived S-shaped curve24. Based on the regionally varied 271 

initial cost, learning rate, and S-curve of CCS deployment obtained above, we can 272 

project the future cost of CCS as a function of cumulative capacity (as per Eq. 8-9 in 273 

the main text) and relate the forecasted cost to time using the S-curve. 274 

For CCUS and BECCS technologies in steel plants, we use CCS as a historical analogy, 275 

assuming the same learning rate of 7%, following the methodologies of Sievert et al. 276 

(2024)46 and Edwards et al. (2024)44. The initial capture cost for CCUS is $73/tCO2 277 

(ranging from $64-82/tCO2) and for BECCS is $156/tCO2 (ranging from $126-278 

192/tCO2), based on average values from previous research11,12,47-49. Furthermore, the 279 

S-curve for CCUS deployment is assumed to be the same as for CCS45, while the future 280 

capacity of BECCS is projected by fitting the annual capture capacity of existing and 281 

announced BECCS projects50 to the sigmoid function in Eq. S1. Please refer to Table 282 

S4 for detailed cumulative capacity projections. 283 
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 284 

Fig. S4 Literature estimates of CCS costs in iron and steel sector. The points represent CCS 285 

capture costs in steel plants from 16 key studies identified through a systematic review. Point 286 

shapes indicate the study methods: triangles for case studies and squares for modeling studies. 287 

Point colors denote the regions of cost estimates: light blue for unspecified regions, brown for 288 

the United States, pink for China, and others. Cost values from different years were 289 

standardized to 2021 dollars using the Chemical Engineering Plant Cost (CEPC) index. 290 

Table S2. Representative recent studies reporting CCS cost reductions in the steel and 291 

power sectors. 292 

Sectors Author Cost projection 

method 

Learning rate/ 

Assumed cost changes 

Scaling up 

trajectory 

Iron & steel Ding et al. 

(2020)40 

Wright's law 8% b S curve with growth 

rate of 22% b 

Iron & steel Lee et al. 

(2022)41 

Wright's law 10% a Linearly increase by 

3% per year b 

Iron & steel Leeson et al. 

(2017)9 

Wright's law 3.50% a S curve with growth 

rate of 30% b 

Fossil power Bui et al. 

(2018)24 

Wright's law 

(Lit. Rev.) 

5% (ranging 1.1-9.9%) a Not involved 

Fossil power Malhotra and 

Schmidt 

(2020)42 

Wright's law 

(Lit. Rev.) 

7% (ranging 2-15%) a Not involved 

Iron & steel Leeson et al. 

(2017)9 

Moore's law Cost reduces by 25%, 

20%, 15%, 10%... every 

5 years b 

-- 

Fossil power GCCSI 

(2021)22 

Moore's law Cost reduces by 50% 

from 2010-2025 b 

-- 

All sectors  Grant et al. 

(2021)23 

Moore's law Cost reduces by 40-70% 

from 2020-2100 b 

-- 

Note: This table highlights a few representative CCS cost studies. See Note S9.1 in SI Part B 293 

for the full set of reviewed literature. 294 
a Derived from a literature review (abbreviated as Lit. Rev.) or individual literature sources. 295 
b Study assumption without a reference provided.  296 
c Data collected from actual projects.  297 
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Note S5. Cost projection for green H2, blue H2, and electrolyser. 298 

The levelized cost of green hydrogen production (LCOH, $/kgH2) is primarily 299 

dominated by the capital cost of the electrolyser ($/kW) and the cost of electricity 300 

($/MWh)51,52. Previous studies on electrolytic hydrogen cost projection can be 301 

categorized into three types: 1) those focusing on the cost reduction of renewable 302 

electricity (RE) while keeping electrolyser characteristics constant31,53, 2) those 303 

analyzing the learning effect of electrolyser investment with a fixed or average 304 

electricity price52,54-58, and 3) those considering the cost reductions of both electrolyser 305 

and renewable electricity51,59. However, most studies that incorporate dynamic costs for 306 

both electrolysers and renewable electricity either project only to 2030 rather than 307 

extending to 205051, or are confined to Europe instead of having a global scope59, which 308 

is insufficient for this study on global steel plants over 2020-2050 (see Table S3). 309 

Therefore, we project the future levelized cost of green hydrogen production 60 using 310 

component-based Wright’s law (see Eq. S2-S6). 311 

𝑦𝐻,𝑡 = 𝑦𝑅𝐸,𝑡 + 𝑦𝐸𝐿,𝑡 + 𝑦𝑜𝑡ℎ𝑒𝑟,𝑡                   (Eq. S2) 312 

𝑦𝑅𝐸,𝑡 =  𝑦𝑅𝐸,0 ∗ (
𝑋𝑅𝐸,𝑡

𝑋𝑅𝐸,0
)

𝑏𝑅𝐸

= 𝑐𝑅𝐸 ∗ 𝑦𝐻,0 ∗ (
𝑋𝑅𝐸,𝑡

𝑋𝑅𝐸,0
)

𝑏𝑅𝐸

          (Eq. S3) 313 

𝑦𝐸𝐿,𝑡 =  𝑦𝐸𝐿,0 ∗ (
𝑋𝐸𝐿,𝑡

𝑋𝐸𝐿,0
)𝑏𝐸𝐿 = 𝑐𝐸𝐿 ∗ 𝑦𝐻,0 ∗ (

𝑋𝐸𝐿,𝑡

𝑋𝐸𝐿,0
)

𝑏𝐸𝐿

           (Eq. S4) 314 

𝑦𝑜𝑡ℎ𝑒𝑟,𝑡 =  𝑦𝑜𝑡ℎ𝑒𝑟,0 ∗ (
𝑋𝐻,𝑡

𝑋𝐻,0
)

𝑏𝑜𝑡ℎ𝑒𝑟

= 𝑐𝑜𝑡ℎ𝑒𝑟 ∗ 𝑦𝐻,0 ∗ (
𝑋𝐻,𝑡

𝑋𝐻,0
)

𝑏𝑜𝑡ℎ𝑒𝑟

  (Eq. S5) 315 

𝐿𝑅𝑗 = 1 − 2𝑏𝑗                            (Eq. S6) 316 

where, yj,t and Xj,t
 represent the cost and cumulative capacity/production of component 317 

j in year t, respectively; The subscripts H, RE, EL, and other indicate green hydrogen, 318 

renewable electricity, electrolyser, and other cost components, respectively. cj denotes 319 

the proportion of the initial cost of component j in the initial cost of green hydrogen 320 

production (yH,0); bj is a parametric constant and LRj is the learning rate for component 321 

j. 322 

We assumed the cost shares of renewable electricity (cRE), electrolyser (cEL), and other 323 

components (cother) to be 50% (30-60%), 40% (30-60%), and 10%, respectively, 324 

according to cost breakdowns in previous studies51,52. The learning rates of renewable 325 

electricity (LRRE) and electrolyser (LREL) are assumed as 20% (10-24%) and 18% (8-326 

28%), respectively, while the cost of other components is assumed unchanged (LRother 327 

< 5%)54-56,58,59,61,62. Numbers in parentheses indicate literature value intervals.  See 328 

Table S3 for representative recent studies and Note S10.2 in the Supplementary 329 

Information Part C for the detailed systematic review. 330 

The cumulative capacity/production of renewable electricity (XRE,t), electrolyser (XEL,t), 331 

and green hydrogen (XH,t) are projected using the S-shaped curve of technology 332 
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adoption (Eq. S1). The parameters required for S-shaped curves, including growth rate 333 

(k), initial capacity (Abase), and maximum capacity (Asat), are derived by fitting the 334 

historical data, announced projects, and the IEA's projected demands for 2030 and 2050, 335 

following the method in previous studies56,61,63. Specifically, the cumulative installed 336 

capacity of electrolysers (GW) and the cumulative production of green hydrogen (Mt 337 

H2) are determined from announced projects spanning 2000-2040 in the IEA Hydrogen 338 

Projects Database64 and predicted demand through 2050 in the IEA NZE scenario65. 339 

The data for renewable electricity encompass total electricity generation from solar PV 340 

and wind for the years 2000-202263, with projections for 2030 and 2050 in the IEA NZE 341 

scenario65. The resulted growth rates for renewable electricity (kRE), electrolyser (kEL), 342 

and green hydrogen (kH) are 20%, 32% and 35%, respectively. Please see Table S4 for 343 

detailed cumulative capacity projections. 344 

To determine initial costs for green hydrogen production (yH,0), we conducted a 345 

systematic review of 6,065 publications following the PRISMA framework. Among the 346 

screened studies, PwC (2021)⁵³ was identified as the most suitable source, as it provided 347 

comparable cost estimates across a wide range of regions based on consistent 348 

methodologies and assumptions—unlike studies that apply heterogeneous assumptions, 349 

focus on specific regions, or report only future projections. While the baseline initial 350 

cost was derived from PwC (2021)⁵³, the full set of eligible studies was used to define 351 

the uncertainty range for sensitivity analysis, applying the mean ± two standard 352 

deviations across reported values. See Note S10.1 in Supplementary Information Part 353 

C for details. Regional variations in hydrogen cost projections are generated based on 354 

the differences in initial costs across regions. Consequently, we predict the future green 355 

hydrogen cost of $2.0-7.5/kgH2 in 2030 and $0.9-3.5/kgH2 in 2050. The resulted 356 

learning rate of green hydrogen (LRH) over 2020-2050 is about 9.5%. Additionally, 357 

when adjusting the learning rates (LRj) and cost shares (cj) of renewable electricity, 358 

electrolysers and other components within the range of literature values, the derived 359 

learning rate for green hydrogen (LRH) ranges from 6% to 13%. This range will be used 360 

for sensitivity tests in Notes S6-S8. 361 

For electrolyser, we assume an initial cost of $1.0/W in 2020, which is the average of 362 

reported ALK and PEM costs in the literature58 (Table S3). An average learning rate of 363 

18% from the literature was used for the baseline analysis, with a ±12% range (i.e., two 364 

standard deviations of 6%) applied as the uncertainty interval in the sensitivity analysis 365 

(see Note S10.2 in SI Part B for details). For blue hydrogen, we used the IEA's (2023)51 366 

regional costs as initial values (see Table S3 below) and applied the same 7% learning 367 

rate for CCS as detailed in Note S4. The cumulative capacities of electrolyser and blue 368 

hydrogen are projected by fitting an S-curve to the respective announced projects64 and 369 

expected capacities for 2030 and 2050 in the IEA NZE scenario65. 370 

  371 
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Table S3. Reported cost reduction of hydrogen production ($/kgH2). 372 

Data 

source  

Technol

ogy type 

Region Year 

2020 

Year 

2030 

Year 

2050 

Driver of 

cost changea 

Installed 

capacity 

Green hydrogen 

PwC 

(2021)53 

RE-based 

hydrogen 

20 

countries 

4.4-9.0 2.6-5.6 1.4-3.5 Assumed RE 

cost reduction 

-- 

IRENA 

(2020)54 

RE-based 

hydrogen 

7 

countries 

 -- 1.1-2.5 0.7-1.7 LR=18% for 

electrolyser 

5 TW in 

2050 

IRENA 

(2022)62  

RE-based 

hydrogen 

33 

countries 

 -- -- 0.9-3.5 Least RE cost -- 

IEA 

(2020, 

2023)31,51 

RE-based 

hydrogen 

Global 

(no 

particula

r 

country) 

3.4-

1231,51 

1.6-

8.231,51 

2.331,51 LR=18% for 

electrolyser, 

RE cost 

reduction in 

NZE scenario 

Historical 

capacity64, 

and 590 GW 

in 203065 

Glenk et 

al. 

(2023)58  

Electroly

tic 

hydrogen 

United 

States 

-- 1.6-1.9  -- LR=16% for 

electrolyser 

115-248 GW 

in 2030 

Zeyen et 

al. 

(2023)59 

Electroly

tic and 

RE-based 

hydrogen 

Europe -- 1.5-2.3 1.4-1.7 LR=16% for 

electrolyser, 

LR=10-24% 

for RE cost 

Endogenous 

in the energy 

system 

model 

Yang et 

al. 

(2023)66 

Electroly

tic 

hydrogen 

China  -- 2.4-5.9 2.3-2.9 Efficiency 

improvement 

-- 

Blue hydrogen 

IEA 

(2020, 

2023)31,51 

Fossil 

fuel w/ 

CCS 

Global 1.5-5.0 1.0-2.7 1.7-2.3 Energy price 

reduction 

-- 

Fan et al. 

(2021)12 

Fossil 

fuel w/ 

CCS 

United 

States 

1.93  --  --  -- -- 

Electrolyser 

Multiple 

reference 
51,52,54-59,61 

ALK, 

PEM, 

SOC 

Global 0.6-5.6 

($/W) 

-- -- LR=18%b (8-

28%) for 

electrolyser  

Historical 

capacity52,54,5

6,64 

Note: a LR represents the learning rate, RE stands for renewable electricity, and NZE denotes 373 

the IEA’s Net Zero Emissions by 2050 Scenario65. 374 
b Mean value of learning rates in Refs.51,52,54-57,59,61 375 

 376 

  377 
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Table S4. Projected cumulative capacity of novel components. 378 

Cumulative 

capacity  

Year 

2020 

Year 

2030 

Year 

2050 

Unit Data source 

CCS/CCUS 2 19 1000 Mt CO2 in steel 

sector 

IEA CCUS Project Database45,  

IEA NZE scenario65. 

BECCS 2 60 1000 Mt CO2 in all 

sectors 

IEA Bioenergy with CCS50,  

IEA NZE scenario65,  

Journal papers44,67. 

Green 

hydrogen 

27 51 327 Mt H2 in all 

sectors 

IEA Hydrogen Production Projects 

Database51,  

Global Hydrogen Review 2023 64,  

IEA NZE scenario65. 

Blue 

hydrogen 

1 18 89 Mt H2 in all 

sectors 

Electrolyser 2 247 3300 GW in all sectors 

Note: NZE represents the Net-Zero Emissions by 2050 Scenario.  379 
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Note S6. Costs and prices of key materials. 380 

Primary factors of steelmaking cost. There are four main types of steelmaking 381 

technologies: BF-BOF, BF-OHF, DRI-EAF, and scrap-EAF. Fig. S5 illustrates the cost 382 

structure of these existing technologies worldwide, based on our plant-level global steel 383 

cost database. Generally, raw materials and energy costs are the major contributors to 384 

the total cost, constituting 59-83% and 10-23%, respectively, while the costs of labor, 385 

maintenance, and levelized capital investment amount to 7-23%. Within raw materials, 386 

iron ore and scrap dominate the cost, accounting for 44-62% and 25-87% of raw 387 

material expenses while comprising 29-39% and 16-74% of the total steelmaking cost, 388 

respectively. In terms of energy consumption, BF-BOF and BF-OHF plants primarily 389 

rely on coking coal, which accounts for 86% and 99% of their energy costs and 20% of 390 

the total steelmaking cost, respectively. Natural gas, predominantly used in DRI 391 

production, is economically viable primarily in regions with relatively low gas prices, 392 

such as the Middle East; it represents 9% of energy costs and 1% of the total 393 

steelmaking cost. DRI-EAF and Scrap-EAF plants are significant consumers of 394 

electricity; the cost of electricity consumption constitutes 58-89% of their energy cost 395 

but less than 10% of the total steelmaking cost. Thereby, the primary factors influencing 396 

the cost of steel production with current technologies are the prices of iron ore, scrap 397 

steel, and coking coal.  398 

 399 

Fig. S5 Cost structure of existing steelmaking technologies worldwide. The cost value 400 

represents the capacity-weighted average for global steel plants. The cost of raw materials 401 

(depicted in purple) encompasses 28 items, including iron ore, direct reduced iron (DRI), pig 402 

iron, scrap, alloys, zinc, tin, electrodes, limestone, lime, inert gases, lubricants, acid or alkali 403 

cleaners, water, and net of by-product credits such as that from the sale of BOF slag. The cost 404 

of energy (shown in blue) covers coking coal, coke, charcoal, thermal energy, oxygen, and 405 

electricity. The cost of labor, maintenance, and transport (indicated in green) includes direct 406 

and administrative labor, maintenance supplies such as refractories, and the transportation of 407 

materials between stages of production. The capital cost (in yellow) accounts for interest, 408 

depreciation, property tax, and insurance on capital investments. Data is from our global steel 409 

cost database. 410 
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Prices of key materials and energy. As shown in Fig. S5, the prices of iron ore, coking 411 

coal, and scrap steel are the key factors of steelmaking cost of existing technologies.1 412 

Here, we collected the historical prices of these materials, and predicted their future 413 

prices based on historical trends. 414 

Price of Iron ore. According to our global steel cost database, cost of iron ore accounts 415 

for 44-62% in plant cost of raw materials.2 Since 2005, the global price of iron ore has 416 

experienced rapid increases due to high steel demand fueled by industrialization and 417 

urbanization. The first price spike occurred in 2008, followed by a notable decline in 418 

2009 due to the severe economic downturn. Between 2012 and 2014, prices decreased 419 

again as steelmakers began acquiring their own iron ore and coking coal operations and 420 

sought new supply sources from countries with previously minor operations, aiming to 421 

reduce steelmaking costs.3 However, post-2015, iron ore prices increased again, driven 422 

by surging steel demand and diminishing ore reserves. The prices reached a record high 423 

in 2021 Q1 again due to increased Chinese steel production during the COVID-19, but 424 

later fell after government calls for Chinese steel plants to cut production to address 425 

emissions and oversupply issues (Fig. S6). 426 

At the plant level, iron ore prices for individual plants differ significantly, influenced 427 

by factors such as processing technology (e.g., Blast Furnace [BF], Direct Reduction 428 

[DR], Sintering [SF]), types of iron ore used (e.g., fines, pellets, lump), and 429 

geographical location, which affects access to iron ore supplies or imports (Fig. S7). 430 

Although there are notable differences in the prices of various iron ore types at any 431 

given time, their long-term trends tend to be similar. This similarity allows for the 432 

prediction of future prices of these iron ore types based on the same global trend.  433 

Based on historical prices of global iron ore from 1960 to 2023, a linear fitting of the 434 

average price for each decade was conducted, with an R² value of 0.82 (Fig. S8). Since 435 

2021, there has been a short-term decline in iron ore prices. However, in the long term, 436 

prices are expected to gradually increase due to the limited reserves of high-grade iron 437 

ore. As we are forecasting mid-to-long-term prices (2024-2050) and considering the 438 

approximately 20-year capital cycle of steel equipment, we use a more stable 10-year 439 

average forecast value for subsequent cost predictions, without factoring in the short-440 

term impacts of economic and social environmental accidents on iron ore prices. 441 

 

1 https://www.steelonthenet.com/trends-3.html 

2 

https://static1.squarespace.com/static/5877e86f9de4bb8bce72105c/t/61e790b43ddb95393be8dcc1/1642565821704

/Global+Steel+Production+Costs+-+Jan2022.pdf 

3 https://www.steelonthenet.com/trends-3.html 
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 442 

Fig. S6 Historical prices of global and typical varieties of iron ore. Historical Prices of 443 

global iron ore from the World Bank and the International Monetary Fund (IMF) are depicted 444 

in blue and dark blue, respectively. The annual average price, the Metal Bulletin Iron Ore Index 445 

(MBIOI), and the spot prices of iron ore imported by China are represented in grey, yellow, and 446 

teal, respectively. Given China's substantial share in the global steel market, these prices closely 447 

align with the global average price of iron ore and are often used as indicators to represent iron 448 

ore prices. Data collected from Wind and our global steel cost database. 449 

 450 

Fig. S7 Prices of various iron ore types. This plot presents the prices of different iron ore 451 

varieties (fine, pellet, lump), for various uses (SF, BF, DR), and from different exporting and 452 

importing countries (Australia, Brazil, China, India, Japan), including spot, Free on Board 453 

(FOB), and Cost and Freight (CFR) prices. It has been observed that the price fluctuations of 454 

various types of iron ore are consistent with the typical price indicators of iron ore in China 455 

(i.e., import, MBIOI, spot prices of China). This suggests that for predicting future prices of 456 

iron ore across various regions and types, it is practical to consistently reference the trends in 457 

global and Chinese iron ore prices, as illustrated in Fig. S2. Data collected from Wind and our 458 

global steel cost database. 459 
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 460 

Fig. S8 Historical and projected prices of global iron ore. The blue and orange dots represent 461 

the historical prices of global iron ore from World Bank on an annual and decadal basis, 462 

respectively. The yellow dots indicate the predicted future 10-year average prices, derived from 463 

the linear trend of historical 10-year average values represented by the orange dots and depicted 464 

by the orange dashed line. The grey dots illustrate the annual prices retrodicted (inferred 465 

retrospectively) from the future 10-year average prices (indicated in yellow). 466 

Price of scrap. The price of steel scrap is typically influenced by the prices of iron ore 467 

and coal, as these materials determine the production costs of companies that use them, 468 

setting a baseline for prices that scrap-based producers must compete with. 469 

Consequently, after 2005, scrap prices soared, significantly exceeding the costs of 470 

collection and processing. Here, we collected historical steel scrap prices from 2007 to 471 

2023 and evaluated their long-term trend using ordinary least squares (OLS) regression. 472 

The results showed a p-value of 0.77 for the slope coefficient, indicating no significant 473 

time trend in scrap prices during this period. Accordingly, the historical average was 474 

used to project the future price, and the historical minimum and maximum values were 475 

adopted as the lower and upper bounds for sensitivity analysis (Fig. S9). 476 

 477 

Fig. S9 Historical and projected prices of scrap. The historical Free On Board (FOB) price 478 

of steel scrap from Europe (2007–2023) is shown in orange. An ordinary least squares (OLS) 479 

regression revealed no significant time trend over this period (slope p-value = 0.77 > 0.10). The 480 

future FOB price (blue) and its upper (dark grey) and lower (light grey) bounds are linearly 481 
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extended based on the historical average, maximum, and minimum values. Data was collected 482 

from Wind, UN Comtrade, and our plant-level steel production cost database. 483 

Price of coking coal. Similar to the price trend of iron ore, the price of coking coal, 484 

another main material, peaked in 2008, 2011, and 2022, and troughed in 2015 and 2020. 485 

Furthermore, due to the limited deposits of high-grade coking coal, future prices for 486 

good quality coal are likely to remain relatively high. Here, we predicted the future 487 

price of internationally traded coking coal based on the historical trend of the Free On 488 

Board (FOB) price from Australia, which is the primary source of globally imported 489 

coking coal (Fig. S10). It is feasible for long-term price trend forecasting when 490 

contingencies are disregarded. The credibility of our projection is further enhanced by 491 

the similarity between our projected growth trends in international coal prices and the 492 

industrial coal price trend forecasted by the U.S. Energy Information Administration 493 

(EIA). In addition, we forecasted the range of maximum and minimum future coking 494 

coal prices based on historical price extremes and average growth rate (i.e., the slope 495 

of the historical trend at 4.61).  496 

 497 

Fig. S10 Historical and projected prices of coking coal. Three key coking coal prices from 498 

2007 to 2023 was gathered, including the Free On Board (FOB) price from Australia (dark 499 

blue), the Free Alongside Ship60 price from the USA (yellow), and the domestic industrial 500 

coking coal price in the USA (orange), which represent typical costs of global coking coal 501 

consumption. The data were sourced from Refinitiv and our global steel cost database. The 502 

future price of industrial coking coal in the USA has been forecasted by the Energy Information 503 

Administration (EIA), while we have also projected future FOB prices (light blue) and their 504 

highest (dark grey) and lowest (green) possible ranges, following the historical trend's slope.  505 
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Note S7. Sensitivity tests of cost projections, and least-cost technology choice. 506 

Comprehensive sensitivity analyses were conducted to examine the influence of 507 

learning rates, initial costs, and cumulative capacities of novel components, as well as 508 

the prices of key raw materials and energy, on the future cost projections of each 509 

technology and the least-cost technology choice.  510 

Identification of the key factors. Twenty-two key factors that may significantly 511 

influence technology costs were identified, as shown in Table S5. These factors 512 

comprise four input prices, alongside the initial costs, learning rates, and cumulative 513 

capacities associated with each of the six novel components: CCS, BECCS, CCUS, 514 

green hydrogen, blue hydrogen, and electrolyser. Based on historical trends or literature, 515 

most parameters, including input prices, cumulative capacity and initial costs, are 516 

expected to vary within ±50% of their baseline values, while learning rates and the 517 

initial costs of green hydrogen may vary by more than ±70% (see details in Notes S4–518 

S6 in SI Part A, S9 in SI Part B, and S10 in SI Part C). Uncertainty in these novel 519 

component-specific parameters will only impact technologies utilizing the 520 

corresponding components. In contrast, changes in the prices of iron ore, scrap, coke, 521 

and electricity will affect the costs of nearly all technologies. 522 

Table S5. Key factors influencing cost projections. 523 

Factor Range Influenced technology 

Learning rate of CCS -75%-75% a 4 technologies, including BF-BOF 

with CCS, etc. Initial cost of CCS -53%-39% a 

Learning rate of CCUS -75%-75% a BF-BOF with CCUS 

Initial cost of CCUS -39%-39% a 

Learning rate of BECCS -75%-75% a BF-BOF with BECCS 

Initial cost of BECCS -46%-46% a 

Learning rate of green H2 -74%-74% b 4 technologies, including DRI-EAF 

with 100% green H2, etc.  
Initial cost of green H2 -77%-153% b 

Learning rate of blue H2 -75%-75% b 3 technologies, including DRI-EAF 

with 100% blue H2, etc. 
Initial cost of blue H2 -51%-64% b 

Learning rate of electrolyser -67%-67% b Electrolyser-EAF 

Electrowinning-EAF Initial cost of electrolyser -40%-50% b 

Cumulative capacity of 6 novel 

components (CCS, BECCS, 

CCUS, green H2, blue H2, 

electrolyser) c 

-50%-50% c 15 technologies involving novel 

components c 

Price of iron ore -30%-30% d All 20 technologies 

Price of scrap -35%-35% d All 20 technologies 

Price of coke -40%-40% d All 20 technologies 

Price of electricity -50%-50% d All 20 technologies 

Note: a Uncertainty ranges are determined by the mean ±2 standard deviations (SD) of available 524 

literature data, where applicable. Percentages indicate the relative deviation of the uncertainty 525 

bounds from the baseline value. See Note S4 in SI Part A and Note S9 in SI Part B for details. 526 
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b Where data are insufficient or the mean ±2 SD range includes negative values, uncertainty is 527 

defined by the minimum and maximum values reported in the literature. See Note S5 in SI Part 528 

A and Note S10 in SI Part C for details. 529 
c This row represents six separate uncertainty factors, each corresponding to the cumulative 530 

capacity of a novel component. 531 
d Price data are sourced from Wind, Bloomberg, IRENA (2022), and our plant-level steel cost 532 

database. Uncertainty ranges are projected from historical price trends. See Note S6 in the SI 533 

for details. 534 

 535 

Influence on 22 technologies costs. Figs. S11–S13 illustrate the sensitivity of each 536 

technology’s cost to various cost-driving factors. Fig. S11 presents a single-factor 537 

sensitivity analysis, examining the impact of 22 key variables. These include four input 538 

prices, as well as the initial costs, learning rates, and cumulative capacities of six novel 539 

components (as detailed in Table S5). Fig. S12a-c provide a pairwise sensitivity analysis, 540 

demonstrating how technology costs respond to simultaneous variations in any two 541 

categories of learning curve parameters (initial costs, learning rates, and cumulative 542 

capacities) while holding the third category constant. The combined effect of joint 543 

variation across all three categories is shown in Fig. S12d, with an interactive version 544 

(Fig. S12d_three_factor_plot.html) available on the open-access platform (see links in 545 

Data Availability section). Finally, Fig. S13 presents a multi-factor sensitivity analysis 546 

that incorporates all three learning curve parameter categories along with input prices. 547 

In brief, a 50% increase in the prices of iron ore, scrap, coke, and electricity would lead 548 

to cost increases for the most sensitive technologies of 20%, 34%, 10%, and 21%, 549 

respectively (Fig. S11). Specifically, BOF-based technologies are most vulnerable to 550 

iron ore price fluctuations, with their costs rising by 12-20%. EAF-based technologies, 551 

on the other hand, are most sensitive to scrap prices, resulting in a 14-34% increase in 552 

their costs. Compared to iron ore and scrap, higher electricity prices typically have a 553 

limited effect on steelmaking costs, leading to only a 1-10% cost increase for most BOF 554 

and EAF technologies, although electricity-intensive ones like electrolyser-EAF and 555 

electrowinning-EAF would see larger increases of 20-21%. 556 

Moreover, a 50% increase in the initial costs (IC) of CCS, CCUS, BECCS, blue 557 

hydrogen (BH2), green hydrogen (GH2), and electrolyser results in corresponding 558 

technology cost rises of 6-7%, 5%, 12%, 5-10%, 6-12%, and 10%, respectively, when 559 

other factors remain unchanged (Fig. S11). When accounting for variations in the other 560 

two learning curve factors, i.e., learning rate (LR) and cumulative capacity (Xt), the 561 

resulting cost increases span a wider range: from 0.1% to 17% for CCS, 0.1% to 11% 562 

for CCUS, 0.8% to 26% for BECCS, 0.1% to 23% for BH₂, –6.0% to 43% for GH₂, and 563 

–12% to 78% for electrolysers (Fig. S12). For learning rates, a 50% increase in green 564 

hydrogen and electrolysers leads to cost reductions of up to 11% and 14%, respectively, 565 

under single-factor variation, while changes in LR for other novel components result in 566 

more modest cost decreases of 3-6%. When IC and Xt also vary, the cost reductions 567 

across all affected technologies expand to a range of –6% to 19%. The influence of 568 
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cumulative installed capacity is even smaller: a 50% increase in cumulative capacity 569 

reduces technology costs by less than 2% when other factors are constant, although the 570 

cost changes can extend to -18-65% with concurrent variations of IC and LR. These 571 

findings highlight that initial cost (IC) and learning rate (LR) have a substantially 572 

greater impact on cost projections than cumulative capacity (Xt). 573 

Overall, the impact of fluctuations in major input prices on the most sensitive 574 

steelmaking costs (10–34%) is more substantial than that of variations in the initial 575 

costs of novel components (6–12%), learning rates (3-14%), or cumulative capacities 576 

(0.4-2%), as observed in the single-factor analysis (Fig. S11). However, these price 577 

changes have limited influence on the selection of lowest-cost technology options, 578 

because the prices of key materials and energy tend to affect multiple technologies 579 

simultaneously without significantly altering their relative cost differences.  580 

 581 

Fig. S11 Cost sensitivity of 22 technologies to key input prices, initial capital costs, learning 582 

rates, and cumulative capacities of novel components by 2050. Price fluctuations in iron ore, 583 

scrap, coke, and electricity are considered as four primary cost drivers in steelmaking. It also 584 

examines variations in initial cost (IC), learning rate (LR), and cumulative capacity (Xt) for 585 

novel components, including CCS, BECCS, CCUS, green hydrogen (GH₂), blue hydrogen 586 

(BH₂), and electrolysers. Colors differentiate input types and novel components, while line 587 

styles distinguish parameter types for each novel component: solid lines represent initial costs, 588 

dot-dashed lines indicate learning rates, and dotted lines denote cumulative capacities. 589 
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 590 

Fig. S12 Combined effects of learning curve parameter uncertainty on novel technology 591 

costs in 2050. This plot shows the pairwise cost sensitivity of novel technologies under 592 

simultaneous variation of learning curve parameters. Panels (a), (b), and (c) specifically 593 
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illustrate the interactive effects of initial cost (IC) and learning rate (LR); IC and cumulative 594 

capacity (Xt); and LR and Xt, respectively. For each panel, the third learning curve parameter 595 

not shown on the axes is held constant at a 50% increase. The novel components of each 596 

technology, including CCS, BECCS, CCUS, green hydrogen (GH2), blue hydrogen (BH2), and 597 

electrolysers, align with those presented in Fig. S11. 598 

Multi-factor sensitivity analysis. We conducted a comprehensive multi-factor 599 

sensitivity analysis to assess the probabilistic cost distributions of 22 low-carbon 600 

technologies by accounting for the simultaneous uncertainty in all 22 cost drivers. For 601 

each parameter, we defined an uncertainty range of ±2 standard deviations (SD) around 602 

the mean and initially considered 100 possible values. This setup yields a theoretical 603 

input space with approximately 1044 possible combinations—far too large for practical 604 

computation. To generate a manageable yet representative sample, we applied the Latin 605 

Hypercube Sampling (LHS) method to select 1,000 input combinations. LHS is a 606 

stratified random sampling technique designed to efficiently explore high-dimensional 607 

input spaces with relatively few samples, ensuring broad coverage of each parameter’s 608 

distribution (Saltelli et al., 2000; Lempert et al., 2013). By systematically varying all 609 

parameters simultaneously, LHS allows us to capture the combined effects of multiple 610 

uncertain inputs on technology cost projections—thereby revealing joint sensitivity in 611 

model outcomes.  612 

The resulting cost distributions are presented in Fig. S13. When all cost drivers are 613 

varied together, the relative standard deviations (RSDs) of projected costs remain 614 

moderate, ranging from 8% to 24% across technologies. Technologies that rely on 615 

electrolysers—such as 100% green hydrogen, electrowinning-EAF, and electrolyser-616 

EAF—show the highest RSDs (exceeding 15%), reflecting their heightened sensitivity 617 

to uncertainties in electrolyser costs and learning rates. To further characterize 618 

uncertainty, we also report the quartile coefficient of dispersion (QCD), which ranged 619 

from 6% to 16%. Technologies such as scrap-EAF, electrolyser-based systems, and 100% 620 

hydrogen had QCDs above 10%, indicating broader interquartile spreads, yet still 621 

within acceptable bounds. Taken together, the multi-factor sensitivity analysis confirms 622 

that our cost projections are robust even when accounting for the compounded 623 

uncertainties of all input parameters. These results reinforce the reliability of our key 624 

findings and conclusions. 625 

We acknowledge as a limitation that our LHS implementation assumes statistical 626 

independence among input parameters, which may not reflect real-world 627 

interdependencies such as co-variation between initial costs, learning rates, cumulative 628 

capacities, and input prices. This assumption was necessary due to the absence of 629 

consistent empirical data on parameter covariances across technologies and regions. We 630 

encourage future research to address this issue by developing and incorporating better-631 

informed correlation structures as more empirical evidence becomes available, to 632 

enhance the realism and precision of uncertainty propagation in techno-economic 633 

modeling. 634 
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 635 

Fig. S13. Multi-factor sensitivity analysis of 2050 cost estimates for 22 technologies. All 22 636 

cost drivers identified in Table S5 and Fig. S11 were simultaneously varied in the 1,000 cost 637 

combinations drawn by the Latin-hypercube sampling method from the input space (1044 638 

possible combinations). a) Box-and-whisker plots display the median (line), interquartile range 639 

(box), and 5th–95th percentiles (whiskers) for each technology, with violin plots representing 640 

the probability density of cost distributions. b) Statistical summary of the distributions in (a), 641 

reporting the relative standard deviation (RSD) and quartile coefficient of dispersion (QCD) for 642 

each technology. RSD is defined as the ratio of the standard deviation to the mean, while QCD 643 

is the interquartile range (Q3 − Q1) divided by the sum of the third and first quartiles (Q3 + 644 

Q1). Both RSD and QCD values are shown as percentages in this plot. 645 

Influence on the least-cost technology choice. Figs. S14-S15 illustrate the sensitivity 646 

of the least-cost technology options to variations in input prices, initial costs, and 647 

learning rates of novel components. All input data are represented as global averages, 648 

corresponding to technology choices suitable for the average steel plant worldwide. The 649 

results indicate that, in most cases, the cost-effective low-carbon and zero-carbon 650 

technology choices are consistent and robust. 651 

Specifically, for a BOF and an EAF steel plant at the global average level, the most 652 



 

27 

 

cost-effective low-carbon options are respectively BAT BF-BOF and DRI-EAF injected 653 

with 50% blue hydrogen (DRI-EAF+50%BH2), while the least-cost zero-carbon 654 

options are SR-BOF+CCS and DRI-EAF+CCS, respectively. However, with 655 

fluctuations of prices, initial costs and learning rates, the cheapest technologies might 656 

shift to DRI-BOF+100%GH2, DRI-EAF+100%GH2, DRI-EAF+50%GH2 and DRI-657 

EAF+100%BH2. For instance, if the learning rate or initial cost of green H2 varies by 658 

more than 20-40%, the cheapest zero-carbon option will shift from CCS to green 659 

hydrogen for both BOF and EAF plants (i.e., from SR-BOF+CCS to DRI-BOF with 660 

100% GH2, and from DRI-EAF+CCS to DRI-EAF with 100% GH2). In addition, partial 661 

injection of green hydrogen (DRI-EAF with 50% GH₂) becomes a more cost-effective 662 

low-carbon option than blue hydrogen (DRI-EAF with 50% BH₂) for EAF plants. 663 

 664 

Fig. S14 Least-cost technology option for BOF steel plants on a global-average basis in 665 

2050. The initial cost, learning rate, and prices are set at the global average level. Each subFig. 666 

is titled to identify the technology category as either low-carbon or zero-carbon. The subtitle 667 

specifies the key component whose price, initial cost, or learning rate is subject to change. 668 

Cumulative capacity is assumed unchanged due to its limited impact on technology costs. 669 

Points represent the least-cost technology option under various factor changes, with colors 670 

indicating the technology name. Scrap-EAF is excluded, as it is generally the lowest-cost zero-671 

carbon option for BOF plants in the absence of supply constraints. 672 
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 673 

Fig. S15 Least-cost technology option for EAF steel plants on a global-average basis in 674 

2050. The initial cost, learning rate, and prices are set at the global average level. Each subFig. 675 

is titled to identify the technology category as either low-carbon or zero-carbon. The subtitle 676 

specifies the key component whose price, initial cost, or learning rate is subject to change. 677 

Cumulative capacity is assumed unchanged due to its limited impact on technology costs. 678 

Points represent the least-cost technology option under various factor changes, with colors 679 

indicating the technology name. Scrap-EAF is excluded as it is generally the lowest-cost zero-680 

carbon option when supply constraints are not considered.  681 



 

29 

 

Note S8. Sensitivity tests of decarbonization pathways, abatement potential and 682 

cost. 683 

Identification of the key factors. Based on the sensitivity analyses of technology costs 684 

and cost-effective technology choices (as shown in Note S7), we identified scrap price, 685 

and the initial cost and learning rate of green hydrogen and CCS as the most influential 686 

factors shaping the least-cost technology pathway. Additionally, we considered the 687 

potential changes in electricity prices and emissions due to energy system transition, as 688 

well as longer retrofitting intervals. Therefore, twelve sensitivity scenarios were 689 

designed to assess the impacts of these key factors on global cost-effective pathways, 690 

abatement potential, and abatement costs (Figs. S16–S28). The scenario input 691 

parameters, reflecting uncertainties in the literature or historical data (see details in 692 

Notes S4–S6), are summarized in Table S6. 693 

Table S6. Scenarios parameters for sensitivity analysis of technology pathways. 694 

Scenario Name Description 

Baseline Base price and cost with 20-year retrofit cycle c 

S35 +35% increase in scrap price a  

ICH2 +50% increase in initial cost of green hydrogen b  

LRH2 +50% increase in learning rate of green hydrogen b  

ICCCS +50% increase in initial cost of CCS b 

LRCCS +50% increase in learning rate of CCS b  

E30 −30% decrease in electricity price c  

E50 +50% increase in electricity price c  

All Combination of all above price and cost variations ab 

RY35 Retrofit cycle set to every 35 years c 

RY50 Retrofit cycle set to every 50 years c  

All_RY35 
All price and cost variations combined with a 35-year 

retrofit cycle abc  

Scope 1+2 Emissions include both scope 1 and scope 2 c 

Note: a Derived from the upper bound of historical price. See Note S6 in SI Part A for details. 695 
b Approximated using the relative standard deviation (RSD) of literature values. See Note S4 in 696 

SI Part A and Notes S9-S10 in SI Part B and C for details. 697 
c Based on IEA (2020)20 and IRENA (2022)70. 698 

 699 

Influence of prices, initial cost and learning rate. Figs. S19–S25 present the global 700 

abatement potential and cost of the least-cost technology pathway under varying input 701 

parameters, including scrap price (S35 scenario), electricity price (E30 and E50 702 

scenarios), and the initial costs and learning rates of green hydrogen (ICH2 and LRH2 703 

scenarios) and CCS (ICCCS and LRCCS scenarios). Fig. S26 summarizes the 704 

combined effects of all price and cost changes (All scenario), while Fig. S27 705 

incorporates these changes alongside an extended retrofit cycle (All_RY35 scenario). 706 

In addition, the effects of extended retrofit intervals (RY35 and RY50 scenarios) and 707 
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the inclusion of indirect emissions (Scope 1+2 scenario) are shown in Figs. S18 and 708 

S28, respectively. Figs. S16–S17 provide an overview of the differences between all 709 

sensitivity scenarios and the baseline results discussed in the main text. 710 

In brief, compared to the cost-effective pathway in the main text (Fig. 5),  711 

1) S35 scenario: a 35% increase in scrap price reduces the abatement contribution of 712 

scrap-EAF while increasing that of SR-BOF+CCS across all three policy scenarios. 713 

Additionally, it results in greater deployment of BAT BF-BOF in medium scenario 714 

and DRI-BOF+CCS in early scenario. Furthermore, the abatement costs for nearly 715 

all BOF-based technologies rise significantly due to their dependence on scrap 716 

feedstock, while the costs for DRI-EAF-based technologies, such as DRI-717 

EAF+CCS, experience a slight increase due to their accelerated and expanded 718 

deployment. Overall, the average abatement costs notably increase to $44/tCO2, 719 

$45/tCO2, and $68/tCO2 in late, medium, and early scenarios, respectively (Fig. 720 

S19). 721 

2) ICH2 scenario: a 50% increase in the initial cost of green hydrogen increases the 722 

abatement contribution of SR-BOF+CCS by 0.3 Gt CO₂ in each scenario, with 723 

additional increases of 0.3–0.4 Gt from DRI-EAF with 50% blue hydrogen and 724 

DRI-EAF with biomass in medium scenario, and 0.1–0.2 Gt from DRI-EAF+CCS 725 

and BF-BOF+CCUS in early scenario. These shifts reflect the substitution of more 726 

expensive green hydrogen technologies with economically viable options such as 727 

CCS, blue hydrogen, CCUS, and biomass. Consequently, the average cost of 728 

abatement remains largely unchanged across all scenarios (Fig. S20). 729 

3) LRH2 scenario: a 50% rise in the learning rate of green hydrogen enhances the 730 

abatement potential of green hydrogen-based technologies as substitutes for CCS. 731 

Specifically, DRI-BOF with 100% green hydrogen increases by 1 Gt, 1 Gt, and 11 732 

Gt CO₂ in late, medium, and early scenarios, respectively; DRI-EAF with 100% 733 

green hydrogen increases by 1 Gt in early scenario; and DRI-EAF with 50% green 734 

hydrogen increases by 0.3 Gt in medium scenario. The total cumulative CO2 735 

abatement potential remains comparable to the pathway in the main text, while the 736 

average abatement cost decreases slightly by $3–9/tCO₂, reaching $22/tCO₂, 737 

$21/tCO₂, and $45/tCO₂ in late, medium, and early scenarios, respectively (Fig. 738 

S21). 739 

4) ICCCS scenario: a 50% rise in the initial cost of CCS increases the abatement 740 

contribution of BF-BOF+CCUS and DRI-EAF with 100% green hydrogen in all 741 

scenarios by 2-6 Gt and 0.9-1Gt CO2, respectively, replacing the currently more 742 

expensive SR-BOF+CCS and DRI-EAF+CCS. In the early scenario, DRI-BOF 743 

with 100% green hydrogen provides an additional 6.5 Gt of abatement as a cost-744 

effective alternative to early deployment of CCS technologies. With the loss of 745 

CCS’s cost advantage, the decarbonization pathway shifts toward greater reliance 746 

on more expensive green hydrogen technologies, leading to an increase in average 747 
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abatement costs by $4–18/tCO₂, reaching $33/tCO₂, $29/tCO₂, and $72/tCO₂ in the 748 

late, medium, and early scenarios, respectively (Fig. S22). 749 

5) LRCCS scenario: a 50% increase in learning rate of CCS has the opposite effect of 750 

increasing its initial cost. In the early scenario, abatement from DRI-EAF+CCS and 751 

SR-BOF+CCS increases by 0.1 Gt CO₂ and 0.4 Gt CO₂, respectively, replacing 752 

more expensive green hydrogen and CCUS technologies. Moreover, the accelerated 753 

cost reduction enables SR-BOF+CCS to become cheaper than existing BF-BOF in 754 

some plants, facilitating voluntary technology transition and mitigation even under 755 

the BAU scenario. As a result, the additional abatement from SR-BOF+CCS in 756 

policy scenarios relative to BAU is reduced. The average abatement cost decreases 757 

by $2–9/tCO₂ across all scenarios, reaching $22/tCO₂ in late and medium scenarios 758 

and $44/tCO₂ in early scenario (Fig. S23). 759 

6) E30 scenario: a 30% decrease in electricity price from solar PV reduces the 760 

abatement contribution of SR-BOF+CCS, which is replaced by increased mitigation 761 

from BF-BOF+CCUS (2.0–3.5 Gt CO₂) and DRI-BOF with 100% green hydrogen 762 

(0.1–0.5 Gt CO₂) across all three scenarios. Consequently, the average abatement 763 

costs in late, medium, and early scenarios slightly decrease by $1-2/tCO2, compared 764 

to the corresponding scenarios in the main text (Fig. S24). 765 

7) E50 scenario: a 50% increase in electricity price due to wind electricity leads to 766 

increased deployment of SR-BOF+CCS across all scenarios, while reducing the 767 

adoption of DRI-BOF with 100% green hydrogen in late and medium scenarios, 768 

and of BF-BOF+CCUS in early scenario. Therefore, the average abatement costs 769 

increase by $1-3/tCO2, reaching $29/tCO2, $26/tCO2, and $56/tCO2 in late, medium, 770 

and early scenarios, respectively (Fig. S25). 771 

8) All scenario: the combined effect of increased scrap and electricity prices, along 772 

with higher initial costs and learning rates for green hydrogen and CCS, leads to an 773 

increase in cumulative abatement by 1.7 Gt and 1.2 Gt CO₂ in late and medium 774 

scenarios, respectively. Meanwhile, the average abatement cost rises by $21–775 

27/tCO₂ across all scenarios, reaching $47/tCO₂, $48/tCO₂, and $81/tCO₂ in late, 776 

medium, and early scenarios, respectively. The abatement contributions of DRI-777 

BOF with 100% green hydrogen (increased by 1.1–8.7 Gt CO₂), Scrap-EAF (2.6 Gt 778 

CO₂), and BF-BOF with CCUS (1.2–2.4 Gt CO₂) rise across all scenarios, with 779 

DRI-EAF using 100% green hydrogen also contributing an additional 0.8 Gt CO₂ 780 

in the early scenario. In contrast, the abatement potential of SR-BOF with CCS 781 

decreases substantially by 3–11 Gt CO₂ in all scenarios. These results suggest that 782 

under the combined influence of multiple factors, CCS-based technologies become 783 

less cost-competitive, while alternative options such as green hydrogen, Scrap-EAF, 784 

and CCUS gain economic viability (Fig. S26). 785 

9) All_RY35 scenario: extending the retrofitting cycle significantly reduces 786 

cumulative abatement by 42–60% relative to the baseline results presented in the 787 
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main text (or 48–60% compared to the All scenario), while average abatement costs 788 

rise further to $53/tCO₂ in the late and medium scenarios, and to $52/tCO₂ in the 789 

early scenario. The abatement contributions of DRI-BOF with 100% green 790 

hydrogen and BF-BOF with CCUS consistently increase by 0.4–5.0 Gt CO₂ across 791 

all scenarios, whereas that of Scrap-EAF declines by 5–6 Gt CO₂ due to constrained 792 

scrap availability during a delayed and compressed retrofitting window 793 

approaching the net-zero target year (Fig. S27). 794 

Influence of electricity transition. Electricity-based steelmaking strategies have gained 795 

substantial momentum, such as DRI-EAF and scrap-EAF, with great hope placed on 796 

using renewable electricity for decarbonizing the iron and steel industry5. The transition 797 

of electricity generation forms may have influence on the carbon mitigation potential 798 

and cost-effectiveness of corresponding steelmaking technologies6, thus affecting the 799 

exploration of the decarbonization pathways for the iron and steel plants. Therefore, we 800 

conducted two sensitivity tests focusing on changes in electricity prices and indirect 801 

emissions to discuss the impact of electricity transition on the mitigation potential and 802 

cost of each technology. 803 

1) Changes in electricity prices:  804 

Due to the spectacular cost reduction of renewable electricity, till 2021, the costs of 805 

electricity generation by solar PV and onshore wind are already 29% lower and merely 806 

71% higher, respectively, than those of fossil fuel electricity70. Therefore, we conducted 807 

a sensitivity test of global mitigation potential and cost to the varied electricity price in 808 

range of -30% and +50% (Figs. S24-S25).  809 

In brief, a 50% change in electricity price alters the costs of most technologies by only 810 

1–10%, and up to 21% for the highly electricity-intensive direct electrolysis route (Fig. 811 

S11). Furthermore, changes in electricity prices below 50% have limited impact on the 812 

selection of least-cost decarbonization technologies, except for scrap-EAF (Figs. S14-813 

S15). As a result, a 30% decrease in electricity price leads to the substitution of SR-814 

BOF+CCS with BF-BOF+CCUS and DRI-BOF with 100% green hydrogen, reducing 815 

the abatement potential of SR-BOF+CCS by 16–36% (2–4 Gt CO₂) across all scenarios. 816 

The average abatement cost decreases slightly to $24/tCO₂, $23/tCO₂, and $52/tCO₂ in 817 

the late, medium, and early scenarios, respectively. Conversely, a 50% increase in 818 

electricity price enhances the abatement potential of SR-BOF+CCS by 4-7% across all 819 

scenarios, raising the abatement cost from $25-26/tCO2 to $26-29/tCO2 in the late and 820 

medium scenarios, and from $54/tCO2 to $57/tCO2 in the early scenario (Figs. S16-S17 821 

and Figs. S19-S25). 822 

2) Impact of indirect emissions: 823 

In the main text, we focused on direct emissions of steel plants and decarbonization 824 

technologies, which will not be affected by electricity transition. However, given the 825 

rapid development of renewable electricity, we added a sensitivity test for indirect CO2 826 
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emissions, which is estimated based on the IEA’s projection of carbon intensities of 827 

global electricity generation20, and on electricity consumption factors of 828 

decarbonization technologies as reported in previous studies5,6,11,71. 829 

The results are presented in Fig. S28 and summarized in Table S7. In brief, when 830 

indirect emissions from electricity consumption are considered, the annual CO₂ 831 

emissions of the global steel sector in 2050 increase significantly by 19–117% across 832 

all scenarios. However, cumulative abatement potential and average abatement cost 833 

exhibit only minor variations, ranging from –0.2% to +8% and –8% to +0.3% 834 

respectively, compared to results based solely on direct emissions. Moreover, the key 835 

technologies contributing most to global decarbonization remain consistent, with only 836 

limited changes in their individual abatement potential and cost. These findings indicate 837 

the limited influence of indirect emissions on global cost-effective decarbonization 838 

pathway.  839 

Table S7. The influence of indirect emissions on global abatement potential and cost.  840 

Results BAU Late scenario Medium scenario Early scenario 

2050 emissions  

(Gt CO2) 

2.8→3.4 

(19%) 

1.3 →1.8 

(35%) 

1.1→1.5 

(44%) 

0.3→0.6 

(117%) 

Cumulative 

abatement  

(Gt CO2) 

3.3→3.3 

(0%) 

17→17 

(-0.2%) 

26→26 

(-0.1%) 

56→61 

(8%) 

Average 

abatement cost 

($/tCO2) 

72→72 

(0%) 

26→26 

(0.3%) 

25→25 

(0.1%) 

54→50 

(-8%) 

Top mitigation 

technologies 

BAT BF-BOF. SR-BOF+CCS, 

Scrap-EAF. 

SR-BOF+CCS, 

Scrap-EAF,  

BAT BF-BOF. 

SR-BOF+CCS, 

DRI-EAF+CCS, 

Scrap-EAF. 

Note: Values before the arrows represent the results for direct emissions (Fig. 5 in the main 841 

text), while values after the arrows represent the results when indirect emissions are included 842 

(Fig. S28). Numbers in parentheses indicate percentage changes. 843 

 844 

Influence of retrofitting intervals. According to IEA (2020)20, the typical capital cycle 845 

for steel plants is 20 years, suggesting that retrofitting equipment older than 20 years 846 

would not result in stranded assets or additional economic losses. However, to conduct 847 

a comprehensive sensitivity analysis, we simulated scenarios with extended retrofitting 848 

intervals of 35 and 50 years for comparison. For each assumption of retrofitting year, 849 

we obtained the most cost-effective decarbonization pathways for each steel plant 850 

worldwide, recalculated their cumulative abatement potential and costs on a plant-by-851 

plant basis, and finally aggregated the plant-level results to regional and global levels.  852 

The comparison of different retrofitting intervals reveals that retrofitting every 20 years 853 

resulted in the highest abatement potential and the lowest average abatement cost, both 854 

worldwide and in key regions (Fig. S18). It highlights the importance of early 855 
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retrofitting for cost-effective global mitigation and achieving climate goals. In this 856 

context, even though some blast furnaces (BFs) may operate for up to 50 years with 857 

high emissions currently, meeting national net-zero targets requires an expedited 858 

decarbonization transition in the future. Therefore, we assumed a 20-year retrofit 859 

interval in our main text to explore the cost-effective technology pathway aligned with 860 

national carbon neutrality targets. 861 

 862 

Fig. S16 Difference in global abatement potential under varying assumptions. The basic 863 

scenario refers to the one used in the main text, while the other scenarios incorporate variations 864 

in scrap prices (S35), green hydrogen costs (ICH2 and LRH2), CCS costs (ICCCS and LRCCS), 865 

and electricity prices (E30 and E50), as well as indirect emissions (Scope 1+2), extended 866 

retrofitting intervals (RY35 and RY50), and the combined effects of all price and cost changes, 867 

both with (All_RY35) and without (All) extended retrofitting intervals. Detailed assumptions 868 

are provided in Table S6. 869 
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  870 
Fig. S17 Difference in global abatement cost under varying assumptions. The basic scenario 871 

refers to the one used in the main text, while the other scenarios incorporate variations in scrap 872 

prices (S35), green hydrogen costs (ICH2 and LRH2), CCS costs (ICCCS and LRCCS), and 873 

electricity prices (E30 and E50), as well as indirect emissions (Scope 1+2), extended retrofitting 874 

intervals (RY35 and RY50), and the combined effects of all price and cost changes, both with 875 

(All_RY35) and without (All) extended retrofitting intervals. Detailed assumptions are 876 

provided in Table S6. 877 

 878 

Fig. S18 Global abatement potential and abatement cost of the cost-effective 879 

decarbonization pathway with retrofitting every 20, 35 and 50 years. A) and B) present the 880 

abatement potential and abatement cost of key regions and the world, respectively. The Late, 881 

Medium, and Early scenarios represent different paces of zero-carbon technology deployment, 882 

as outlined in the main text.  883 

 884 
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 885 

Fig. S19 Global abatement potential and cost with a 35% increase in scrap price (S35 886 

scenario). Numbers in yellow, green, and purple indicate the differences between adjacent 887 

scenarios in terms of a) cumulative CO₂ abatement and average abatement cost, and b) increases 888 

in total production cost, corresponding to the areas between neighboring solid lines. c) presents 889 

the abatement potentials and abatement costs of various low and zero-carbon technologies 890 

across the globe and major regions over 2020-2050 under the Late, Medium, and Early policy 891 

scenarios, compared to reference scenarios without policy intervention.  892 
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 893 

Fig. S20 Global abatement potential and cost with a 50% increase in initial cost of green 894 

hydrogen (ICH2 scenario).  895 

 896 

Fig. S21 Global abatement potential and cost with a 50% increase in learning rate of green 897 

hydrogen (LRH2 scenario).  898 
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 899 

Fig. S22 Global abatement potential and cost with a 50% increase in initial cost of CCS 900 

(ICCCS scenario).  901 

 902 

Fig. S23 Global abatement potential and cost with a 50% increase in learning rate of CCS 903 

(LRCCS scenario).  904 
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 905 

Fig. S24 Global abatement potential and cost with a 30% reduction in electricity price 906 

due to renewable electricity application (E30 scenario).  907 

 908 

Fig. S25 Global abatement potential and cost with 50% increase in electricity price due to 909 

renewable electricity application (E50 scenario).  910 
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 911 

Fig. S26 Global abatement potential and cost under simultaneous changes in scrap and 912 

electricity prices, as well as the initial costs and learning rates of green H2 and CCS (All 913 

scenario).  914 

 915 

Fig. S27 Global abatement potential and cost under simultaneous changes in scrap and 916 

electricity prices, the initial costs and learning rates of green hydrogen and CCS, and an 917 

extended retrofit cycle of 35 years (All_RY35 scenario).  918 
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 919 

Fig. S28 Global abatement potential and cost including both Scope 1 and Scope 2 920 

emissions (Scope 1+2 scenario). 921 

 922 

Table S8. Summary of data source information. 923 

 924 

 925 

Data Description Source Website

Plant-level production database

Covering 4900+ operating 

steelmaking and processing 

plants with 20000+ facilities 

in 127 countries worldwide

World Crude 

Steel 

Capacity and 

Production 

Database

https://www.steelonthenet.com/plant.html

Plant-level cost database

Providing the production cost 

and cost structures of 

thousands of individual steel 

plants worldwide

Global Iron 

and steel Cost 

Database; 

Metalinfo 

Steel Cost 

Database

https://www.transitionzero.org/products/globa

l-steel-cost-tracker;

http://www.metalinfo.cn

Learning rates and initial costs

The learning rates and initial 

costs collected from high-

quality literature for cost 

projections

Technology parameters

Emission factors, input 

consumption factors, and 

technical readiness of each 

studied decarbonization 

technologies

Systematic literature review. See Note S9-S10 in 

Supplementary Information on CCS and H2 for details

Refer to previous studies. See the Methodology section in main 

text for details.
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 926 

Fig. S29 Framework of data source, methodology and results in this study. The study draws 927 

on two primary data types: plant-level production and cost databases (orange) and parameters 928 

from literature and authoritative reports (green). The plant-level databases serve as the core data 929 

foundation, integrated with various methodologies (shown in cyan) to generate results across 930 

all stages (shown in blue). Data from extensive literature reviews primarily inform cost 931 

projections for novel components, determining key input parameters for the learning curve, 932 

such as learning rates and initial costs. Sources for other necessary parameters with less impact 933 

on cost projections, such as emission factors, are cited in the Methods section but not detailed 934 

here.  935 
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Part B - Systematic review of CCS initial cost and learning rate  1097 

Note S9. PRISMA of CCS initial cost and learning rate. 1098 

9.1 Initial cost of CCS. 1099 

9.1.1 Background and motivation. 1100 

CCS plays a crucial role in the decarbonization of the iron and steel sector and is 1101 

compatible with multiple production routes, including BF-BOF, DRI-EAF, SR-BOF, 1102 

and DRI-BOF (Extended Data Table 1). Our component-based cost forecast method 1103 

divides the cost of decarbonization technologies involving CCS into processing route 1104 

costs and CCS costs. The former is estimated from our plant-level production and cost 1105 

databases, while the latter is derived from Wright’s learning curve (see details in 1106 

Methodology section in the main text and Note S3 in Supplementary Information). To 1107 

estimate the learning curve for CCS, three input parameters are required: initial cost, 1108 

learning rate, and cumulative capacity. The first two parameters were determined 1109 

through two separate systematic literature reviews due to the absence of historical 1110 

actual data, and the cumulative capacity was based on the IEA CCS project databases 1111 

(see in Note S4 in Supplementary Information). This section details our literature search, 1112 

screening, selection, and data extraction processes, following PRISMA guidelines 1113 

where applicable, to enhance the transparency and reproducibility of our literature 1114 

analysis. 1115 

9.1.2 Research question and objectives. 1116 

We conducted a systematic review to determine the initial capture cost of CCS in steel 1117 

plants. Notably, due to significant variations in CCS costs across different sectors, 1118 

influenced by varying CO2 emission concentrations and patterns, we specifically 1119 

focused our literature search on CCS applications in the iron and steel industry. 1120 

Additionally, during the literature screening process, any reporting format of CO₂ 1121 

capture costs (e.g., cost of CO₂ capture vs. cost of CO₂ avoidance) are acceptable, 1122 

despite their different meanings and values. We will address these differences further 1123 

during the data extraction process.  1124 

9.1.3 Search strategy. 1125 

To begin with, a comprehensive literature search was conducted using the Web of 1126 

Science and Scopus databases due to their extensive coverage of high-quality, peer-1127 

reviewed journals. The search strategies outlined in Table S9 were applied to article 1128 

titles, abstracts, and keywords. We also manually screened the reference lists of 1129 

included studies to ensure no significant articles were missed. Additionally, grey 1130 

literature from major industry and climate organizations, such as the International 1131 

Energy Agency (IEA), Global CCS Institute (GCCSI), and International Energy 1132 

Agency Greenhouse Gas R&D Programme (IEAGHG), was manually included to 1133 

complement the academic literature. To qualify for inclusion, grey literature reports 1134 

needed to satisfy two criteria: they must have been cited in academic studies and contain 1135 
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the required quantitative data.  1136 

Table S9 Search strategy in the Web of Science and Scopus databases. 1137 

Objectives Keywords Field of research Period 

Initial CCS 

capture cost 

(“carbon capture” OR CCS OR “CO2 

capture” OR CCUS) AND (cost OR 

techno-economic*) AND (steel*) NOT 

(mineral*) NOT ("hydrogen 

production") 

Title, Abstract, 

Keywords 

Start date-

2024 

Learning 

rate of CCS 

capture cost 

(“carbon capture” OR CCS OR “CO2 

capture” OR CCUS) AND ("learning 

curve*" OR "experience curve*" OR 

"techn* learning" OR "cost reduction" 

OR "future cost" OR "learning 

rate*"OR "experience rate*") 

Title, Abstract, 

Keywords 

Start date-

2024 

9.1.4 Literature screening, inclusion and exclusion criteria. 1138 

As illustrated in Fig. S30, 1088 records were initially retrieved from the Web of Science 1139 

and Scopus databases using the search strategy outlined in Table S9. We removed 247 1140 

duplicates and 97 records that were categorized as patents, news, and editorial materials, 1141 

leaving 744 articles, conference papers, thesis, or book chapters for further screening.  1142 

We then screened the titles and abstracts of each record, excluding 628 studies that were 1143 

not relevant to our research question. This involved studies from unrelated fields such 1144 

as mathematics, physics, chemistry, agronomy, medicine, and materials science, as well 1145 

as those lacking at least one of the three key elements of our study: CCS technology, 1146 

the steel sector, and cost analysis. Furthermore, 47 studies focusing on costs of CO2 1147 

storage and transportation, and 8 studies on cost optimization of supply chain for CCS 1148 

in steel plants were also excluded because they did not focus on capture or avoidance 1149 

costs of CCS.  1150 

After abstract screening, 61 articles remained for full-text eligibility assessment. One 1151 

could not be retrieved, and the remaining 60 were reviewed in full. During the review, 1152 

key characteristics of each study were documented, including data sources, methods, 1153 

and technical, economic, and regional assumptions, as detailed in the Data Extraction 1154 

and Processing section. These characteristics are crucial as they significantly impact 1155 

the estimated CCS costs in different studies. By systematically comparing these 1156 

attributes, we refined the inclusion criteria and identified studies that aligned with the 1157 

requirements outlined in Table S10. This process ensured the inclusion of studies with 1158 

reliable data sources and methods, fostering consistency in research subject, scope, and 1159 

assumptions, thereby enhancing the quality and comparability of the cited literature 1160 

values in this paper.  1161 

As a result, 27 full-text articles were excluded for lacking original and reliable estimates 1162 

of initial CCS costs. Specifically, those studies: a) did not provide cost values, b) were 1163 
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reviews or relied on previous studies, or c) lacked detailed data sources or calculation 1164 

methods. Since our focus was on extracting initial costs rather than future projections, 1165 

studies like Leeson et al. (2017), which projected future costs of CCS based on a review 1166 

of existing initial cost estimates, were also excluded. To further improve comparability, 1167 

an additional 21 full-text articles were excluded due to assumptions inconsistent with 1168 

most other literature. Those studies: d) considered only capital cost while omitting 1169 

operating costs, e) focused on capture technologies other than MEA, f) reported cost of 1170 

CO₂ capture instead of cost of CO2 avoided (see Table S11).  1171 

Ultimately, only 12 of the 60 reviewed full-text academic articles were included. In 1172 

addition, we identified 6 institutional reports from climate-related organizations 1173 

through reference checking. Of these, 2 were excluded based on criterion f) for not 1174 

reporting CO₂ avoidance costs. Therefore, a total of 16 academic articles and 1175 

institutional reports were finally included for further review. 1176 

All screened references are detailed in the PRISMA Literature Dataset, available as 1177 

supplementary material (see Data Availability section in the main text). 1178 

Table S10 Eligibility criteria for full-text assessment. 1179 

Inclusion Criteria Exclusion Criteria 

- Articles, conference papers, review papers, 

thesis, or book chapter 

- Other document types (e.g., patents, news, 

editorial materials) 

- Focus on CCS initial costs for steel plants - Non-steel sectors or missing cost values 

- Capture cost explicitly provided - Focus only on transport, storage, or supply 

chain costs 

- Provision of original CCS cost estimates - Lack of original CCS cost estimates 

- Clear data sources and methodologies - Unclear data sources or methodologies 

- Both capital and operating costs analyzed - Studies considering only capital cost  

- Commonly studied capture technology 

(e.g., MEA-based CCS systems) 

- Focus on other advanced capture 

technologies 

- Costs expressed as per ton of CO₂ avoided - Costs expressed as per ton of CO₂ captured 

 1180 
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 1181 

Fig. S30 Literature search procedures PRISMA flow diagram illustrates the procedures (i.e., 1182 

identification, screening, eligibility and inclusion) for obtaining literature values for CCS initial 1183 

capture costs in steel plants.  1184 

 1185 

9.1.5 Data extraction and processing.  1186 

Literature characteristics and selection. Multiple factors significantly influence the 1187 

initial CCS costs reported across studies, including the capture technologies employed, 1188 

the methodologies applied for cost estimation, the choice of cost metrics, the scope of 1189 

cost components quantified, and the geographic context1. During the full-text eligibility 1190 

assessment, we initially identified 33 studies that provided original CCS capture cost 1191 

estimates with detailed data sources and methodologies, of which 16 were included and 1192 

17 were excluded. Considerable variations in their technical, economic, and regional 1193 

assumptions raised concerns about the comparability of their results. To address these 1194 

issues, ensure consistency in assumptions, and improve the comparability of cited cost 1195 

estimates, we systematically extracted key characteristics from the literature alongside 1196 

the reported cost estimates. These characteristics included authorship, study type 1197 

(academic article or organizational report), capture technologies, estimation methods, 1198 

cost metrics, and specific geographic focus, as summarized in Table S11. 1199 

The CCS capture technologies evaluated in these studies include MEA, VPSA, MDEA, 1200 

calcium looping, SEWGS, PEM, and membrane, each characterized by distinct 1201 

technical and economic differences. Among these, MEA stands out for its technical 1202 

maturity and has been extensively investigated by 21 out of 33 studies; therefore, we 1203 

used the reported cost of this technology as an inclusion criterion for further review. 1204 

Two metrics are commonly used in the literature to report CCS capture costs: the cost 1205 
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of CO₂ capture and the cost of CO₂ avoidance. The former represents the direct 1206 

expenses of capturing CO₂, including separation, compression, and sometimes 1207 

transportation, while the latter measures the incremental cost of reducing CO₂ emissions 1208 

compared to a baseline without CCS, factoring in changes in energy use, efficiency, and 1209 

associated emissions2. Although these two metrics are interrelated, converting between 1210 

them requires additional parameters that are often not disclosed in the literature. To 1211 

avoid introducing uncertainties during this conversion process and to ensure the 1212 

comparability of cited values, we included only studies reporting the cost of CO₂ 1213 

avoidance. This metric is not only better suited for comparing technologies, aligning 1214 

with the focus of our study, but is also more widely reported, with 16 of the 21 MEA 1215 

studies in Table S11 providing this data. Additionally, all 16 included studies accounted 1216 

for both capital and operational costs, providing a comprehensive view of the cost 1217 

components of CCS capture. In contrast, studies that considered only capital cost were 1218 

excluded in earlier steps and are therefore not represented in the literature 1219 

characterization table. 1220 

This review applied rigorous inclusion and exclusion criteria to select studies with 1221 

transparent data, reliable methodologies, and clearly articulated assumptions, aiming to 1222 

minimize the risk of bias in the included research. However, due to the lack of 1223 

commercial-scale CCS applications and data in steel plants, most studies rely heavily 1224 

on model-based assumptions, potentially introducing systematic errors. Consequently, 1225 

the cost estimates reported in the literature may deviate from future real-world values, 1226 

a discrepancy that remains challenging to quantify until empirical data becomes 1227 

available. To address this, we performed a sensitivity analysis on the initial CCS cost 1228 

projections to assess the potential impacts of systematic errors and enhance the 1229 

robustness of our results as much as possible (see the Data selection and uncertainty 1230 

section below). 1231 

  1232 
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Table S11 Key literature characteristics on CCS costs in steel production. 1233 

 1234 
Note: a) The 33 studies comprise 16 that were included after a full-text eligibility assessment 1235 

and 17 that, although providing original and reliable cost estimates, were excluded due to their 1236 

differences in technical and economic assumptions compared to most studies. This exclusion 1237 

aims to enhance the comparability of the included literature. b) The cost types "avoid cost" and 1238 

"capture cost" in this table refer to the cost metrics discussed above: the cost of CO₂ avoidance 1239 

and the cost of CO₂ capture, respectively. c) The data reprocessing method involves the 1240 

harmonization and standardization of values extracted from literature. d) More reference 1241 

information is provided in the PRISMA Literature Dataset (see Data Availability section in the 1242 

main text). 1243 

Data extraction. We extracted 30 estimates of CO₂ avoidance costs for CCS using MEA 1244 

technology in steel production from 16 eligible studies. For each estimate, we also 1245 

collected literature details, including authorship, publication year, year of the cost 1246 

estimate, currency year, research method, and regional context. To enable cross-1247 

regional and temporal comparisons, all cost values originally reported in various 1248 

currencies and currency years were standardized to 2021 USD using historical 1249 

exchange rates and the Chemical Engineering Plant Cost Index (CEPCI), following the 1250 

approach of Leeson et al. (2017).  1251 

As shown in Fig. S31, although costs generally decline over time, notable differences 1252 

persist even among studies conducted in the same region, by the same authors, or within 1253 
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the same year. Despite focusing on the same technology and cost metric, the included 1254 

studies show substantial variability in data sources, methods, and geographic scopes. 1255 

Based on methods and data types, these studies are categorized into three groups: 11 1256 

case studies that conduct techno-economic assessments for specific plants, 4 regional 1257 

modeling studies that use generalized data and assumptions to estimate costs at national 1258 

or regional scales, and 1 literature review that harmonizes previous estimates by 1259 

standardizing assumptions, currencies, and reference years. Geographically, most 1260 

studies are confined to a single plant or country, including the Netherlands, Finland, 1261 

Sweden, Australia, China, and the United States. Only a few address cross-regional 1262 

comparisons, such as IEAGHG (2018) examining multiple countries in Northwest 1263 

Europe, Hooey et al. (2013) evaluating several Southern European nations, and GCCSI 1264 

(2017) comparing CCS costs across 14 global regions and countries. 1265 

To illustrate the cost variability, Fig. S32 presents descriptive statistics, boxplots, and 1266 

subgroup comparisons of the collected literature values. The mean and median reflect 1267 

central tendency, with the latter being less sensitive to outliers. Dispersion is measured 1268 

using the interquartile range (IQR) and standard deviation (SD). The relative standard 1269 

deviation (RSD), calculated as SD divided by the mean, allows comparison across 1270 

groups with different average costs. For all 30 extracted estimates, the overall mean 1271 

was $92/tCO2, with a SD of $22.6/tCO2, corresponding to an RSD of approximately 1272 

25%. Fig. S32 also displays cost distributions by subgroup, categorized by 1273 

methodological approach, study type, and region, with RSDs for these subgroups 1274 

ranging from 11% to 37%. 1275 

 1276 

Fig. S31 Literature values on initial CCS costs in steel production. Cost estimates were 1277 

extracted from 16 key studies identified through full-text screening based on the PRISMA 1278 

framework. The year shows the year of each estimate; if not reported, the publication year was 1279 

used as a substitute. Original cost values were standardized to 2021 USD using historical 1280 
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exchange rates and the Chemical Engineering Plant Cost Index (CEPCI), following the 1281 

approach of Leeson et al. (2017). Each point represents the mean value reported in a study, with 1282 

bars indicating the range between minimum and maximum values. Colors indicate geographic 1283 

regions, and point shapes denote the cost estimation methods. Additional reference details are 1284 

provided in the PRISMA Literature Dataset (see Data Availability section in the main text).  1285 

 1286 

Data selection and uncertainty. This systematic review aimed to identify initial CCS 1287 

cost estimates for steelmaking technologies, serving as the input parameter for a 1288 

learning curve model projecting decarbonization costs in global steel plants. Rather 1289 

than synthesizing a single pooled estimate across all studies, we screened studies based 1290 

on methodological compatibility, sectoral specificity, and cost metric alignment, to 1291 

derive internally consistent parameter ranges for our modeling. Moreover, to ensure 1292 

compatibility with our global-scope, plant-level granularity framework, we prioritized 1293 

literature estimates that reflect regional variations. 1294 

Among all extracted data, 14 region-specific cost estimates from GCCSI (2017) stood 1295 

out for their uniform methodology, consistent technical-economic assumptions, and 1296 

broad geographic coverage, ensuring the regional cost differences internally coherent 1297 

and reliably comparable. These values were used as region-level initial cost inputs for 1298 

our learning curve model, generating results shown in the main text. For regions not 1299 

covered by literature, missing values were imputed using averages from geographically 1300 

proximate regions. 1301 

To account for uncertainty, we defined the range bounds as the mean ± two standard 1302 

deviations (±2 SD) of all 30 extracted cost estimates, thereby capturing the total 1303 

observed variability across methodological, technical, economic, and geographical 1304 

assumptions. We then performed two sets of sensitivity tests (i.e., a marginal effect type 1305 

and an LHS method-based joint test) based on this broad range, examining the impact 1306 

of initial CCS cost on technology cost projections. As detailed in Notes S7, the results 1307 

demonstrate that this level of uncertainty has a limited effect on the projected costs of 1308 

20 low-carbon technologies, as well as on the optimal decarbonization pathways, 1309 

emission reduction potential, and abatement costs, thereby underscoring the robustness 1310 

of our projections even in the presence of input variability. 1311 
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 1312 

Fig. S32 Boxplot and summary statistics of literature values for initial CCS costs. Each 1313 

column represents literature data grouped by specific characteristics: A) from left to right, 1314 

columns display all data from the 16 included studies, data from case studies or modeling 1315 

studies, and data from academic papers or organization reports; B) columns show data specific 1316 

to regions, including Africa, Asia, Australia, Europe, and North America. Grey points indicate 1317 

standardized cost values, red triangles denote means, and blue bars show standard deviations 1318 

(SD) to represent data dispersion. The boxplot displays the first quartile (Q1), median (Q2), and 1319 

third quartile (Q3). Black whiskers extend to 1.5 times the interquartile range (IQR) above and 1320 

below the box, with data points beyond this range considered outliers. Relative standard 1321 

deviations (RSD) are also presented for each group to facilitate comparisons of data dispersion 1322 

across groups with very different means. This plot excludes cost data from Kuramochi et al. 1323 

(2012), as it is derived from reprocessed literature data without a specified region.  1324 
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9.2 Learning rate of CCS. 1325 

9.2.1 Background and motivation. 1326 

The costs of emerging technologies typically decrease with accumulated experience 1327 

and advancements in technical performance, a phenomenon known as the technology 1328 

learning effect. This effect is modeled in existing studies either by exogenously 1329 

specifying future cost trends or by employing learning curves that link future costs to 1330 

key drivers such as experience, research and development spending, and investments. 1331 

Among these models, Wright’s law is the most widely used for projecting the costs of 1332 

novel technologies with limited historical data. In Wright’s law, the learning rate serves 1333 

as a critical parameter, quantifying the percentage cost reduction with each doubling of 1334 

cumulative production. However, unlike well-studied and commercialized technologies 1335 

such as renewable energy and batteries, the learning rate for CCS remains fragmented 1336 

and inconsistent across the literature. To support robust projections of CCS cost, a 1337 

thorough review and synthesis of appropriate CCS learning rates from existing research 1338 

is essential. 1339 

9.2.2 Research question and objectives. 1340 

This systematic review aims to identify the learning rate of CCS for use in Wright’s law 1341 

learning curve model. Despite our primary focus on iron and steel plants, we extended 1342 

the scope to review CCS learning rates across various industries without sectoral 1343 

limitations. This broader focus was prompted by our finding that few studies in the steel 1344 

sector addressed learning rates, and those that did typically referenced CCS applications 1345 

in the power sector. 1346 

9.2.3 Search strategies. 1347 

A comprehensive literature search on CCS learning rates was conducted in the Web of 1348 

Science and Scopus databases using the search strategies detailed in Table S9, without 1349 

sectoral restrictions. The search targeted titles, abstracts, and keywords, encompassing 1350 

studies published from the earliest available year to 2024. To ensure no significant 1351 

studies were missed, we manually screened the reference lists of the included articles. 1352 

Additionally, grey literature from relevant organizations, such as the International 1353 

Energy Agency (IEA), the Global CCS Institute (GCCSI), and the International Energy 1354 

Agency Greenhouse Gas R&D Programme (IEAGHG), was included to complement 1355 

the academic literature, provided these sources had been cited in scholarly studies. 1356 

9.2.4 Literature screening, inclusion and exclusion criteria. 1357 

Literature identification. As shown in Fig. S33, an initial total of 1883 records were 1358 

retrieved from the Web of Science and Scopus databases. Of these, 308 records were 1359 

removed due to the following reasons: 1360 

- Duplicates (n = 270), or 1361 

- Untargeted document types, such as patents, news, and editorial materials (n = 38).  1362 
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Title and Abstract Screening. Two researchers independently screened the titles and 1363 

abstracts of the remaining 1575 studies, applying the predetermined inclusion and 1364 

exclusion criteria outlined in Table S12. This process resulted in the exclusion of 1500 1365 

records unrelated to CCS capture and learning effects, as follows: 1366 

- 1129 records were from unrelated research areas (e.g., mathematics, physics, 1367 

chemistry, agriculture, medicine, biology, materials science, education, and 1368 

sociology), 1369 

- 177 records focused on other technologies, such as renewable energy and hydrogen 1370 

production, rather than CCS, 1371 

- 106 records concentrated on CO₂ transport and storage or on socio-environmental 1372 

and policy assessments of CCS, rather than on capture processes and costs, 1373 

- 88 records addressed only technical and static cost assessments (TEA) of CCS 1374 

capture without examining technology learning effects. 1375 

Full-text Screening. After the abstract screening, 75 records remained for full-text 1376 

eligibility assessment based on their mention of CCS and learning effects, with the 1377 

potential to include learning rate estimates for CCS. During this phase, additional 1378 

exclusion criteria were applied, resulting in the removal of: 1379 

- 11 records that focused on technical or environmental learning effects rather than 1380 

economic learning effects, 1381 

- 16 records that employed assumed cost reductions over time, endogenous learning 1382 

curves, learning-by-researching (i.e., cost reductions driven by R&D), or non-linear 1383 

optimization methods; only one-factor experience curves consistent with Wright’s 1384 

law were included, 1385 

- 4 records that provided learning rates only for capital and O&M costs at the 1386 

component level, rather than for total costs, 1387 

- 14 records that did not report learning rate values or lacked transparent sources and 1388 

calculation methods, 1389 

- 22 records that cited CCS learning rates from previous studies without presenting 1390 

original estimates. 1391 

As a result, only 8 academic articles were included. Additionally, eight studies from 1392 

authoritative organizations, such as the International Energy Agency (IEA), the Global 1393 

CCS Institute (GCCSI), and the International Energy Agency Greenhouse Gas R&D 1394 

Programme (IEAGHG), along with other related projects, were manually identified 1395 

through reference checking. Of these, seven studies were excluded because they either 1396 

reported learning rates only for component costs of CCS, reviewed energy technologies 1397 

unrelated to CCS, or lacked clear data sources and methodological details. Only one 1398 

studies was included to supplement academic literature. In total, 9 studies including 1399 
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academic articles and organizational reports were selected for further review and data 1400 

extraction. 1401 

All screened references are detailed in the PRISMA Literature Dataset, available as 1402 

supplementary material (see Data Availability section in the main text). 1403 

Table S12 Eligibility Criteria for Full-Text Assessment. 1404 

Inclusion Criteria Exclusion Criteria 

- Articles, conference papers, reviews, 

thesis, or book chapters 

- Other document types (e.g., patents, news, 

editorial materials) 

- Focus on CCS capture process - Focus on other technologies 

- Dynamic costs of CCS capture - Static cost assessments without learning effects 

- Investigation of learning effects on 

economic costs 

- Advancements in technical performance or 

environmental effects 

- Utilization of learning curves - Assumption of cost reductions over time 

- Use of experience curves based on 

Wright’s law 

- Use of endogenous or dual-factor learning curves 

(e.g., involving R&D) or optimization methods 

- Provision of learning rate estimates - Lack of learning rate values or unclear sources 

- Learning rates for total costs - Learning rates for capital or O&M costs only 

- Original estimation of learning rates - Secondary citations of learning rates 

 1405 

 1406 

Fig. S33 Literature search procedures. PRISMA flow diagram illustrates the procedures (i.e., 1407 

identification, screening, eligibility and inclusion) for obtaining literature values for the 1408 

learning rate of CCS capture cost.  1409 

 1410 

9.2.5 Data extraction and processing.  1411 

Literature characteristics.  Our systematic review identified nine studies that contain 1412 
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original, quantitative learning-rate estimates for CCS (Table S13). These studies span 1413 

2004-2023 and differ in estimation methods, technical assumptions, cost metrics, data 1414 

sources, and sectoral scope. To contextualize these results, we also examined 18 1415 

frequently cited but ultimately excluded studies that either cited previous estimates 1416 

without recalculation, lacked clear data sources, or reported learning rates for cost 1417 

metrics inconsistent with those defined in our study. Although excluded during the 1418 

literature screening, these studies provided useful context for interpreting the reported 1419 

learning rates. 1420 

Drawing on existing studies, learning rate estimation methods can be classified into five 1421 

categories3-6: a)  empirical curves fitting based on historical cost and capacity trends, 1422 

b) technology analogies (e.g., SO₂/NOₓ capture systems), c) component-based 1423 

approaches that aggregate individual component learning rates, d) expert elicitation, 1424 

and e) hybrid models combining top-down learning curves with bottom-up engineering-1425 

economic analyses. Unlike mature technologies such as solar PV and batteries, limited 1426 

commercial deployment of CCS and scarce historical cost data constrain the 1427 

applicability of empirical learning curves7. Early studies therefore treated CO₂ capture 1428 

as technically analogous to SO₂/NOₓ capture in coal-fired power plants and inferred 1429 

learning rates for CCS capital cost accordingly (e.g. Riahi et al., 2004; Rubin et al., 1430 

2004). IEAGHG (2006) was the first to apply a component-based approach, providing 1431 

separate learning rates for capital and operating & maintenance (O&M) costs in CCS 1432 

power plants. Building on this method and its estimates, subsequent research, including 1433 

Rubin et al. (2007), van den Broek et al. (2009), and Li et al. (2014), projected learning 1434 

rates for electricity generation costs from CCS-equipped plants, while Li et al. (2012a), 1435 

Zhou et al. (2018), and Kang et al. (2020) reported learning rates for CO₂ avoidance 1436 

costs across various types of power plants. In contrast, studies such as Liu et al. (2022) 1437 

and van de Spek et al. (2017) applied the same approach to project electricity cost 1438 

reductions without explicitly estimating learning rates. 1439 

More recent research has expanded sectoral coverage beyond power generation. In the 1440 

industrial sector, such as steel and chemical production, studies have employed expert 1441 

elicitation (Ding et al., 2020), transferred learning rates from the power sector (Leeson 1442 

et al., 2017), or drawn analogies with other low-carbon energy technologies (Moglaensi 1443 

et al., 2023; Rutinger et al., 2021). Several influential institutional reports (e.g., IEA, 1444 

2020; GCCSI, 2019; NETL, 2013) also reference CCS learning rates in their multi-1445 

sector analyses but lack traceable data sources.  1446 
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Table S13 Key characteristics of literature on CCS learning rates.  1447 

 1448 

Note: a) The 27 studies consist of 9 that passed the full-text eligibility assessment (colored in 1449 

brown) and 18 that, although excluded, are presented here for comparison (no color). b) Unless 1450 

stated otherwise, the learning rate (LR) represents the rate of cost reduction in total cost, 1451 

including both capital and operating & maintenance (O&M) costs. c) Data source indicates the 1452 

origin of CCS learning rate used in the literature. d) More reference information is provided in 1453 

the PRISMA Literature Dataset (see Data Availability section in the main text). 1454 

Data extraction. From the eligible and representative studies listed in Table S13, we 1455 

extracted 38 learning rate estimates, along with key contextual information such as 1456 

estimation methods, data sources, cost metrics, and sectoral scopes. As illustrated in 1457 

Fig. S34, the original learning rate estimates were categorized into five groups based 1458 

on their underlying methodology: analogies to SO₂ and NOₓ capture technologies (11-1459 

13%)8-10, expert elicitation (8%)11, hybrid models combining learning curves with 1460 

engineering optimization (12%)12, and component-based learning curves applied to 1461 

either electricity generation costs (2-14%)13-15 or CO₂ avoidance costs (6-10%)16,17,18. 1462 

Secondary learning rate estimates were classified according to their data sources: either 1463 

referencing previous CCS or energy technology learning rates (3.5-12%)19-21, or lacking 1464 
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a clearly specified source (3-12%)22-24.  1465 

Fig. S35B presents descriptive statistics of all extracted data, grouped by 1466 

methodological approach. Learning rates derived from hybrid models and analogies to 1467 

SO₂ and NOₓ capture technologies are slightly higher than those obtained from expert 1468 

elicitation and component-based learning curves for CO₂ avoidance and electricity costs. 1469 

This difference likely arises because the former report learning rates only for capital or 1470 

O&M costs, while the latter are based on total costs. Since our review requires learning 1471 

rates corresponding to total initial CCS costs rather than capital or O&M costs alone, 1472 

estimates based on hybrid models and SO₂/NOₓ analogies were excluded, despite their 1473 

foundational role and frequent citation. Estimates cited from previous studies or lacking 1474 

clear sources were also excluded (see Table S12). Consequently, 20 original learning 1475 

rate estimates were retained, yielding an average of 7% and a standard deviation of 3% 1476 

(as shown in Fig. S35A). 1477 

 1478 

Fig. S34 Literature-derived learning rates for CCS. Learning rate estimates were extracted 1479 

from 27 key studies identified through literature screening following the PRISMA framework. 1480 

These include 20 original CCS learning rate estimates from 9 included studies, along with 18 1481 

estimates from 18 representative excluded studies for comparison. The points represent the 1482 

primary results reported in each study, while the bars indicate the minimum and maximum 1483 

values provided in the corresponding literature. Colors signify key characteristics and factors 1484 

influencing the estimates, such as methods, metrics, and analogous technologies, and the shapes 1485 

of the points represent the sectors to which the CCS learning rates were applied. More reference 1486 

information is provided in the PRISMA Literature Dataset (see Data Availability section in the 1487 

main text).  1488 

 1489 
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Data selection and uncertainty. To identify appropriate literature values for our 1490 

learning curve model, we applied strict exclusion criteria and selected studies whose 1491 

assumptions aligned with our modeling needs. Although we prioritized evidence from 1492 

the steel industry, only one study provided an original learning rate estimate for this 1493 

sector, prompting us to consider studies from other sectors as well. In terms of cost 1494 

metrics, we favored learning rates based on total cost rather than capital or O&M costs 1495 

alone, and therefore included learning rates for the total cost of either CO₂ avoidance 1496 

or electricity generation with CCS. The former aligns more directly with our initial cost 1497 

units (measured in terms of CO₂ avoided), while the latter is frequently cited in 1498 

influential steel-sector research (Leeson et al. 2017) and various CCS learning rate 1499 

reviews (e.g., Bui et al., 2018; Thomassen et al., 2020; Malhotra and Schmidt, 2020). 1500 

Based on the included estimates, a mean CCS learning rate of 7% was used as the 1501 

primary input for our models. To capture uncertainty, we applied a range of ±2 standard 1502 

deviations around this mean (i.e., 7% ± 6%) to test the sensitivity of our main findings. 1503 

The results demonstrate that this level of uncertainty has a limited impact on the 1504 

projected costs of 20 low-carbon technologies, as well as on the optimal 1505 

decarbonization pathways, emission reduction potential, and abatement costs. This 1506 

highlights the robustness of our projections and supports the reliability of our core 1507 

conclusions (see Notes S7–S8 for details). 1508 

 1509 

Fig. S35 Boxplot and summary statistics of literature-derived CCS learning rates. A) 1510 

Columns show 20 learning rate estimates extracted from the 9 included studies, grouped by 1511 

application sector (i.e., chemical, power, steel). B) Columns show 38 estimates from the 27 key 1512 

studies listed in Table S13, grouped by methodological approach and cost metric: learning rates 1513 

for CO₂ avoidance and electricity costs (both from included component-based studies), expert-1514 

elicited estimates (from included expert elicitation studies), and estimates from excluded 1515 

studies based on analogies to SO₂/NOₓ capture, hybrid learning-curve/optimization models, 1516 
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references to previous CCS or energy technologies (Ref. Prev. Est.), or unspecified sources and 1517 

methods. Grey points indicate standardized cost values, red triangles denote means, and blue 1518 

bars show standard deviations (SD) to represent data dispersion. The boxplot displays the first 1519 

quartile (Q1), median (Q2), and third quartile (Q3). Black whiskers extend to 1.5 times the 1520 

interquartile range (IQR) above and below the box, with data points beyond this range 1521 

considered outliers. Relative standard deviations (RSD) are also presented for each group to 1522 

facilitate comparisons of data dispersion across groups with very different means.  1523 
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Part C - Systematic review of initial hydrogen cost and learning rate  1598 

Note S10. PRISMA of initial hydrogen cost and learning rate. 1599 

10.1 Initial cost of hydrogen production. 1600 

10.1.1 Background and motivation. 1601 

Hydrogen is a key solution for decarbonizing the iron and steel sector. However, the 1602 

production of hydrogen remains immature, leading to high costs and significant 1603 

uncertainties. Over the past two decades, numerous studies have projected hydrogen 1604 

cost reductions, but reviews by Frieden et al. (2024) and Miyagawa et al. (2022) reveal 1605 

substantial variability in these forecasts due to differences in methodologies, 1606 

assumptions, and perspectives, which limits their direct application1,2. To address this, 1607 

we independently projected future hydrogen costs through a learning curve model and 1608 

prioritized systematic reviews of key inputs such as initial costs and learning rates 1609 

instead of relying on existing cost forecasts. This approach provides a solid basis for 1610 

modeling the cost trajectory of hydrogen-based steelmaking technologies and their role 1611 

in achieving low-carbon steel production. 1612 

10.1.2 Research question and objectives. 1613 

This section aims to determine the initial levelized cost of hydrogen through a 1614 

systematic review. Among the various hydrogen production technologies, our focus is 1615 

on hydrogen produced via water electrolysis powered by renewable energy, while 1616 

excluding grey hydrogen based on fossil fuels and hydrogen derived from biomass. 1617 

Niche producing processes, like photoelectrochemical or photocatalytic water splitting, 1618 

are also excluded. Additionally, we concentrate on hydrogen production rather than its 1619 

applications in other sectors such as chemical processing, transportation, energy storage, 1620 

or fuel use, in order to minimize the influence of additional technical assumptions and 1621 

external factors on reported cost estimates. 1622 

10.1.3 Search strategy. 1623 

A comprehensive literature search was conducted using the Web of Science and Scopus 1624 

databases due to their extensive coverage of high-quality, peer-reviewed journals. The 1625 

search strategies outlined in Table S14 were applied to article titles, abstracts, and 1626 

keywords. We also manually screened the reference lists of included studies to ensure 1627 

no significant articles were missed. Additionally, grey literature from major industry 1628 

and climate organizations, such as the International Energy Agency (IEA), International 1629 

Renewable Energy Agency (IRENA), and Hydrogen Council, was manually included 1630 

to complement academic literature. To qualify for inclusion, grey literature reports 1631 

needed to satisfy two criteria: they must have been cited in academic studies and contain 1632 

the required quantitative data.  1633 

  1634 
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Table S14 Search strategy in the Web of Science and Scopus databases. 1635 

Objectives Keywords Field of research Period 

Initial levelized 

cost of hydrogen  

(hydrogen OR H2) AND (“cost 

reduction*” OR “future cost*” OR 

“cost projection” OR “cost 

forecast”) 

Title, Abstract, 

Keywords 

Start date-

2024 

Learning rate of 

hydrogen cost 

(hydrogen OR H2) AND ("learning 

curve*" OR "experience curve*" 

OR "techn* learning" OR "cost 

reduction*" OR "future cost*" OR 

"learning rate*" OR "experience 

rate*") 

Title, Abstract, 

Keywords 

Start date-

2024 

10.1.4 Literature screening, inclusion and exclusion criteria. 1636 

Literature identification. As shown in Fig. S36, a total of 6065 records were initially 1637 

retrieved from the Web of Science and Scopus databases using the search strategy 1638 

detailed in Table S14. Following the removal of 691 records due to duplication, or 1639 

categorization as patents, news or editorials, 5374 articles, conference papers, review 1640 

articles, and book chapters remained for further screening. Additionally, 155 studies 1641 

from previous systematic and quantitative reviews on hydrogen production costs were 1642 

incorporated as supplementary sources after duplicates were removed. 1643 

Title and Abstract Screening. The remaining 5374 records underwent independent 1644 

screening by two researchers based on the inclusion and exclusion criteria detailed in 1645 

Table S15. This process excluded 5183 studies unrelated to hydrogen production or its 1646 

cost assessment, categorized as follows: 1647 

a) 2834 studies unrelated to hydrogen production processes, including: 1648 

- 2453 studies from unrelated fields (e.g., mathematics, physics, agronomy, 1649 

medicine). 1650 

- 381 studies mentioning hydrogen in their titles or abstracts but primarily 1651 

focusing on unrelated technologies, such as carbon capture and storage (CCS), 1652 

direct air capture (DAC), or catalysts. 1653 

b) 1623 studies addressing hydrogen applications or integration in other sectors. These 1654 

studies explored the use of hydrogen as:  1655 

- Feedstock for ammonia or methanol production. 1656 

- Fuel cells in transportation (e.g., vehicles, aviation). 1657 

- An energy storage medium in renewable energy systems. 1658 

While some of these studies discussed hydrogen costs, they were excluded because 1659 

integrating hydrogen with other sectors introduced technical assumptions and design 1660 

complexities beyond the scope of production cost assessment. 1661 
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c) 389 studies focusing on other aspects of hydrogen systems: 1662 

These studies investigated hydrogen storage, transportation, pipelines, leakage, 1663 

supply chains, and international trade. They were excluded as they did not directly 1664 

address hydrogen production.  1665 

d) 337 studies focused on technical advancements in hydrogen production, such as 1666 

electrolyzer development or renewable energy system optimization. While some 1667 

performed techno-economic assessments, they did not focus on common hydrogen 1668 

production technologies. These also included studies on policies supporting 1669 

hydrogen development or public awareness impacts.  1670 

Full-text Screening. After abstract screening, 186 out of 191 retained articles were 1671 

assessed for full-text eligibility, with 5 studies excluded due to the unavailability of its 1672 

full text. To identify levelized cost estimates for green hydrogen, 95 studies were 1673 

excluded for the following reasons: 1674 

e) 81 studies reviewed or cited previous research on hydrogen costs without presenting 1675 

original cost estimates. 1676 

f) 14 studies exclusively provided cost estimates for grey or blue hydrogen or 1677 

alternative production methods, such as photochemical or bio-hydrogen production, 1678 

instead of green hydrogen via water electrolysis.  1679 

As a result, 91 articles from the original 6065 records were included. In addition, 5 1680 

organizational reports from reputable sources (e.g., IEA, IRENA, PwC, and Hydrogen 1681 

Council) and 15 academic studies were manually identified through citation searching. 1682 

In addition to our own search, 50 non-duplicate studies on green hydrogen identified 1683 

from previous reviews were included, resulting in a total of 161 studies for data 1684 

extraction. 1685 

All screened references are detailed in the PRISMA Literature Dataset, available as 1686 

supplementary material (see Data Availability section in the main text). 1687 

Table S15 Eligibility criteria for full-text assessment. 1688 

Inclusion Criteria Exclusion Criteria 

- Articles, conference papers, reviews, 

thesis, or book chapter 

- Other document types (e.g., patents, news 

articles) 

- Related to hydrogen-related processes - Unrelated fields or technologies  

- Hydrogen as a primary subject - Use of hydrogen as a medium (e.g., ammonia 

production, energy storage) 

- Addresses hydrogen production costs - Limited to hydrogen transportation, storage, 

supply chain, leakage, or trade 

- Provides original cost estimates - Lacks original cost estimates 

- Covers water electrolysis with renewable 

energy as a production method 

- Focuses on alternative production methods 

(e.g., photochemical, bio-hydrogen) 

 1689 
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 1690 

Fig. S36 Literature search procedures. PRISMA flow diagram illustrating the procedures 1691 

(i.e., identification, screening, eligibility and inclusion) for obtaining literature values for the 1692 

initial levelized cost of hydrogen production via water electrolysis.  1693 

 1694 

10.1.5 Data extraction and processing.  1695 

Literature characteristics and selection. The cost of hydrogen production is primarily 1696 

determined by the cost of renewable electricity and the cost of electrolyzers. Factors 1697 

affecting either of these components can significantly influence the levelized cost of 1698 

hydrogen (LCOH), leading to considerable uncertainty in cost estimates. Previous 1699 

reviews on hydrogen production costs have underscored the substantial variation in 1700 

reported LCOH values. For example, Miyagawa et al. (2022) compiled cost estimates 1701 

from articles published between 1979 and 2020, with a focus on the energy sources 1702 

used. Frieden et al. (2024) reviewed academic and grey literature from 2000 to 2023, 1703 

examining cost differences across electrolysis technologies and production locations. 1704 

Gómez et al. (2024) summarized updated cost estimates for various countries from 2020 1705 

to 2024. To enhance the comparability of literature values, we systematically extracted 1706 

key characteristics and cost estimates from studies identified through our PRISMA 1707 

screening process. The extracted characteristics included authorship, publication year, 1708 

year of estimation, energy source (e.g., solar, wind, or unspecified renewable 1709 

electricity), electrolyzer technology (ALK, PEM, AEM, SOEC, or unspecified), cost 1710 

units and currency, and geographic focus, as summarized in Table S16. This approach 1711 

enables consistent comparisons and clarifies the assumptions underlying LCOH 1712 

estimates. 1713 
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Table S16 Key literature characteristics on the cost of green hydrogen. 1714 

Type Category Count 

Energy source Energy: Hybrid system 14 

Energy: Solar 51 

Energy: Wind 50 

Energy: Geothermal 1 

Energy: Hydroelectric 4 

Energy: Not specified 74 

Electrolysis technology Electrolysis: ALK 28 

Electrolysis: PEM 64 

Electrolysis: SOEC 54 

Electrolysis: Not specified 89 

Geographic location Locations: Africa 10 

Locations: Europe 61 

Locations: Middle East 12 

Locations: North America 20 

Locations: South America 10 

Locations: Asia 27 

Locations: Pacific 4 

Locations: Not specified 23 

Note: Each type includes a total of 161 studies, comprising 106 academic articles systematically 1715 

retrieved and screened from the Web of Science and Scopus, 5 reports identified through 1716 

citation searching, and 50 non-duplicated studies from previous reviews conducted by other 1717 

researchers.  1718 

Data extraction and summary statistics. We extracted 371 estimates of the levelized 1719 

cost of hydrogen (LCOH) via renewable electrolysis from 161 included studies. Costs 1720 

reported in various units, such as $/MWh, $/kWh, $/GJ, and $/kmol, were converted to 1721 

$/kg H2 using the conversion rates provided by Miyagawa et al. (2022). To facilitate 1722 

cross-regional and temporal comparisons, we standardized the cost values—originally 1723 

reported in different currencies and years—into 2021 USD using historical exchange 1724 

rates and the Chemical Engineering Plant Cost Index (CEPCI), following the 1725 

methodology of Leeson et al. (2017).  1726 

As shown in Fig. S37, LCOH values exhibit a gradual downward trend over time, 1727 

ranging from a peak of $50/kg H₂ in 2007 to a low of $1.3/kg H₂ in 2020, reflecting 1728 

both technological progress and variations in regional and techno-economic 1729 

assumptions. Descriptive statistics on all extracted estimates show a mean cost of 1730 

$7.0/kg H₂, accompanied by a high standard deviation (SD) of 4.8 and a relative 1731 

standard deviation (RSD) of 69% (Fig. S38A). We then conducted subgroup analyses 1732 

on estimation year, geographic region, energy source, and electrolysis technology. 1733 

Driven largely by declining renewable-electricity costs, post-2020 estimates are 1734 

generally lower and more tightly clustered than earlier values. Regionally, mean LCOH 1735 

spans $3.80/kg H₂ in South America to $7.10/kg H₂ in Europe, with intra-regional RSDs 1736 

of 30–76% (Fig. S38B). Cost differences across electrolysis technologies and energy 1737 

sources within each region remain minor (Fig. S38C-D), likely because methodological 1738 

inconsistencies and varied assumptions in the literature obscure true performance 1739 
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distinctions. 1740 

Data selection and uncertainty. This systematic review aims to identify region-specific 1741 

hydrogen production cost estimates as inputs for our learning-curve model. Rather than 1742 

averaging disparate studies which risks conflating fundamentally different 1743 

methodologies and obscuring true regional differences, we prioritized multi-region 1744 

estimates to ensure consistent, comparable assumptions across all regions. 1745 

Among all included studies, fifteen provided cost estimates for two to six countries each, 1746 

while only four covered more than ten countries. PwC (2021) stands out by providing 1747 

initial LCOH estimates for 20 countries worldwide, spanning all ten regions used in our 1748 

modeling, and aligning closely with the ranges reported in the other multi-region studies. 1749 

In contrast, the remaining three studies lack global regional coverage: Janssen et al. 1750 

(2022) focused on 30 European countries; Gado et al. (2021) evaluated 10 Middle 1751 

Eastern countries; and Kigle et al. (2024) produced high-resolution estimates for 94 1752 

countries (256 locations), but detailed location-level data remain publicly unavailable. 1753 

Given its broad geographic coverage and methodological consistency, we adopted 1754 

PwC’s region-specific LCOH estimates as the baseline inputs for our learning-curve 1755 

model, which underpin results in the main text. 1756 

To capture uncertainty, we defined bounds at the mean ± 2 SD of all post-2020 estimates, 1757 

covering roughly 95 % of data regardless of distribution shape. Because the lower 1758 

bound (mean – 2 SD) fell below zero, we substituted the minimum literature value and 1759 

retained mean + 2 SD as the upper bound, yielding a range of $1.32–14.30/kg H₂. 1760 

Sensitivity analyses over this interval show that such variation in initial hydrogen costs 1761 

has only a modest effect on projected low-carbon technology costs, optimal 1762 

decarbonization pathways, emission-reduction potential, and abatement costs, 1763 

underscoring the robustness of our model projections (see details in Note S7-S8 in SI 1764 

Part A). 1765 
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 1766 

Fig. S37 Literature values on initial cost of hydrogen production via renewable electrolysis. 1767 

Cost estimates were extracted from 161 key studies included after full-text eligibility 1768 

assessment using the PRISMA framework. The year shown reflects the target year of the 1769 

estimate, or the publication year when the former was not reported. The original values, 1770 

reported in various currencies and years, were standardized to 2021 USD using historical 1771 

exchange rates and the Chemical Engineering Plant Cost Index (CEPCI), following the 1772 

methodology of Leeson et al. (2017). The points represent the average values, while the bars 1773 

depict the range between the minimum and maximum values reported in the same literature. 1774 

Colors denote geographical regions. The shapes of the points indicate whether the studies 1775 

emphasize the energy type, the electrolysis technology, both, or simply refer to "green 1776 

hydrogen" without detailing technical assumptions. More reference information is provided in 1777 

the PRISMA Literature Dataset (see Data Availability section in the main text).  1778 
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 1779 

Fig. S38 Boxplot and summary statistics of literature values for initial levelized cost of 1780 

hydrogen production Each panel presents literature data grouped by specific characteristics: 1781 

A) from left to right, columns display all data from the included studies, organized by the period 1782 

of cost estimation; B) columns show region-specific cost estimated after 2020, including Africa, 1783 

Asia, the Middle East, Pacific, Europe, South and North America, multi-regional data (labeled 1784 

as Global), and non-region-specific data; C) and D) further disaggregate the region-specific 1785 

data from panel B by electrolyser type and energy source, respectively. Grey points represent 1786 

standardized cost values, red triangles indicate means, and blue bars depict standard deviations. 1787 

The boxplot shows the first quartile, median, and third quartile, with black whiskers extending 1788 

to 1.5 times the interquartile range (IQR) above and below the median. Relative standard 1789 

deviations are provided to compare data dispersion across groups with differing means.  1790 

  1791 
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10.2 Learning rate of hydrogen. 1792 

10.2.1 Background and motivation. 1793 

Several studies have forecasted green hydrogen production costs using methods such 1794 

as bottom-up techno-economic assessments, learning curves, and expert elicitation1. 1795 

However, these forecasts exhibit significant variability, and reports of learning rates 1796 

specific to hydrogen production are scarce. Due to the limited empirical data available 1797 

for green hydrogen, most studies rely on learning rates for renewable energy and 1798 

electrolysis to estimate the levelized cost of green hydrogen, rather than deriving 1799 

hydrogen-specific learning rates. Therefore, to project hydrogen-based technology 1800 

costs using a component-based learning curve, it is crucial to identify appropriate 1801 

learning rates for either green hydrogen or electrolysis to incorporate into our model. 1802 

10.2.2 Research question and objectives. 1803 

This systematic review aims to identify learning rates for green hydrogen production, 1804 

where available, and for renewable electrolysis, to be used in a component-based 1805 

learning curve model. While the primary focus is on green hydrogen production, we 1806 

extended the scope to include learning rates for electrolysis technologies commonly 1807 

applied in hydrogen cost projections due to limited empirical data of green hydrogen. 1808 

10.2.3 Search strategies. 1809 

A comprehensive literature search on the learning rate of green hydrogen was 1810 

conducted using the Web of Science and Scopus databases, employing the search 1811 

strategies outlined in Table S14. The search covered titles, abstracts, and keywords, 1812 

encompassing studies published from the earliest available year to 2024. To ensure 1813 

comprehensive coverage, we manually screened the reference lists of identified articles. 1814 

Additionally, grey literature from relevant organizations, such as the International 1815 

Energy Agency (IEA), the International Renewable Energy Agency (IRENA), and the 1816 

Hydrogen Council, was included to complement academic studies, provided these 1817 

sources were cited in scholarly publications. 1818 

10.2.4 Literature screening, inclusion and exclusion criteria. 1819 

Literature identification. As shown in Fig. S39, an initial total of 3025 records were 1820 

retrieved from the Web of Science and Scopus databases. Based on the inclusion and 1821 

exclusion criteria outlined in Table S17, 725 records were removed prior to screening 1822 

for the following reasons: 1823 

- Duplicates (n = 703), and 1824 

- Untargeted document types, such as patents, news articles, and editorial materials 1825 

(n = 22).  1826 

Title and Abstract Screening. The remaining 2300 records were independently 1827 

screened by two researchers based on their titles and abstracts. This process resulted in 1828 
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the exclusion of 2196 records unrelated to hydrogen production, including: 1829 

- 842 records focused on unrelated research areas (e.g., mathematics, physics, 1830 

chemistry, agriculture, medicine, biology, materials science, education, and 1831 

sociology),  1832 

- 1262 records focused on hydrogen applications in other sectors (n = 1174) or 1833 

hydrogen transportation, storage, supply, trade, or recovery rather than hydrogen 1834 

production (n = 88), and 1835 

- 92 records focused on technological innovation, static costs, or policy assessment 1836 

rather than learning effects. 1837 

Full-text Screening. During this phase, additional exclusion criteria were applied to 1838 

concentrate on studies providing learning rate values. This led to the exclusion of 95 1839 

records for the following reasons:  1840 

- Lacked learning rate values (n = 59),  1841 

- Provided learning rates for unrelated energy technologies, grey or blue hydrogen 1842 

instead of electrolysis or green hydrogen (n = 8), 1843 

- Lacked a clear source of learning rate estimates (n = 2), and 1844 

- Cited learning rates from previous studies rather than reporting original estimates 1845 

(n = 26) 1846 

As a result, only 9 academic articles were included. Additionally, 4 reports from 1847 

authoritative organizations, such as the International Energy Agency (IEA), the 1848 

International Renewable Energy Agency (IRENA), and the Hydrogen Council, were 1849 

included. In total, 13 studies comprising academic articles and organizational reports 1850 

were selected for further review and data extraction. 1851 

All screened references are detailed in the PRISMA Literature Dataset, available as 1852 

supplementary material (see Data Availability section in the main text). 1853 

Table S17 Eligibility Criteria for Full-Text Assessment. 1854 

Inclusion Criteria Exclusion Criteria 

Articles, conference papers, reviews, 

thesis, or book chapter 

Other document types (e.g., patents, news, 

editorials) 

Related to hydrogen-related processes Unrelated fields or technologies  

Hydrogen as a primary subject Studies where hydrogen is used as a medium (e.g., 

ammonia production, energy storage) 

Focused on hydrogen production Limited to hydrogen transportation, storage, supply 

chain, leakage, or trade 

Provision of learning rates Lack of learning rate values or unclear sources 

Learning rates specific to green 

hydrogen or electrolysis 

Learning rates provided only for other technologies 

Provision of original estimates Cited learning rates from previous studies 
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 1855 

 1856 

Fig. S39 Literature search procedures. PRISMA flow diagram illustrating the procedures 1857 

(i.e., identification, screening, eligibility and inclusion) for obtaining literature values for the 1858 

learning rate of green hydrogen or electrolyser cost.  1859 

 1860 

10.2.5 Data extraction and processing.  1861 

Literature characteristics. Table S18 summarizes the characteristics of the 13 included 1862 

studies that provide original learning rate estimates. Key factors potentially influencing 1863 

the estimates were extracted, including the estimation methodology, electrolyser type, 1864 

associated renewable energy source, publication year, and year of estimation, where 1865 

applicable. For comparison, the table also presents 28 representative but excluded 1866 

studies, which did not provide new estimates but instead cited previous studies. To 1867 

better understand citation patterns, we reviewed the references of these 28 studies and 1868 

confirmed that all cited estimates originated from the 13 included studies. This 1869 

reference tracing offers insight into which sources are most frequently cited in the 1870 

current literature, reflecting the foundational role of certain key studies in this topic. 1871 

Among the included studies, Revinova et al. (2023) was the only one to report a learning 1872 

rate for green hydrogen production using a component-based learning curve. They 1873 

projected future hydrogen costs by applying learning rates for two types of electrolysers 1874 

and two renewable energy sources and back-calculated the learning rate by fitting 1875 

predicted costs to projected installed capacities. However, their results rely on multiple 1876 

technical assumptions, introducing considerable uncertainty. Therefore, we did not 1877 

directly adopt their reported learning rate of hydrogen in our model. 1878 
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Other included studies primarily focused on calculating learning rates for electrolysis 1879 

technologies. Böhm et al. (2019) estimated the learning rates for three types of 1880 

electrolysers (i.e., ALK, PEM, and SOEC) by aggregating component-level learning 1881 

rates within electrolysis systems. Schoots et al. (2008) and Krishnan et al. (2020) 1882 

derived learning rates for ALK and PEM electrolysers based on historical empirical 1883 

data spanning 1940–2016, while Reksten et al. (2022) and Glenk et al. (2023) fitted 1884 

learning curves using estimated and projected values from the literature for 2000–2030. 1885 

Schmidt et al. (2017) employed expert elicitation, collecting insights from ten academic 1886 

and industry experts to determine the learning rates. IEA (2021) and IRENA (2020) 1887 

synthesized learning rates from existing literature for their model scenarios. Lerede et 1888 

al. (2024) provided learning rate input parameters for the endogenous TEMOA-Europe 1889 

model. Zun et al. (2023) combined learning curves with bottom-up techno-economic 1890 

cost calculations to estimate learning rates.  1891 

In terms of citation patterns, Schmidt et al. (2017) was the most frequently cited source, 1892 

followed by IRENA (2020), Böhm et al. (2019), Glenk et al. (2023), and Schoots et al. 1893 

(2008). This suggests a growing consensus on data sources, with a few influential 1894 

studies shaping much of the subsequent literature and potentially guiding prevailing 1895 

assumptions about learning rates. 1896 

  1897 
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Table S18 Key literature characteristics on learning rates of green hydrogen and 1898 

electrolysis. 1899 

 1900 

Note: a) The 41 studies comprise 13 that provided original learning rate estimates (colored in 1901 

green) and 28 that cited previous studies without offering new estimates (no color). b) The 1902 

"Technology" column specifies the focus of the learning rate, such as varied electrolyzers, 1903 

different types of renewable electricity, or green hydrogen production. For electrolyzers, the 1904 
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technologies considered include alkaline (ALK), proton exchange membrane (PEM), solid 1905 

oxide electrolyser cell (SOEC), and unspecified types. For renewable energy, solar and wind 1906 

are the most commonly studied sources. "Green H2" represents the learning rate for the 1907 

levelized cost of green hydrogen production. c) The "Method" column describes the calculation 1908 

approach for original learning rate estimates or references cited for reported values. "Literature 1909 

Review" indicates that the study synthesized insights from multiple references rather than 1910 

relying on a single source. d) More reference information is provided in the PRISMA Literature 1911 

Dataset (see Data Availability section in the main text). 1912 

Data extraction and summary statistics. Fig. S40 presents 26 original estimates for 1913 

electrolysis learning rate from 13 key studies, along with corresponding estimation 1914 

methods, technical assumptions, and years of estimation. A notable increase in the 1915 

number of reported learning rates has occurred since 2020. Among the studies, Reksten 1916 

et al. (2022) reported the highest learning rate estimate derived from fitted literature 1917 

data, while Schmidt et al. (2017) exhibited the widest uncertainty range based on expert 1918 

elicitation. To ensure the consistency and comparability of the extracted data, we 1919 

applied descriptive statistical measures such as mean, median, quartiles, standard 1920 

deviation (SD), and relative standard deviation (RSD) to characterize trends and 1921 

variability (as shown in Fig. S41).  1922 

The mean learning rate across all studies was 18%, with a standard deviation (SD) of 1923 

6% and a relative standard deviation (RSD) of 35%. Learning rates by different 1924 

electrolyser types were 16% for alkaline (ALK), 18% for proton exchange membrane 1925 

(PEM), and 23% for solid oxide electrolysers (SOEC). In terms of estimation methods, 1926 

studies based on analogies reported a mean learning rate of 11%, while estimates from 1927 

expert elicitation averaged 21%. Studies employing learning curve models produced 1928 

estimates ranging from 9% to 21%, reflecting differences in the types of input data used, 1929 

such as empirical observations, component-level data, engineering calculations, or 1930 

model-based parameters. Literature reviews, primarily from IEA and IRENA, reported 1931 

learning rate estimates without specifying the electrolyser type, with an average of 17%. 1932 

Data selection and uncertainty.  Following a systematic review and rigorous 1933 

screening, we adopted the overall mean of all extracted estimates (18 %) as the baseline 1934 

input for our learning-curve model. This value aligns closely with rates reported in 1935 

several widely cited studies, such as Böhm et al. (2019), Schmidt et al. (2017), Schoots 1936 

et al. (2008), and IRENA (2020). 1937 

To account for uncertainty, we adopted a range based on the mean ± 2 standard 1938 

deviations (SD) of all original learning rate estimates (i.e., 18% ± 12%) for sensitivity 1939 

analyses. The results show that even a ±2 SD variation in the electrolyser learning rate 1940 

has a relatively limited effect on future costs of 20 low-carbon technologies, optimal 1941 

decarbonization pathways for global steel plants, emission reduction potential, and 1942 

abatement costs. These findings highlight the robustness of our projections and 1943 

conclusions (see Notes S7–S8 in the SI Part A for details). 1944 
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 1945 

Fig. S40 Literature values for learning rates of green hydrogen costs and electrolyser costs. 1946 

Learning rate estimates were extracted from 13 key studies providing original estimates, 1947 

identified through a systematic review conducted using the PRISMA framework. The points 1948 

represent the primary learning rate estimates reported in each study, while the bars illustrate the 1949 

minimum and maximum values provided in the corresponding literature. Colors indicate the 1950 

estimation method, and point shapes denote the electrolysis technology or green hydrogen 1951 

production pathway to which the learning rates apply. More reference information is provided 1952 

in the PRISMA Literature Dataset (see Data Availability section in the main text).  1953 

 1954 

Fig. S41 Boxplot and summary statistics of literature-reported electrolysis learning rates. 1955 

Each column represents literature data grouped by specific characteristics: A) from left to right, 1956 

columns display all data from the 13 key studies, followed by data categorized by electrolysis 1957 



 

80 

 

technologies, including alkaline (ALK), proton exchange membrane (PEM), solid oxide 1958 

electrolyser cell (SOEC), and unspecified types (denoted as Electrolyser). B) Columns display 1959 

data grouped by estimation method, including analogies, various learning curve models, expert 1960 

elicitation, and literature reviews. Grey points indicate reported learning rates, red triangles 1961 

denote means, and blue bars show standard deviations (SD) to represent data dispersion. The 1962 

boxplot displays the quartiles, while black whiskers extend to 1.5 times the interquartile range 1963 

(IQR) above and below the median. Relative standard deviations (RSD) are also presented for 1964 

each group to facilitate comparisons of data dispersion across groups with very different means.  1965 
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