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A B S T R A C T

The expansion of carbon dioxide removal (CDR) strategies is essential to achieve the climate 
targets. Among emerging CDR technologies, biochar holds particular promise due to its stable 
carbon storage and multiple co-benefits. While previous studies have examined the global po
tentials of biochar production, comprehensive assessments that include cost structures and spatial 
variability remain limited. This study addresses this gap and presents a comprehensive that in
tegrates geospatial machine learning with techno-economic analysis to estimate region-specific 
biochar production costs at a global level. The derived approach estimates the biomass yields 
of various lignocellulosic biomass sources using an XGBoost machine learning model trained on 
climate and soil data. Roadside production costs are then calculated based on resource input 
parameters, followed by transport cost estimations using spatial distance metrics. Finally, py
rolysis costs are included to derive the total production cost of biochar per ton across regions 
globally. The results show substantial regional variation, with total production costs ranging from 
113 to over 1500 €/ton. Sub-Saharan Africa, Latin America, and South Asia demonstrate the 
lowest median costs, below 300 €/ton, primarily due to low labor and biomass costs. Eucalyptus 
emerges as the most cost-efficient biomass provided it is cultivated. While the Kontiki flame 
curtain kilns are more cost efficient in low-income regions, advanced-technology plants become 
competitive in industrialized areas, especially when district heat is considered. These insights are 
crucial for guiding investments and policies that aim to expand biochar use as a viable and cost- 
effective CDR pathway.

1. Introduction

Extensive research on global climate prediction shows that anthropogenic carbon emissions are driving global temperature in
creases, leading to more frequent extreme weather events and other climate impacts (IPCC, 2023). These emissions primarily originate 
from fossil fuel use, land-use changes, energy production, and industrial activities (Smith et al., 2024). To mitigate these impacts, 
global climate policy under the Paris Agreement has set the goal of limiting global temperature increases to well below 2◦C above 
pre-industrial levels, ideally even limiting the increase to 1.5◦C. Meeting this goal requires both significant carbon emissions re
ductions and atmospheric carbon removal (Smith et al., 2024), with at least 7 Gt of CO2 removal capacity needed annually by 2050 
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(Breunig et al., 2023). Although many countries have derived policies to promote carbon dioxide removal (CDR) supply chains (Ehsan 
et al., 2024; Kirchem and Schill, 2023; Wolniak and Skotnicka-Zasadzień, 2023), CDR applications remain scarce in the market, 
requiring comprehensive technical evaluations to inform national and regional decision-making.

According to Smith et al. (2024), five novel CDR technologies have reached medium to high technology readiness level, having 
been demonstrated in industrially relevant settings. These technologies are biochar, mineral products, bio-oil storage, bioenergy with 
carbon capture and storage (BECCS), and direct air carbon capture and storage (DACCS). Among them, biochar has drawn significant 
attention as a stable form of solid carbon produced through high-temperature biomass conversion under low-oxygen conditions 
(Adhikari et al., 2024). Unlike other CDR applications, biochar offers multiple co-benefits beyond carbon sequestration. For example, 
biochar can be used as a soil amendment to enhance soil fertility, a reducing agent in metallurgy, an additive in manufactured 
products, and a replacement for fossil fuels in thermal and electrical energy generation, as well as in other industrial processes (Azzi 
et al., 2021; Song et al., 2023). As a result, biochar constitutes the largest share of global CDR capacity currently, accounting for 
approximately 0.008 GtCO2 of the total 0.013 GtCO2 per year (Smith et al., 2024).

Hence, the production potential and carbon removal capacity of biochar has been widely discussed in the literature. For example, 
several studies have focused on the global availability of residual biomass resources, including agriculture, forestry, manure, and 
wastewater treatment plants (Karan et al., 2023; Lefebvre et al., 2023; Lehmann et al., 2021; Powis et al., 2023). These studies assumed 
that if all residual biomass could be converted into biochar, up to 6.3 Gt CO2 can potentially be sequestered annually. However, their 
analyses neglected existing biomass value chains or the costs of biochar production. One of the first studies to address biochar pro
duction costs on a global scale was conducted by Fuss et al. (2018). In their comparison of various CDR methods, biochar was found to 
have relatively low production costs, ranging from 30 to 120 USD per ton of CO2 removed. A subsequent and more granular analysis by 
Han et al. (2022) examined the production costs across diverse biomass feedstocks such as straw, wood, and manure, as well as varying 
plant sizes. Their research even demonstrated an additional significant reduction in production costs by adopting larger pyrolysis 
systems, with costs ranging between 15 and 60 USD per ton of CO2 removed. However, rising feedstock supply costs have to be 
anticipated as agricultural waste is increasingly repurposed for multiple climate mitigation strategies (Han et al., 2022). Therefore, 

Fig. 1. Methodological framework of our study.
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long-term production cost estimates remain uncertain as the valuation of residual biomass is difficult to forecast (Nunes and Silva, 
2023).

To avoid conflicts arising from competing utilization pathways of residual biomass, lignocellulosic energy biomass offers a 
promising alternative for biochar production (Leppäkoski et al., 2021; Mehmooda et al., 2017; Xu et al., 2024). Unlike residual 
biomass, lignocellulosic biomass bypasses the competition for arable land as it can be grown on globally abundant marginal lands with 
limited agricultural value due to poor soil quality (Wang et al., 2023). Consequently, increasing research attention has been directed to 
the production potential and the costs of lignocellulosic biomass through spatial analysis. For example the EU Horizon project S2BIOM 
developed a spatial database to assess the sustainable costs of supplying lignocellulosic biomass across Europe (Dees et al., 2017). Their 
findings indicate a production potential of 1090–1420 million tons of biomass per year, with production costs ranging from 40 to 250 
€/ton.

To date, studies focusing on production capacity and costs at a global level are limited to upstream phases (i.e. residual biomass), 
leaving uncertainties regarding downstream stages such as regional biochar production volumes and. Furthermore, existing research 
lacks clear projections of biochar production volumes at different price points, both at global and national levels. Against this back
ground, this study addresses the identified knowledge gaps by introducing a comprehensive methodology to estimate production costs 
of biochar. Herein, the derived approach is used to develop a global map highlighting costs of producing biochar from lignocellulosic 
biomass as feedstock. The study focuses on three dedicated lignocellulosic energy crops (miscanthus, eucalyptus, and poplar) to assess 
global biochar production potential. Herein, two distinct pyrolysis technologies are also analyzed: a high-tech and low-tech system, 
allowing for regionalized cost assessments under varying infrastructure conditions. In terms of structure, the subsequent section 
presents the derived methodological framework and data sources, followed by the results and discussion in Section 3. The final 
conclusions and policy implications are presented in Section 4.

2. Methodology & materials

To predict the production cost of biochar at a global level, a geospatial model is combined with techno-economic assessment and 
transportation cost calculation as shown in Fig. 1. First, a geospatial machine learning model is developed to predict the biomass 
production potential for three lignocellulosic biomass types (miscanthus, eucalyptus, and poplar) based on a global yield dataset 
developed by (Li et al., 2018) (Section 2.1). Herein, the datasets of the relevant parameters have been collected, and a supervised 
machine learning algorithm (XGBoost) is used to derive the correlation between the different input parameters and yield. Subse
quently, a biomass production cost model is developed based on the studies of (Dees et al., 2017; Panoutsou and Chiaramonti, 2020; 
Romanelli et al., 2008; Wagner et al., 2022; Winkler et al., 2020) (Section 2.2). As the large-scale pyrolysis technology requires 
transportation of biomass, average transport distances are determined using the Haversine formula between grid-cell centroids and 
adjusted by a detour factor of 1.3 to account for realistic road networks (Section 2.3). Finally, the process cost of pyrolysis is included to 
calculate the total production cost of biochar (Section 2.4). The results are then depicted on a global map to show the biochar pro
duction cost under different scenarios (Section 3).

Herein, two different pyrolysis technologies (high-tech and low-tech) are considered to analyze the cost structures under different 
geographical conditions. The analysis is conducted for a functional unit of 1 ton of biochar. The system boundaries cover the full supply 
chain from crop cultivation to pyrolysis. This includes cultivation and harvesting on marginal land, roadside handling, biomass 
transport, and the pyrolysis process, while upstream land-use changes, taxes, and environmental impacts are excluded. All costs are 
expressed in € [price year 2023]. The four calculation procedures, yield prediction, biomass cost estimation, transport cost modeling, 
and pyrolysis cost assessment, are summarized in Fig. 1 to illustrate the system scope and workflow.

2.1. Biomass production potential

2.1.1. Data
The global yield dataset used in the study was compiled from 3699 field measurements of three main lignocellulosic bioenergy 

crops: 846 for eucalyptus, 1421 for miscanthus, and 1432 for poplar (Li et al., 2018). For each yield entry, the dataset contains the 
location (latitude and longitude), elevation, mean temperature, precipitation, year, and clay content. However, only parts of these 
yield measurement data provided information on elevation (43 %), mean temperature (36 %), precipitation (51 %), and clay content 
(14 %) (Li et al., 2018). For the measurements without such information, we filled data gaps with data on the elevation, mean tem
perature and precipitation data from (Worldclim, 2020) with the mean annual temperature between 1970 and 2000 and the mean 
annual precipitation between 1970 and 2000, and clay content from (Batjes, 2020).

In addition to mean temperature and precipitation, we also added the Growing Degree Days (GDD) and the Global Aridity Index 
(GAI), as they are widely used in models predicting agricultural crop yields. They are particularly valuable due to their role in 
quantifying the plant growing season and water availability (Ma et al., 2023; Schillerberg and Di Tian, 2023). GDD is calculated by 
subtracting a base temperature (5◦C) from the daily mean temperature and dividing the product over a year. Thus, GDD is crucial for 
accurately predicting agricultural yields, as it plays a key role in identifying the optimal developmental stages of crop plants, which are 
closely linked to potential yield outcomes (Grigorieva, 2020; Ishikawa et al., 2020). GAI is a vital indicator of aridity, reflecting the 
balance between temperature and available moisture. This index helps in identifying the favorable environmental conditions for crop 
cultivation, enabling the prediction of yield outcomes under different climatic scenarios (Ishikawa et al., 2020). Overall, the appli
cation of GDD and GAI in addition to mean temperature and precipitation provides a robust framework for modeling and estimating 
crop productivity in response to climate variables.
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In addition to clay content, several other soil parameters have been also added as they are indispensable for assessing soil fertility 
and health (Sousa et al., 2020). Research indicates that parameters such as bulk density (BDOD), cation exchange capacity (CEC), and 
sand and silt contents are crucial for understanding soil fertility, structure, and nutrient-holding capacity, which directly affects crop 
growth and yield (Yakubu et al., 2021). Furthermore, the presence of soil organic carbon (SOC) and nitrogen in the soil is indicative of 
soil health and fertility, which impacts plant growth and productivity (Salo et al., 2023). Thus, the selected parameters provide a 
comprehensive understanding of soil conditions crucial for optimal agricultural practices. All climate, soil, and fertiliser data were 
compiled by overlaying the yield dataset with spatial layers from global datasets. We first divide the global map into a raster of 0.1–0.1 
◦, which are 6480,000 in total, and collect data for each relevant cell. In terms of data, we use the sources mentioned in Table S1 in the 
supplementary information (SI).

2.1.2. Method
The supervised machine learning algorithm XGBoost (XGB) has been used to analyze the relationships between the independent 

variables and the explanatory variable. For example, the study of Li et al. (2023) used it to derive the relationship between crop yield 
and climate and soil. Also, He et al. (2024) used the same method to upscale local data by predicting the soil moisture content at a 
regional level based on field data. Unlike the Random Forest (RF) method, which builds trees independently using bootstrapped 
samples, the XGB machine-learning algorithm is based on gradient boosting by constructing an ensemble of decision trees in a 
sequential manner (Noorunnahar et al., 2023). Herein, each tree is built to address and correct the errors of the previous trees. The XGB 
method was applied to each crop individually. Here, we use the XGB implemented in the xgboost library from the Python scikit-learn 
module to perform the XGB regressions (Pedregosa et al., 2011).

The relevant calculations with the machine learning algorithm were carried out with Python 3.11. The hyperparameter subsample, 
n_estimators, min_child_weight, max_depth, learning_rate, and colsample_bytree were optimized using RandomizedSearchCV (scikit-learn 
version 1.2.2) between the input variables (soil, climate, and fertilizer parameters) and the output variable for each crop. In the 
optimization process, RandomizedSearchCV executed 20 iterations to maximize the R-squared value. A 3-fold cross-validation was 
also carried out to evaluate the XGB model, test it for each crop yield prediction and ensure robustness against overfitting. The model 
shows strong resistance to overfitting as the R-squared values for the training and test sets are consistently very close. For eucalyptus, 
the R-squared difference between training and test was 0.03, for miscanthus 0.01 and for poplar 0.02. Compared to other studies, the 
achieved R-squared values (0.73 for Eucalyptus, 0.69 for miscanthus, and 0.72 for poplar) are relatively high, which demonstrates the 
model’s reliability. The mean absolute error (MAE) is also relatively low (3.17 for Eucalyptus, 4.37 for miscanthus, and 2.04 for poplar) 
compared to the mean value of 15.22 for eucalyptus, 12.5 for miscanthus, and 8.03 for poplar in the studies of (Anderson and Lucas, 
2018; Fernández-Delgado et al., 2019; Hengl et al., 2017). The full set of optimized hyperparameters for each biomass, along with the 
R² values for training and test, as well as the MAE, is included in Table S3.

After training by data, the derived XBG model was used to predict the global distribution of the lignocellulosic crop yields. Herein, 
three predictions were made, one for each individual prescribed lignocellulosic crop. Although lignocellulosic crops are very drought- 
and cold-tolerant, most species still have a cold and water limit (Zhao et al., 2021). Also, because XGB models have poor ability to 
extrapolate when the values of explanatory variables are outside the ranges of training data, we only limited each crop prediction to 
the areas that are adequate for growth. Specifically, the minimum mean temperature and precipitation over all grid cells in the training 
dataset were derived for each crop. The regions adequate for growth of each lignocellulosic crop were then defined as grid cells with 
mean temperature and precipitation higher than the maximums in the datasets. In other words, if either mean temperature or pre
cipitation in a grid cell is lower than the minimums in the training data, this grid cell is excluded for this crop. This way, the dataset 
decreased from 1386,000 grid cells to 428,102 for eucalyptus, 560,408 for miscanthus, and 839,218 for poplar. The minimum mean 
temperature and precipitation as well as the number of grid cells for each crop are shown in Table S2. The results of the three crops are 
then integrated into QGIS to visualize the outcomes.

2.2. Biomass production cost

2.2.1. Data
After estimating the potential global yield of three selected lignocellulosic crops, the associated roadside costs for each crop were 

subsequently calculated. Roadside costs encompass the expenses incurred from initial soil preparation prior to sowing through to the 
transportation of harvested biomass to roadside collection points. This includes crop establishment, fertilizing, crop protection, 
harvesting/cuttings, uprooting, baling, shredding, chipping, crushing, collecting, and densifying at the point of harvest. To do so, an 
extensive inventory was compiled to collect the relevant costs and prices, i.e. irrigation, labor, electricity, fuel, gas, and LPG, fertilizer 
and pesticides. Irrigation costs are based on the work of Caldera and Breyer (2020), who developed a country-specific database for 
irrigation costs. According to their study, irrigation costs depend on the type of irrigation system, access to saline water for desali
nation, and the costs of renewable energy for either desalinating seawater or pumping groundwater. However, following Dees et al. 
(2017) and Panoutsou and Chiaramonti (2020), it is assumed that the required irrigation depends on local precipitation. Minimum 
water requirements for miscanthus and eucalyptus are set at 500 mm and for poplar at 600 mm (Dees et al., 2017), calculated from the 
combination of precipitation (chapter 2.1.2) and irrigation. Therefore, if precipitation at a given location exceeds these thresholds, no 
irrigation costs are calculated.

Labor costs are based on the database developed by ILOSTAT (2024) for statutory nominal gross minimum wage, which records the 
minimum wages in each country. The minimum wage was selected as a reference because it is considered representative of agricultural 
labor, as noted by Kandilov and Kandilov (2020). However, since the database (ILOSTAT, 2024) is incomplete, minimum wage values 
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were estimated to fill data gaps. Herein, a linear correlation between minimum wage and GDP per capita was performed based on the 
database of World Bank Group (2024), as shown in Figure S1. With R-squared of 0.659, a linear relationship between GDP per capita 
and minimum wage in USD was established, as expressed in Eq. (1). Due to potential inconsistencies between (ILOSTAT, 2024) 
minimum wage data and acutal wages in some countries, Eq. 1 was applied consistently across all countries. For the prices of elec
tricity, diesel, gas, and LPG, the database of globalpetrolprices (2024) was used. Among 197 countries worldwide, 147 entries for 
electricity, 53 for LPG, 48 for natural gas, and 168 for diesel were available. For countries lacking data entries, the global median value 
was used. As fertilizer and pesticides are globally traded commodities, a uniform global value for each was adopted based on (FAO, 
2024). 

Y = 0.028*x + 48.693                                                                                                                                                             (1)

2.2.2. Cost modelling for biomass production
For this study, two distinct cost models were developed: one specific to miscanthus assuming a plantation lifetime of 15 years and 

another for eucalyptus and poplar assuming a plantation lifetime of 12 years each (Cintas et al., 2021). Herein, it is assumed that all of 
them share the same cost structure associated with woody biomass crops (Cintas et al., 2021). Since the primary incentive to cultivate 
bioenergy crops is to contribute to more sustainability, it is necessary to constrain the bioenergy cultivation on marginal land to avoid 
conflicts with existing forests and diverting land resources from food production. In this study, we determined only bare ground of 
terra firma (which means solid ground) and wetland based on the global land cover and land use 2019 map developed by Hansen et al. 
(2022). This includes savannas, shrubland, and grassland as marginal lands. The global map was downloaded separately with 283 
pieces. All land use types except bare ground on terra firma and wetland were excluded via QGIS 3.36. The cost of marginal land is 
neglected as all the three crops are assumed to be grown on marginal land without alternative economic use (Cintas et al., 2021; Dees 
et al., 2017). The detailed assumptions for the cost models as well as the calculations are included in SI. The cost model for eucalyptus 
and poplar is based on (Romanelli et al., 2008) (Table S6) and the cost model for miscanthus is based on Panoutsou and Chiaramonti 
(2020) (Table S7), including labor time, resource consumption, machinery time and type. The fuel consumption and machinery cost 
per hour is based on (Dees et al., 2017; Panoutsou and Chiaramonti, 2020) as seen in Table S8.

2.3. Transportation cost

The transport cost between cropland and the pyrolysis plant is influenced by three main factors: processing capacity, spatial 
distribution and density of available biomass, and local transport accessibility (Han et al., 2022). In this study, transport costs were 
estimated by determining the average service distance required to meet the biomass demand of plant. This distance depends on both 
the biomass availability in the surrounding area and the plant’s capacity, which vary across the different scenarios considered. The 
analysis was conducted on a global grid with a resolution of 0.1◦ × 0.1◦. To calculate intercellular distances between each potential 
biomass source and the central pyrolysis facility, the Haversine formula was used. All distances were then adjusted by a detour factor of 
1.3 to reflect realistic transport routes and road networks (Lee and Moon, 2024). For transportation within the grid cells, a separate 
approach was applied. For smaller-capacity systems, sufficient biomass is typically available within the same cell, making intercell 
transport unnecessary. To estimate intra-cell distances, we used an analytical approximation of the mean Euclidean distance from 
randomly distributed points within a square to its center, expressed as L / √6, where L is the cell length. This average was then 
multiplied by a detour factor of 1.3 to reflect real-world deviations from straight-line movement within each grid cell.

2.4. Pyrolysis costs

There is a wide range of technologies for biochar production. Pyrolysis systems with high technological standards are characterized 
by high automatization, low emission levels and the capability to produce heat and electricity through efficient utilization of process 
heat (Azzi et al., 2022; Letoffet et al., 2024; Zhou et al., 2020). For example, Pyreg develops a mature pyrolysis unit equipped with an 
after-combustion chamber with the ability to use district heat (Azzi et al., 2022; Sørmo et al., 2020). However, such pyrolysis systems 
require permanent electricity and gas infrastructure. Thus, low-tech alternatives are also used where those conditions are not available 
(Cornelissen et al., 2023; Namaswa et al., 2023). Pyrolysis systems with low technological standards are characterized by being in
dependent of electricity and gas infrastructure as it only needs the oven materials (i.e. steel) (Cornelissen et al., 2023; Karananidi et al., 
2020; Namaswa et al., 2023; Pandit et al., 2017). The three most widely used technologies are retort kilns (Adeniyi et al., 2023; Ighalo 
et al., 2022; Kafkova, 2021), top-lit up-draft (TLUD) (Howell et al., 2021) and the Kontiki flame curtain kiln (Karananidi et al., 2020). 
Due to the high greenhouse gas process emissions and higher biochar production costs of retort kilns and TLUD systems, the Kontiki 
flame curtain kiln was selected for the analyses (Kafkova, 2021; Smebye et al., 2017). However, the scalability of Kontiki systems was 
not considered in this study, as they are inherently limited by safety-related constraints and manual operation, which restrict their 
applicability in large-scale settings.

A comprehensive spreadsheet-based model is developed to evaluate the economic performance of the biochar production system of 
both technological pathways (i.e. Pyreg plant and Kontiki flame curtain kiln). We examine how the number and location of processing 
sites affect capital costs (CAPEX), operational costs (OPEX), and transportation expenses. The equipment purchase cost is sourced from 
the machine PX1500 by Pyreg company, with an annual feedstock consumption of 3300 tons (PYREG, 2024). A scale factor of 0.6 is 

J. Kern et al.                                                                                                                                                                                                            Environmental Technology & Innovation 40 (2025) 104658 

5 



used for scaling calculations (Tribe and Alpine, 1986). OPEX is calculated based on both CAPEX and product sales. Annual CAPEX is 
estimated over a 20-year plant lifespan with a discount rate of 5 %. The key assumptions for the techno-economic analysis (TEA) for 
both the Kontiki flame curtain kiln and the Pyreg plant are summarized in Table 1. The cost benefits of syngas and excess heat from the 
Pyreg plants are excluded in the base case (Tang et al., 2024). The assumptions for the Kontiki flame curtain kiln are based on the life 
cycle inventories developed by Smebye et al. (2017) and Namaswa et al. (2023). The biochar-to-biomass ratio for each of the three 
biomasses is calculated following Azzi et al. (2022). The assumptions and the biochar-to-biomass ratios are provided in Table S5, based 
on (Azzi et al., 2022; Daniel et al., 2018; Ruett et al., 2024; Wallikhani et al., 2022).

3. Results & discussion

3.1. Global distribution of biochar production cost

The results show that the biochar production cost range between 113.36 and 1548.85 €/ton, depending on the technology, scale, 
biomass and region. Fig. 2 shows the lowest production cost achieved with the Kontiki flame curtain kiln and indicate the biomass with 
lowest value. Fig. 3 depicts the results of the Pyreg plant with a capacity of 100,000 tons of biochar output per year, without the use of 
district heat. For the detailed results, the distribution of the production cost for each biomass, technology and Pyreg plant size are 
included in Figures S3-S6. For both technologies, the biochar of eucalyptus is the cheapest in most of the parts in South America and 
Africa, as well as in Southeast Asia. Poplar has the lowest production costs mainly in Central and West Asia, Northwest America, 
Central Australia and Northern Europe, whereas biochar of Miscanthus is the cheapest in parts of Europe, North America, Australia and 
Eastern Africa. In a total of 833,339 data points, biochar from eucalyptus is the cheapest for 409,386 data points for the Kontiki flame 
curtain kiln and for 418,973 data points for the Pyreg plant. Biochar from poplar was the cheapest for 351,090 data points for the 
Kontiki flame curtain kiln and for 300,271 data points for the Pyreg plant. Biochar from poplar was the cheapest for 72,863 data points 
for the Kontiki flame curtain kiln and for 111,095 data points for the Pyreg plant.

In terms of production costs, both technologies show lower production costs for biochar in Sub-Saharan Africa, Latin America & 
Caribbean and South Asia compared to Oceania, North America, Europe and North and East Asia. Figure S7 shows the division of the 
globe into regions. According to this division, the minimum, maximum and median costs per region are shown in Table 2 and the 
distribution is shown in Fig. 4. Sub-Saharan Africa consistently shows the lowest production costs across both technologies, with 
median values of 197.82 €/ton for the Kontiki flame curtain kiln and 290.21 €/ton for the Pyreg plant, making it the most cost-effective 
region. Latin America, Caribbean and South Asia follow with similarly low median costs, below 300 €/ton for both technologies. These 
regions benefit from low feedstock prices and low labor costs, making them highly suitable for decentralized and low-cost biochar 
production. Herein, similar regional trends have been observed in broader reviews of biochar economics, which highlight lower 
feedstock and labor prices as the primary determinants of low-cost production in the Global South (Campion et al., 2023; Owsianiak 
et al., 2021; Torres-Morales et al., 2023).

In contrast, Oceania, North America, and Europe report the highest median production costs. For instance, in Oceania, the median 
cost reaches 899.48 €/ton for the Kontiki flame curtain kiln and 566.94 €/ton for the Pyreg plant, driven by high operational ex
penditures. North America also shows elevated values with a median cost of 880.90 €/ton for the Kontiki flame curtain kiln and 630.87 
€/ton for the Pyreg plant. These cost levels reflect higher labor costs, and more expensive biomass and energy inputs. Comparable cost 
levels in developed markets were also reported by Bergman et al. (2022) and Sahoo et al. (2019), emphasizing that energy and labor 
inputs dominate cost composition in high-income regions. Interestingly, the Pyreg plant tends to exhibit a narrower cost range between 
the maximum and minimum costs and generally lower median costs than the Kontiki flame curtain kiln in high-income regions such as 
East Asia and Europe. This indicates that larger-scale and high-tech systems might benefit from better efficiencies in well-developed 

Table 1 
Parameters and assumptions considered for cost assessment for the Kontiki flame curtain kiln and Pyreg plants.

Category Parameter Kontiki flame curtain kiln Pyreg PX1500 plant

System lifespan Lifespan (reused runs / 
years)

500 runs (Smebye et al., 2017) 20 years (PYREG, 2024)

Capital cost Core equipment Steel (80 kg), welding steel (10 m) (Smebye et al., 
2017)

Pyrolyses plant: 2000,000€ (PYREG, 2024)

​ Auxiliary equipment - Dryer/shredder: 300,000€; Pelletizer: 50,000€ (
PYREG, 2024)

​ Production time 2 h -
Fixed OPEX Labor 24.23 h/t (Namaswa et al., 2023) 1333 h/a (PYREG, 2024)
​ Insurance - 0.5 % of CAPEX (PYREG, 2024)
​ Maintenance - 2.5 % of CAPEX (PYREG, 2024)
​ Land rent - 215 m2 (PYREG, 2024)
Operational 

OPEX
Water use 334 kg/t biochar 160 m3/a (PYREG, 2024)

​ Energy use - 288 MWh/a (PYREG, 2024)
​ Fuel (LPG) - 9400 l/a (PYREG, 2024)
Scale factor For CAPEX scaling - 0.6 (Tribe and Alpine, 1986)
Discount rate For CAPEX amortization - 5 % (Tang et al., 2024)
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markets. However, in lower-cost regions like South Asia or Africa, the Kontiki flame curtain kiln remains the most cost-efficient option, 
due to its simplicity and lower upfront investments.

3.2. District heat

Furthermore, the Pyreg plant has the capacity to generate district heat (PYREG, 2024). The heat potential is calculated per biomass 
type based on the assumptions provided by the study of Azzi et al. (2022), which estimates the energy content of the excess heat 
generated during the pyrolysis process. It is assumed that this heat is directly used by a nearby industrial or municipal facility and 

Fig. 2. Biochar production cost with the Kontiki flame curtain kiln showing the biomass with the lowest production cost (left) and the lowest cost by 
region (right).

Fig. 3. Biochar production cost with Pyreg plant with a capacity of 100.000 tons of biochar per year without the use of district heat showing the 
biomass with the lowest production cost (left) and the lowest cost by region (right).

Table 2 
Minimum, maximum and median production cost per region in €/ton shown in Figure S7.

Region Kontiki flame curtain kiln Pyreg plant with a capacity of 100,000 ton of biochar output per year without district 
heat

​ Min cost Max cost Median cost Min cost Max cost Median cost
East Asia 128.24 1525.47 667.52 206.43 1091.52 375.27
Europe 292.10 1548.85 547.85 299.90 1268.66 497.61
Latin America & Caribbean 138.61 688.12 221.13 208.13 664.59 268.53
Middle East & North Africa 216.79 845.00 499.48 258.31 770.82 474.93
North America 549.90 1275.46 880.90 317.16 1004.00 630.87
South Asia 129.96 661.49 210.77 202.22 703.98 287.03
Sub-Saharan Africa 113.36 531.97 197.82 201.54 593.85 290.21
North Asia 301.19 957.86 604.53 317.45 908.93 582.21
Oceania 607.58 1068.61 899.48 354.28 775.64 566.94
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replaces a conventional natural gas-fired heat boiler. Following Klaassen and Patel (2013), a boiler efficiency of 0.95 and 
region-specific natural gas prices are applied to estimate the monetary value of the recovered heat. Previous LCA and TEA studies 
similarly emphasize that heat valorization can reduce net production costs, especially in combined heat and biochar systems (Bergman 
et al., 2022; Sahoo et al., 2019). Herein, the integration of district heat revenues significantly changes the economic feasibility of the 
Pyreg plant. Fig. 4 illustrates the global comparison of optimal technology when district heat use is taken into account. In contrast to 
the previous comparison, the Pyreg plant now emerges as the more cost-effective technology across almost all regions. This is 
particularly true in Europe, North America, East Asia, and parts of Central Asia, where high natural gas prices and developed infra
structure make heat substitution highly valuable.

However, there are notable exceptions in the other regions. Despite the available heat from Pyreg, the Kontiki flame curtain kilns 
are more cost-effective in countries such as Iran, Zimbabwe, Algeria, and Belarus. The reason lies in the low natural gas prices in these 
countries, which significantly reduce the economic benefit of substituting natural gas with district heat. As a result, the additional 
capital and operational costs of the Pyreg plant are not compensated by sufficient heat revenues in these countries. Overall, Fig. 4
shows that when district heat can be efficiently utilized, Pyreg plants become the more attractive option globally, even in many lower- 
income regions. Nevertheless, it is important to consider that these results are based on the assumption of an existing market or 
infrastructure for district heat. In reality, such infrastructure might be absent, particularly in rural or less-developed regions, which 
may limit the applicability of these results. In regions without centralized heating networks or with low industrial heat demand, the 
simpler and more decentralized Kontiki flame curtain kilns may remain a more realistic and cost-effective choice.

3.3. Cost structure of biochar production cost

Fig. 5 show the average cost structure of biochar production across world regions for both technologies. The results reflect the cost 
distributions, based on median values per region. For the Pyreg plant, the largest share of production cost is driven by biomass costs, 
followed by energy costs and CAPEX. In regions where natural gas is expensive and district heating infrastructure exists, such as 
Europe, North Asia, and Oceania, revenues from selling excess heat can significantly lower total production costs. In contrast, in 
regions like Sub-Saharan Africa, South Asia, East Asia, and Latin America & the Caribbean, the benefit of heat recovery is minimal due 
to the lack of infrastructure. In these areas, low-tech solutions like the Kontiki flame curtain kiln remain the more cost-effective option, 
even without heat utilization, as shown in Fig. 4. The Kontiki flame curtain kiln shows a more labor-intensive cost structure. Biomass 
costs and labor costs are the dominant cost drivers, while CAPEX and water use contribute marginally. The system performs 

Fig. 4. Biochar production cost comparing the Kontiki flame curtain kiln with Pyreg plant with a capacity of 100,000 tons of biochar per year 
without district heat (a) and with district heat (b).
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particularly well in regions with low biomass and labor costs, such as Sub-Saharan Africa and South Asia.
It is important to note that if the production capacity of the Kontiki flame curtain kiln could be increased while maintaining safety 

standards, labor costs would decrease significantly, improving its competitiveness compared to the Pyreg plant. This underlines the 
potential of process optimization and scaling even for low-tech systems. Regarding the Pyreg plant, the decisive factor for its cost- 
effectiveness is the utilization of district heat, as shown by the change in Fig. 4. Finally, the results show that transportation costs 
have only a minor impact on total production costs in both systems. When compared to CAPEX, their contribution is negligible. This 
observation aligns with the analyses of Bergman et al. (2022) and Sahoo et al. (2019), which highlight that transport logistics 
contribute less than 10 % to total costs, whereas CAPEX and energy remain dominant drivers. This suggests that future research and 
development should focus on developing larger, scalable Pyreg plant units with lower CAPEX. Current estimates are based on 
upscaling and not on fully engineered large-scale designs, leaving room for future efficiency gains.

Fig. 5. Cost structure of Pyreg plant including district heat revenue and Kontiki flame curtain kiln. For the Kontiki flame curtain kiln, it should be 
noted that CAPEX and OPEX_Water are so small that they are difficult to see in the figure.
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3.4. Validation

The global distribution of biomass production costs for eucalyptus, miscanthus, and poplar is illustrated in Figure S2. The results 
have been validated by comparing the results with the analyses of earlier studies. The study by Dees et al. (2017) provides biomass 
roadside cost estimates for various feedstocks, including forestry residues, agricultural residues, secondary industrial residues, and 
lignocellulosic biomass (e.g., eucalyptus), at regional and national levels. Fig. 6 presents a comparison between the eucalyptus cost 
estimates derived in this study and those reported by the S2BIOM database (Dees et al., 2017; S2BIOM, 2012), adjusted using the 
producer price index for the period 2015–2023 (EUROSTAT, 2024). On average, the absolute deviation in cost estimates by country 
amounts to 39 %. The largest discrepancies are observed in Bosnia (89.18 %), Kosovo (84.52 %), and Luxembourg (69.03 %). These 
differences are primarily attributable to the limited granularity of the S2BIOM dataset, which in some cases includes only a single data 
point per country. In contrast, countries with a higher number of recorded entries show substantially lower deviations. For example, 
Germany (402 entries) shows a deviation of only 5.76 %, followed by France (96 entries, 4.44 %), the United Kingdom (173 entries, 
12.74 %), Italy (110 entries, 17.38 %), and Spain (59 entries, 28.95 %).

4. Conclusion & outlook

The study presents a comprehensive techno-economic framework to estimate the production costs of biochar using various 
lignocellulosic biomass sources and processes at a global level. The proposed approach is essential to optimize local and global biomass 
utilization pathways, including the unexplored potential of marginal lands. By combining machine learning-based yield prediction, 
cost modeling for biomass cultivation and harvesting, and the analysis of two pyrolysis technologies, the study identifies spatially 
explicit cost structures under varying regional and technological conditions. Thus, the study contributes to the strategic understanding 
of global biochar cost structures and provides a data-driven foundation to support decision-making. The presented analyses are also 
crucial for optimizing global CDR strategies, which depend on accurate predictions across emerging CDR technologies and applica
tions. Accurate cost forecasting for each technology is critical for identifying the most cost-effective mix of technologies. Additionally, 
optimizing biochar supply chains on a global scale can help in pinpointing low-cost biochar production sites, supporting the devel
opment of future markets.

The outcomes underscore the importance of aligning biochar production strategies with regional conditions, infrastructure 
availability, and technological capabilities. While biochar has promising potential within global climate mitigation portfolios, its 
feasibility remains highly context-specific, which requires tailored, spatially explicit approaches to unlock its full potential. The results 
reveal substantial regional differences in terms of biochar production costs. The lowest median costs are observed in Sub-Saharan 
Africa, Latin America & Caribbean, and South Asia, primarily due to favorable climatic conditions, high biomass yields, and low 
labor costs. Eucalyptus-based biochar emerges as the most cost-effective option in most regions. In contrast, developed regions such as 
Europe, North America, and Oceania show significantly higher production costs, driven by increased input prices and operational 
expenditures. A key insight is that low-tech systems like the Kontiki flame curtain kiln are especially well-suited for decentralized and 
low-income contexts. On the other hand, high-tech systems such as Pyreg plants gain economic competitiveness in industrialized 
regions, particularly when excess heat can be monetized. The inclusion of district heat as a scenario demonstrates the potential 
economic advantage of this option, while acknowledging that the required infrastructure is often unavailable or underdeveloped in 
many parts of the world.

From a practical perspective, the spatially explicit cost maps provide actionable guidance for stakeholders. First, they enable policy 
makers and investors to prioritize near-term deployment in regions with low median costs (e.g., <300 €/ton in Sub-Saharan Africa, 
Latin America & Caribbean, and South Asia). Second, they support context-driven technology decisions, favoring decentralized, low- 
tech systems in low-infrastructure settings and high-tech plants in industrialized regions where excess heat can be used. Third, they 
inform infrastructure and market planning by quantifying the value of district-heat integration and identifying geographic high- 
potential areas for subsequent high-resolution siting, logistics, and market studies.

Although the study strived for the highest level of accuracy, it is still subject to some limitations due to data availability. First, the 
global datasets on biomass availability, wage levels, energy prices, and input costs are sometimes incomplete or inconsistent across 
regions. Consequently, median values and estimation formulas were used, which may impact the accuracy in data-scarce regions. In 
addition, seasonal variations in biomass properties (e.g., moisture and ash content) were not explicitly modeled, although their in
fluence on the key findings is expected to remain minor at the aggregated global scale. Second, the techno-economic analysis relies on 
globally uniform assumptions and does not reflect country-specific financing conditions, subsidies, or investment risks. Third, the 
analysis is static and does not incorporate dynamic developments such as policy changes, market trends, or technological learning 
curves. In terms of spatial resolution, although the 0.1◦ grid (~11 km) provides a useful global overview, it cannot capture micro
regional characteristics such as slope, access routes, or land-use conflicts. Furthermore, the classification of marginal lands is based on 
land cover data and does not include deeper considerations of land tenure, biodiversity risks, or socio-ecological constraints.

Looking forward, several areas offer opportunities for extending the presented approach. Future research could incorporate Life 
Cycle Assessment to assess the full environmental performance of biochar production under varying conditions. This includes the 
consideration of potential land-use changes following the cultivation of marginal lands, which were not included in this study due to its 
exclusive economic focus. Addressing this aspect in environmental assessments would allow for a more holistic understanding of 
sustainability trade-offs. The integration of policy scenarios, such as regional carbon prices or subsidy schemes, would improve the 
relevance of cost forecasts, although such modeling remains methodologically demanding due to the diversity of national frameworks. 
Additionally, while transport costs had only a minor impact on total costs in this study, refining the transport modeling through the 
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inclusion of real road networks and infrastructure accessibility could benefit site-specific applications. Furthermore, a promising 
research avenue is to link production-side cost modeling with downstream market applications to identify which biochar end uses, 
such as soil amendment, carbon trading, or industrial feedstocks, offer the highest economic value under different regional conditions. 
Another important avenue is the development of dynamic cost models that can project future production costs under changing 
technological, economic, and political conditions. This includes learning effects, economies of scale, and shifts in biomass market 
availability. Such models could help identify long-term investment strategies and policy levers to foster biochar deployment.
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