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ABSTRACT 

Accurate quantification of carbon dynamics is critical for developing effective climate 

mitigation strategies. In this study, we employed the CARAIB dynamic vegetation model (DVM) 

to analyze carbon fluxes and stocks (biomass and total soil carbon) in Wallonia, Belgium 

(1980–2070), integrating species-level traits, high- resolution land use/land cover (LULC) data, 
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climate data, and type-1 fuzzy logic for uncertainty quantification. We provide insights into 

ecosystem resilience and carbon sequestration under Representative Concentration Pathways 

(RCPs) 2.6 and 8.5. Historical results (1980–2020) demonstrated strong model performance, 

with gross primary production (GPP) validation achieving R2 > 0.85 against MODIS and GOSIF 

datasets, and aboveground biomass correlating well with GEDI (R2 = 0.77) and ESA-CCI (R2= 

0.91) datasets. Grasslands emerged as critical carbon sinks, exhibiting the highest mean GPP 

(2480 g C m-2 yr-1), surpassing forests due to rapid growth and belowground carbon storage. 

Future projections (2021–2070) identified afforestation as a robust mitigation strategy, 

increasing forest GPP by 18% and total biomass by 60–110 Mt C under RCP 8.5. Under RCP 2.6, 

total biomass was more stable due to the milder emissions trajectory, emphasizing its 

potential for long-term ecosystem resilience. Interestingly, total soil carbon showed similar 

levels across both RCPs, indicating belowground carbon resilience despite emissions 

differences. Sensitivity analyses of LULC scenarios highlighted grassland resilience, with 

grasslands sustaining a high GPP (2604-2728 g C m-2 yr-1) and contributing significantly to soil 

carbon storage, while deforestation caused substantial carbon losses. These findings 

underscore the need for nuanced land management, integrating afforestation and grassland 

conservation, to enhance resilience and sustainable carbon sequestration under climate 

change. 

Introduction 
Terrestrial ecosystems are central to the global carbon cycle, exchanging large amounts of 

carbon with the atmosphere through photosynthesis and respiration (Keenan et al., 2018). 

Precise estimation of carbon dynamics is essential for advancing climate change mitigation 

efforts and ensuring sustainable ecosystem management. However, quantifying these fluxes 

remains challenging (O’Sullivan et al., 2022), particularly at the regional level, because high-

resolution data are not often integrated into vegetation models. Gross primary production 

(GPP), the amount of carbon fixed by plants during photosynthesis, underpins various 

ecosystem processes, such as respiration, growth, and reproduction (Houghton et al., 2020; 

Friedlingstein et al., 2023). Net primary productivity (NPP) and net ecosystem productivity 

(NEP) provide further insights into ecosystem carbon dynamics, with NEP indicating whether 

an ecosystem acts as a carbon sink or source. 
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At larger scales, net biome productivity (NBP) accounts for disturbances such as fires and 

human activities, offering a comprehensive measure of net carbon storage (Hari et al., 2022). 

Given the critical role of carbon fluxes in regulating ecosystem functions and global climate 

systems, accurate quantification is essential not only for understanding ecosystem processes 

but also for informing forest management and climate change mitigation efforts (Hong et al., 

2021; Junttila et al., 2023). These estimations are vital for maintaining the balance between 

carbon fluxes and stocks (Jian et al., 2022) and enhancing the reliability of biomass 

assessments. However, significant challenges persist in assessing carbon dynamics at local 

and regional scales using modeling approaches (Pongratz et al., 2021). Addressing these 

challenges requires identifying the factors driving uncertainties in carbon fluxes and 

leveraging advanced tools like dynamic vegetation models (DVMs) (McGlynn et al., 2022; 

Trugman et al., 2023). 

Wallonia, an ecologically important region in southern Belgium, exemplifies this research gap. 

Most existing carbon research in Wallonia relies on empirical or observational methods, 

which, while informative, fall short of addressing uncertainties or predicting ecosystem 

responses under diverse scenarios (Lettens et al., 2005; Latte et al., 2013; De Wergifosse et al., 

2020; Zhou et al., 2022). Applying DVMs to Wallonia’s ecosystems is essential to fill this critical 

gap, providing insights that support regional-scale forest management and climate change 

mitigation strategies. One such critical driver of uncertainties is land use/land cover (LULC) 

change, including afforestation, deforestation, and urbanization, which significantly impact 

the terrestrial carbon balance (Hu et al., 2021; Roebroek et al., 2023). 

Given the profound influence of LULC, understanding LULC dynamics is crucial for accurately 

assessing carbon budgets. Nevertheless, substantial uncertainties remain in quantifying LULC 

changes and their impacts on carbon dynamics at local and global scales (Pongratz et al., 

2021; O’Sullivan et al., 2022; Junttila et al., 2023). To address these challenges, machine 

learning (ML) techniques offer a promising solution for classifying LULC data from satellite 

imagery, significantly improving data accuracy (Phan et al., 2020; Yuh et al., 2023). Integrating 

ML-derived LULC data into DVMs enhances their reliability, enabling better predictions of 

ecosystem responses to environmental and LULC change (Bastos et al., 2020; Bhan et al., 

2021; Bultan et al., 2022; Trugman et al., 2023). 

Although significant progress has been made in ecological modeling, vegetation models often 
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lack high-resolution LULC data and species-specific traits, which are crucial for reducing 

uncertainty in carbon dynamics prediction (Yang et al., 2019). Traits such as stomatal 

conductance (g0, g1), specific leaf area (SLA), and leaf carbon-to-nitrogen (C:N) ratio play a 

central role in determining carbon uptake, storage, and release, making them essential for 

ecosystem modeling (Augusto et al., 2022). Many models still rely on generalized plant 

functional types (PFTs), limiting their ability to capture species-specific responses to 

environmental changes (Zakharova et al., 2019). 

Incorporating species-specific parameters into process-based ecosystem models, such as 

dynamic global vegetation models (DGVMs) or terrestrial biosphere models (TBMs), 

significantly enhances simulation precision and reduces uncertainties in carbon budgets. 

While these models are predominantly applied at global scales (Jian et al., 2022; O’Sullivan et 

al., 2022; Friedlingstein et al., 2023), their use at regional scales remains limited. High-

resolution simulations that integrate species-level traits and hybrid modeling approaches are 

essential for bridging this gap (Yang et al., 2019; Li et al., 2021; Bian et al., 2023). Studies that 

have focused on species-level simulations and regional-scale calibrations (e.g., Dury et al., 

2018; Zakharova et al., 2019; Hambuckers et al., 2022) demonstrate the potential for 

improving model accuracy and producing more reliable carbon budget assessments. 

Achieving such improvements necessitates the integration of diverse data sources, including 

ground-based observations, remote sensing, and statistical datasets, with modeling 

approaches across spatial and temporal scales (Cai et al., 2020; Bultan et al., 2022; Kong et al., 

2022). Among these, satellite-derived data are particularly valuable as they serve as both 

critical inputs and validation tools, offering detailed insights into biomass, vegetation cover, 

and productivity (Hunka et al., 2023; Krause et al., 2022; Trugman et al., 2023). 

In this study, we aimed to enhance the CARbon Assimilation In the Biosphere (CARAIB) DVM 

(Gerard et al., 1999; Warnant et al., 1994) by integrating species-level traits, high-resolution 

LULC data, and climate data to improve the accuracy of regional carbon flux estimates. To 

achieve these objectives, we first validated the model’s accuracy using satellite datasets and 

ground-based eddy covariance measurements, ensuring reliable ecosystem projections up to 

2070. Next, uncertainties in model predictions were quantified based on historical 

simulations, with strategies developed to minimize these uncertainties in future projections. 

This involved constraining the model under different climate pathways, using the regional 
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climate model COSMO-CLM aligned with Representative Concentration Pathway (RCP) 8.5 and 

RCP 2.6. Finally, we evaluated the combined effects of atmospheric CO2 fertilization and LULC 

change on ecosystem carbon dynamics, providing actionable insights for climate change 

mitigation and sustainable land management strategies. 

Materials and methods 

STUDY REGION 

Wallonia, a region in southern Belgium, spans approximately 16,901 km2, constituting 55% of 

the country’s total land area. It hosts the majority of Belgium’s forests, making it a critical 

region for ecological studies. According to Statbel (https://statbel.fgov.be/en), Wallonia’s 

LULC is diverse, comprising forests (33%), pastures (18%), croplands (25%), and other land 

types (24%). This varied LULC reflects a balance between natural ecosystems, agricultural 

areas, and urban development, providing a rich context for exploring regional ecological 

dynamics and socio-economic interactions (Fig. S1). 

CARAIB DVM 

The CARAIB DVM was designed to simulate vegetation growth, the carbon balance (Warnant et 

al., 1994; Gérard et al., 1999), as well as the distribution of vegetation over time (François et al., 

1999, 2011; Henrot et al., 2017). Using climatic, atmospheric CO2, LULC, and species trait data, 

the model integrates key processes such as soil hydrology, photosynthesis, stomatal 

regulation (Ball et al., 1987), carbon allocation, and litter–soil dynamics (Hubert et al., 1998; 

Farquhar et al., 1980; Dury et al., 2018). It includes a crop module for estimating yields based 

on NPP using a two-stage phenology model (Jacquemin et al., 2020; Loudiyi et al., 2024). The 

CARAIB DVM has been widely applied to assess climate change impacts on vegetation and 

carbon sequestration, as well as land management practices (Dury et al., 2011). While 

effective, the CARAIB DVM has limitations and uncertainties, requiring complementary 

approaches for a comprehensive understanding. 

Further methodological details and input data descriptions are provided in Supplementary 

Materials section S1. 
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LULC DATA 

MAPPING HISTORICAL LULC 

We extracted (LULC) information from Landsat satellite data at a 30 m resolution for the 

period 1985 to 2020. This analysis utilized a composite of Landsat 5, 7, and 8 datasets (Fig. S1), 

accessed through the Google Earth Engine (GEE) platform to ensure efficient processing and 

implementation (Gorelick et al., 2017; Amani et al., 2020) (Supplementary Materials section 

S1.3). 

 

LULC SCENARIOS FOR FUTURE LAND MANAGEMENT 

To project LULC changes for 2021–2070, we developed a statistical model based on historical 

trends (1985–2020) derived from Landsat imagery, classified with ML and validated against 

ESA CCI data. In Wallonia, historical data show urban expansion with a decline in agricultural 

land, while forest areas remained stable overall. However, between 2005 and 2020, isolated 

trees and small vegetation patches declined, while major forests were unaffected. The 

Landsat-based estimate of 6800 km2 forest area, including isolated trees, exceeded official 

records (5600 km2). Forest dynamics under five scenarios were modeled to assess carbon 

sequestration and environmental impacts (Figs. S2 (a–e)). 

Business as usual.  
The business-as-usual (BAU) scenario assumed that the average changes observed during the 

historical period (1985–2020) will persist into the future (2021–2070). This scenario reflects the 

continued decline of isolated trees and small patches of vegetation while maintaining the 

total forest area above the current official estimates. It assumed that the main forest areas 

remain unaffected throughout the projection period. 

Afforestation. 
The afforestation scenario was implemented by converting portions of pastureland into 

forest, resulting in an approximately 35% increase in forest area. The method was applied to 

randomly selected pasture pixels, ensuring that the fraction of pasture in each selected pixel 

was never entirely zero. Instead, a portion of the existing pasture fraction was utilized for 

planting trees, maintaining a balance between afforestation efforts and the preservation of 

pastureland. This approach evaluated the impacts of pasture-to-forest conversion on 
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ecosystem productivity and carbon sequestration. 

Forest shift.  
In the forest shift scenario, 20% of forest land was converted to pastureland by 2050, with no 

urban expansion during this period. Between 2051 and 2070, an additional 20% of forest land 

was converted directly to urban land. This sequential land conversion allowed for an analysis 

of the environmental impacts, particularly on ecosystem productivity and carbon 

sequestration. 

Partial deforestation.  

In the partial deforestation scenario, forest land was reduced by 20%, with a corresponding 

increase in urban land. The remaining 80% of the forest remained intact. The term “partial” 

signifies that while a significant portion of the forest was impacted, not all forest was 

destroyed nor fully converted to other land uses. 

Deforestation.  

The deforestation scenario involved the conversion of more than 60% of forest land to urban 

areas. While it was not complete deforestation, this scenario represented the transformation 

of a significant portion of forest for urban development. The 60% threshold was considered 

extensive deforestation, resulting in a near-total loss of forested area. 

CLIMATE DATA 

The CARAIB DVM requires six meteorological inputs: temperature, precipitation, solar 

radiation, relative humidity, wind speed, and daily temperature range. Climate data were 

sourced from the COSMO-CLM (1980–2020), Royal Meteorological Institute (RMI) observations, 

and GSWP3 for model initialization. Bias correction and validation against RMI data ensured 

accuracy for historical and future simulations under RCP 8.5 and RCP 2.6. Detailed data 

processing methodologies are provided in Supplementary Materials section S1.4. 

SIMULATION DESIGN 

HISTORICAL SIMULATION (1980–2020) 

The CARAIB DVM was used to simulate historical ecosystem dynamics at a 1-km resolution, 

integrating high-resolution datasets to improve accuracy. Inputs included climate variables 
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(1980–2020) from the COSMO-CLM, atmospheric CO2 (Meinshausen et al., 2011), LULC (1985–

2020) from Landsat, soil texture, and species-specific plant parameters. The simulation period 

(1801–2020) included a spin-up phase to stabilize carbon pools. Outputs such as GPP, NEP, 

NBP, biomass, and total soil carbon (TSC) provided insights into ecosystem productivity and 

carbon dynamics under historical conditions. Detailed descriptions of methodologies are 

provided in Supplementary Materials section S1.5. 

INCORPORATING UNCERTAINTY IN PLANT PARAMETERS 

In this study, fuzzy logic was applied to address uncertainties in plant physiological 

parameters, such as stomatal conductance (g0, g1), SLA, and the C:N ratio. Triangular fuzzy 

numbers (TFNs) were used to capture parameter variability, with plausible ranges derived 

from the TRY database (Kattge et al., 2020) and Miner et al. (2017) (Table S1). Intermediate 

fuzzy values were calculated for six membership levels (μ = 0 to 1), systematically propagating 

uncertainty through CARAIB DVM simulations. A detailed explanation of TFNs and parameter 

calculations is provided in Supplementary Materials section S1.6. 

FUTURE SIMULATION (2021–2070) 

Future simulations used inputs consistent with historical simulations, including climate 

variables (Supplement Materials section S1.4), soil texture, and plant physiological 

parameters, combined with RCP 8.5 and RCP 2.6. These scenarios modeled the impacts of 

climate change and land-use strategies, including LULC change, as detailed in section 2.3.2, on 

key ecosystem processes such as carbon sequestration, productivity, and resilience. Output 

variables (e.g., GPP, NEP, total biomass, and TSC) provided insights into vegetation dynamics 

and carbon stock changes under contrasting conditions. 

VALIDATION 

LULC VALIDATION 

The accuracy of Landsat-derived LULC classifications (1992–2020) was validated against ESA 

CCI LULC data (https://planetarycomputer. microsoft.com/dataset/group/esa-cci-lc) 

harmonized to a 1-km grid for comparison. Misclassification issues, particularly between 

cropland and pasture, were addressed through selective adjustments, improving consistency 

and reliability. Further details are provided in Supplementary Materials section S1.7. 
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CLIMATE DATA VALIDATION 

The COSMO-CLM outputs (1980–2020) were validated against RMI observational data (Journee 

et al., 2023) using metrics such as bias, standard deviation, and root mean square error 

(RMSE). Model outputs were upscaled to match the 5-km resolution of observations. Detailed 

validation procedures and results are provided in Supplementary Materials section S1.8. 

CARAIB DVM VALIDATION 

The accuracy of the CARAIB DVM was validated using MODIS and GOSIF datasets for GPP over 

the period 2001–2020, and ESA-CCI and GEDI datasets for AGB in 2020. Regression analyses, 

quantified by R2 and RMSE, and geographically weighted regression (GWR) were used to assess 

agreement between modeled and observed values, highlighting regional discrepancies and 

areas for model improvement. Further details on the validation methodology are provided in 

Supplementary Materials section S1.9. 

Results 

INPUT DATA VALIDATION 

LULC DATA 

The validation of LULC data demonstrated strong agreement between Landsat-derived 

classifications and the harmonized ESA CCI dataset over the Wallonia region (1992–2020), with 

an average accuracy of 88% and substantial agreement reflected in kappa coefficients. Yearly 

trends in accuracy and kappa coefficients are presented in the Supplementary Materials 

(Section S2.1, Fig. S3). 

CLIMATE DATA 

The COSMO-CLM was validated against RMI observational data (1980–2020) for precipitation, 

temperature, relative humidity, solar radiation, and wind speed. The model demonstrated 

strong performance for temperature, with low bias and RMSE, capturing seasonal trends 

effectively. However, precipitation was consistently overestimated in wetter months and 

underestimated in drier periods, with challenges in representing extremes. Relative humidity 

and solar radiation exhibited seasonal discrepancies, particularly during summer, with solar 

radiation consistently overestimated. Wind speed showed the highest variability, with 
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systematic overestimation across most months. These findings underscore the model’s 

reliability in temperature simulation and its limitations in accurately capturing extremes and 

variability for other meteorological variables (Supplementary Materials section S2.2, Fig. S4). 

HISTORICAL RESULTS WITH VALIDATION 

MODEL ADVANCEMENT USING HIGH-RESOLUTION INPUT DATA AND SPECIES-LEVEL 
TRAITS 

The CARAIB DVM was improved by incorporating a species-level trait-based approach and 

integrating high-resolution LULC and climate data. The inclusion of species-specific traits, 

such as SLA, height (h0), and growth rates, allowed the model to simulate carbon dynamics 

across various species and LULC types with greater accuracy. This advancement markedly 

improved the estimations of carbon fluxes (GPP, NEP, and NBP) and carbon stocks in Wallonia, 

offering deeper insights into regional carbon dynamics. 

Among the six major LULC classes in the model, forests, crops, and pastures were identified as 

particularly significant for carbon sequestration (Fig. 1a). Grasslands demonstrated a high 

mean GPP of 2480 g C m-2 yr-1 due to their extensive root systems and rapid growth rates, 

outperforming forests and croplands, which exhibited mean GPP values of 1312 and 990 g C m-

2 yr-1, respectively (Fig. 1b). These differences highlight the varying photosynthetic efficiencies 

and ecosystem dynamics across LULC types. 

NEP showed significant regional variability, particularly in forests and pastures, with 

simulated mean values of 73 and 12 g C m-2 yr-1, respectively, indicating their roles as net 

carbon sinks (Fig. 1c). Croplands had a higher NEP, averaging 111 g C m-2 yr-1. The mean NBP of 

forests was notably high, averaging 59 g C m-2 yr-1, underscoring their importance as major 

carbon sinks. In contrast, pastures exhibited a mean NBP of -19 g C m-2 yr-1, while croplands 

displayed a lower mean NBP of -34 g C m-2 yr-1, likely due to regular harvesting practices that 

remove biomass (Fig. 1d). These mean NEP and NBP values were calculated based on the 

dominant LULC class within each pixel. 

In the model, litter production from all plant types was combined into a single reservoir of leaf 

or woody litter to simplify the estimation of heterotrophic respiration at the pixel level. This 

approach avoided complexities related to variations in plant species or LULC types. By 

streamlining the process, the model ensured more consistent carbon exchange estimates, 
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determined primarily by the dominant LULC type in each pixel. As a result, the accuracy of NEP 

and NBP as indicators of carbon dynamics relies significantly on precise LULC classification, 

which governs the main carbon exchange processes. 

VALIDATION OF MODEL OUTPUTS 

GPP: validation against satellite observations. 
To further evaluate the accuracy of our results, we compared the model’s output with 

satellite-derived GPP (Fig. 2). 

Spatial regression: A significantly high local R2 of 0.85 between CARAIB DVM-derived GPP and 

MODIS-derived GPP (mean for 2001–2020) at a 1-km2 resolution demonstrated the ability of 

the CARAIB DVM to capture spatial heterogeneity across the landscape (Fig. 2b–d). When 

comparing the distribution of CARAIB DVM-derived and GOSIF-derived mean GPP at the GOSIF 

scale (0.05°), we achieved an even higher local R2 of 0.97, further validating the model’s ability 

to reproduce spatial patterns (Fig. 2e–g). 

Linear regression: Linear regression between MODIS-derived and CARAIB DVM-derived annual 

GPP indicated high performance, yielding global R2 values ranging from 0.50 to 0.65 (Fig. S6a). 

Similarly, there was as strong global correlation between GOSIF-derived and CARAIB DVM-

derived annual GPP, with R2 values ranging from 0.36 to 0.74 (Fig. S6b). 

GPP: eddy covariance correlation analysis. 

 Fig. S7a presents a time series of GPP at the BE-Vielsalm eddy-covariance station (50.31°N, 

5.99°E), showing a comparison among GPP estimates from eddy covariance data (GPP_EC), 

MODIS (GPP_MOD), and CARAIB DVM (GPP_CARAIB) for 1996–2014. The close temporal 

alignment among these datasets demonstrates the model’s capability to capture seasonal 

and interannual variations in GPP. For managed pasture systems, Fig. S7b highlights GPP 

comparisons at the BE-Dorinne eddy-covariance station (50.30°N, 4.93°E). While the CARAIB 

DVM slightly overestimates GPP, with values ranging from 2384 to 2542 g C m-2 yr-1, the results 

remain comparable to eddy covariance measurements (2024-2357 g C m-2 yr-1; Gourlez De La 

Motte et al., 2016) for 2011–2014. This analysis emphasizes the model’s reliability across 

diverse LULC types while identifying areas for fine-tuning. 

AGB estimates. 
The comparison of AGB estimates derived from the CARAIB DVM and from ESA-CCI and GEDI 
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revealed significant alignment, further validating the accuracy of the model-derived 

estimates. 

 

Fig. 1. Comparative analysis of mean LULC and carbon fluxes (ecosystem productivity) for the years 2001–2020. (a) 
Landsat-derived historical LULC; (b) CARAIB DVM-derived GPP (g C m-2 yr-1); (c) CARAIB DVM-derived NEP (g C m-2 
yr-1); (d) CARAIB DVM-derived NBP (g C m-2 yr-1). The values represent cumulative fluxes over Wallonia, with NEP 
and NBP being positive when the ecosystem acts as a carbon sink for the atmosphere. 

 

Fig. 2. Map of mean GPP (2001–2020) from CARAIB DVM, MODIS, and GOSIF, with spatial correlations between 
model and satellite data. (a) Landsat-derived historical LULC. (b–d) Spatial correlation between CARAIB DVM-
derived and MODIS-derived mean GPP (resolution: 1 km). (e–g) Spatial correlation between CARAIB DVM-derived 
and GOSIF-derived mean GPP (resolution: 5.55 km). R2 and RMSE values were computed using a geographically 
weighted regression method. 
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Fig. 3. Spatial distribution of aboveground biomass in 2020 as estimated by the CARAIB DVM, ESA-CCI and GEDI. 
The number in each plot is the total aboveground biomass over the Wallonia region. 

Fig. 3a-c shows the spatial distribution of AGB for 2020 estimated by the CARAIB DVM, ESA-CCI, 

and GEDI. Fig. S8a highlights a strong spatial correlation between CARAIB DVM-derived AGB 

and ESA-CCI- derived AGB (local R2 = 0.91), while Fig. S8d presents a scatter plot with an R2 of 

0.75 and RMSE of 1.56 kg C/m2, indicating a strong positive correlation with some 

discrepancies. Similarly, the comparison between CARAIB DVM-derived AGB and GEDI-derived 

AGB (Fig. S8b) yielded a local spatial R2 of 0.77 and a scatter plot R2 of 0.56, with an RMSE of 

1.41 kg C/m2 (Fig. S8e), reflecting reasonable agreement but notable deviations. 

Comparative analysis among GEDI, CARAIB DVM, and ESA-CCI datasets revealed moderate 

correlations. The R2 values of 0.56 for both GEDI vs. CARAIB DVM and GEDI vs. ESA-CCI (Figs. 

S8c and S8f) indicate these models explain approximately 56% of the variance in the GEDI 

dataset. The similar RMSE values of 1.41 kg C/m2 (GEDI vs. CARAIB DVM) and 1.43 kg C/m2 (GEDI 

vs. ESA-CCI) highlight comparable average errors, though persistent discrepancies remain 

between model estimates and satellite-derived data. 

LULC AS A PREDICTOR OF TERRESTRIAL CARBON BALANCE IN THE FUTURE 
(2021–2070) 

This study investigated the effects of future climate pathways and LULC scenarios on 

ecosystem productivity and carbon dynamics in Wallonia. Two climate pathways were 

analyzed: RCP 8.5 (high emissions) and RCP 2.6 (low emissions). The focus was on carbon 

fluxes (GPP, NPP, and NBP) and carbon stocks (total biomass and TSC) under two primary 

LULC scenarios: a baseline scenario (BAU), which assumes a continuation of current LULC 

practices, and an afforestation scenario, where grasslands are converted to forest to increase 

forest cover. 



Published in : Journal of Environmental Management (2025), vol. 375, 124329 
DOI: 10.1016/j.jenvman.2025.124329 
Status : Postprint (Author’s version)  

 

 

 

For sensitivity analysis, these scenarios are compared against three hypothetical 

deforestation scenarios: forest shift (conversion of forests to grassland and urban land), 

partial deforestation (moderate reduction in forest cover), and deforestation (extensive 

removal of forest cover). Carbon dynamics were assessed across two time periods, 2021–2045 

and 2046–2070, to evaluate both near-term and mid-term impacts. 

MAIN LULC SCENARIOS 

Two main LULC scenarios (BAU and afforestation) were analyzed under two climate pathways 

(RCP 2.6 and RCP 8.5), focusing on key indicators of ecosystem productivity. 

Carbon sequestration. 

Under RCP 2.6, the BAU scenario was estimated to have a mean GPP of 1430 g C m-2 yr-1 during 

2021–2045, decreasing slightly to 1412.8 g C m-2 yr-1 by 2046–2070. Forest mean GPP showed a 

modest increase from 1520.6 to 1670.3 g C m-2 yr-1, while pasture mean GPP remained 

consistently high, increasing from 2483.6 to 2498.1 g C m-2 yr-1. In the afforestation scenario, 

overall  mean GPP decreased slightly;  however, forest mean GPP increased to 1600.4 g C m-2 

yr-1, while pasture productivity remained stable (Fig. 4, Fig. S9a). Similarly, under RCP 8.5, the 

BAU mean GPP increased from 1421.4 to 1474.8 g C m-2 yr-1, with forest mean GPP rising 

significantly from 1435.4 to 1644.6 g C m-2 yr-1. 

In the afforestation scenario, pasture mean GPP also showed notable gains, increasing from 

2608.2 to 2747.5 g C m-2 yr-1, primarily driven by elevated CO2 levels. Forest mean GPP further 

increased under afforestation, rising from 1368 to 1553 g C m-2 yr-1, underscoring the enhanced 

carbon sequestration potential of reforested landscapes. 

Further, under RCP 2.6, the BAU scenario was estimated to have a mean NEP of 85 g C m-2 yr-1 

during 2021–2045, declining to 53.14 g C m-2 yr-1 by 2046-2070 (Figs. S9b-c). Correspondingly, 

mean NBP decreased from 22.69 to -11.78 g C m-2 yr-1, reflecting reduced carbon sequestration 

as conditions worsened over time. In contrast, under RCP 8.5, the BAU scenario showed lower 

sequestration potential, with mean NEP declining from 62.75 to 54.71 g C m-2 yr-1 across the 

same periods. NBP also transitioned from a marginally positive 0.36 to -11.32 g C m-2 yr-1, 

indicating net carbon losses under more extreme climatic conditions. 

The afforestation scenario, however, demonstrated a stronger sequestration capacity. Under 

RCP 2.6, mean NEP improved to 92.04 g C m-2 yr-1 during 2021–2045 and remained high at 87.63 
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g C m-2 yr-1 during 2046–2070, while NBP increased from 32.02 to 27.95 g C m-2 yr-1. Similarly, 

under RCP 8.5, afforestation increased NEP from 68.41 to 88.17 g C m-2 yr-1, with NBP rising 

from 7.53 to 27.4 g C m-2 yr-1. These findings highlight the importance of afforestation in 

mitigating carbon losses under both climate pathways, particularly in contrast to the declines 

observed in the BAU scenario under these pathways. 

Spatial distribution of carbon sequestration in RCP 8.5. 
After comparing overall carbon dynamics between RCP 2.6 and RCP 8.5, we focused on 

determining the spatial distributions of GPP, NEP, and NBP under the BAU and afforestation 

scenarios for the periods 2021–2045 and 2046–2070 under RCP 8.5 (Fig. 5). In the BAU scenario, 

GPP was higher in forested regions, particularly in the southern areas, while NEP and NBP 

displayed localized carbon losses in urban and pasture- dominated areas. In contrast, the 

afforestation scenario expands forest cover, leading to enhanced GPP and reduced carbon 

loss hotspots across the region. By 2046–2070, afforestation markedly increased NEP and 

NBP, particularly in the central and southern regions, underscoring its potential to enhance 

carbon sequestration under future high-emission pathways. 

Carbon stocks 
 Under the BAU scenario, total biomass increased for 2021–2045 under RCP 2.6, reaching 

higher levels compared to that under RCP 8.5 (80 Mt C). For 2046–2070, total biomass under 

RCP 2.6 showed a significant increase, highlighting improved long-term carbon sequestration 

potential, while total biomass under RCP 8.5 remained relatively stable (Fig. 6a-b). In the 

afforestation scenario, total biomass rose substantially (110 Mt C) for 2021–2045 under RCP 

2.6, with slightly lower gains under RCP 8.5. For 2046–2070, both scenarios showed further 

increases, with RCP 2.6 exhibiting the highest total biomass values. In the BAU and 

afforestation scenarios, TSC remained stable for both periods (270 Mt C) under RCP 2.6 and 

RCP 8.5, indicating limited sensitivity to climate pathways (Fig. 6c–d). 

SENSITIVITY ANALYSIS 

A sensitivity analysis was conducted to evaluate changes in carbon sequestration under 

different LULC scenarios and climate pathways. The scenarios analyzed included forest shift, 

partial deforestation, and deforestation. These scenarios were designed to assess the impacts 

of varying levels of forest cover reduction and LULC changes on carbon dynamics under two 

climate pathways, RCP 8.5 (high emissions) and RCP 2.6 (low emissions). The results highlight 
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the trends observed for each scenario, providing insights into the potential consequences of 

land-use decisions in the context of different climate change projections. 

Carbon sequestration. 

In the forest shift scenario, mean GPP under RCP 2.6 increased slightly from 1481 to 1489 g C 

m-2 yr-1 (2021–2045 vs. 2046–2070), with forest mean GPP rising from 1574 to 1761 g C m-2 yr-1 

and pasture mean GPP increasing marginally from 2485 to 2499 g C m-2 yr-1. Similarly, under 

RCP 8.5, mean GPP increased from 1481 to 1565 g C m-2 yr-1, with significant increases in 

pasture productivity (2519–2656 g C m-2 yr-1). In the later period (2051–2070), urban expansion 

reduced overall productivity, but remaining forests demonstrated resilience with forest GPP 

increasing from 1473 to 1756 g C m-2 yr-1. However, the overall yearly cumulative GPP 

decreased from 2050 to 2070 (Fig. 4a–b, Fig. S10a). 

 

Fig. 4. Spatially aggregated GPP (g C m-2 y-1) under different LULC scenarios and climate pathways. (a) GPP for 
2021-2045. (b) GPP for 2046-2070. Contributions from total GPP, forest GPP, pasture GPP, and crop GPP are shown 
across BAU, afforestation, forest shift, partial deforestation, and deforestation scenarios under RCP 8.5 (solid bars) 
and RCP 2.6 (striped bars). 
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Fig. 5. Comparative analysis of LULC and carbon fluxes (ecosystem productivity) in two observation cycles (2021–
2045, 2047–2070), evaluating the impact of BAU (5a-d, 5i-l) and afforestation (5e-h, 5m-p) scenarios. The number 
appearing in each plot is the cumulative flux over the Wallonia region. 

In the partial deforestation scenario, mean GPP under RCP 2.6 remained stable (1391–1351 g C 

m-2 yr-1), with a modest increase in forest GPP (1536–1680 g C m-2 yr-1) and pasture GPP (2484–

2500 g C m-2 yr-1). Similarly, under RCP 8.5, GPP rose from 1384 to 1412 g C m-2 yr-1, with forest 

GPP increasing from 1426 to 1634 g C m-2 yr-1 and pasture GPP from 2518 to 2657 g C m-2 yr-1 

(Fig. 4a–b, Fig. S10d). In contrast, in the deforestation scenario, mean GPP under RCP 2.6 

declined significantly from 1296 to 1086 g C m-2 yr-1, while under RCP 8.5, it dropped from 1290 

to 1133 g C m-2 yr-1. Despite these declines, pasture GPP increased slightly in both scenarios 

(Fig. 4a–b, Fig. S10g). 

In the forest shift scenario, under RCP 2.6, mean NEP decreased from 68.3 g C m-2 yr-1 during 

2021–2045 to 7.56 g C m-2 yr-1 by 2046–2070, while NBP dropped sharply from 8.25 to -52.24 g C 

m-2 yr-1. Under RCP 8.5, mean NEP followed a similar trend, decreasing from 52.92 to 10.32 g C 

m-2 yr-1, with mean NBP declining from -6.82 to -50.55 g C m-2 yr-1. In the partial deforestation 
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scenario, under RCP 2.6, mean NEP declined from 72.41 to 35.69 g C m-2 yr-1, while NBP 

dropped from 12.39 to -24.05 g C m-2 yr-1. Under RCP 8.5, NEP decreased from 51.21 to 37.46 g C 

m-2 yr-1, and NBP showed a larger decline, from -8.49 to -23.36 g C m-2 yr-1. 

In the deforestation scenario, both mean NEP and mean NBP exhibited the most severe 

declines. Under RCP 2.6, mean NEP dropped from 44.37 g C m-2 yr-1 during 2021–2045 to -8.34 g 

C m-2 yr-1 by 2046–2070, while mean NBP declined from -15.64 to -68.1 g C m-2 yr-1. Similarly, 

under RCP 8.5, NEP turned negative, decreasing from 28 to -6.21 g C m-2 yr-1, with NBP 

dropping sharply from -31.69 to -67.54 g C m-2 yr-1. These trends underline the devastating 

consequences of forest loss, with ecosystems transitioning from carbon sinks to sources. 

Spatial distribution of carbon sequestration in RCP 8.5. 

The spatial maps (Fig. 7a–l, 8a-l) highlight the impacts of LULC scenarios on GPP, NEP, and 

NBP across 2021–2045 and 2046–2070. These maps show distinct spatial patterns of carbon 

sequestration under forest loss and urban expansion. In the forest shift scenario, sustained 

GPP was observed in forested and grassland regions, but NEP and NBP showed substantial 

spatial declines, with some areas transitioning to a net carbon loss by 2046–2070 (Fig. 7a–d, 

8a-d). In the partial deforestation scenario, stable GPP persisted in forested areas, but 

fragmentation led to localized carbon losses in NEP and NBP, becoming more pronounced by 

2046–2070 (Fig. 7e–h, 8e-h). The deforestation scenario showed the most severe impacts, with 

widespread declines in GPP and carbon losses across the region. NEP and NBP transitioned to 

predominantly negative values, reflecting near-complete forest-to-urban conversion (Fig. 7i–l, 

8i-l). 

Carbon stocks. 
Under the forest shift scenario, total biomass increased moderately under RCP 2.6 during 

2021–2045 and remained higher than that under RCP 8.5 in 2046–2070, reflecting milder 

climate conditions. In the partial deforestation scenario, total biomass declined significantly 

under both RCPs compared to BAU, with larger declines under RCP 8.5, particularly in 2046–

2070, due to harsher climate conditions. The deforestation scenario resulted in the lowest 

total biomass levels across all periods, with marginally higher values under RCP 2.6, 

emphasizing the severe impacts of forest loss. In contrast, TSC exhibited much smaller 

variations across all scenarios compared to total biomass, despite its larger overall stock. RCP 

2.6 generally maintained slightly higher TSC levels than RCP 8.5. Even under deforestation, 



Published in : Journal of Environmental Management (2025), vol. 375, 124329 
DOI: 10.1016/j.jenvman.2025.124329 
Status : Postprint (Author’s version)  

 

 

 

TSC declines were less pronounced under RCP 2.6, highlighting the stability and resilience of 

TSC compared to total biomass. 

 

 

Fig. 6. Comparison of total biomass and total soil carbon across LULC scenarios for 2021–2045 and 2046–2070. (a–
b) represent biomass for 2021–2045 and 2046–2070, respectively, while (c–d) illustrate total soil carbon for the 
same periods. 

MODEL UNCERTAINTY ANALYSIS 

The uncertainty in model predictions for GPP, NEP, total biomass, and TSC was evaluated 

using fuzzy membership levels (left, peak, and right) for the period 1980–2020 over 20 grid 

cells of various representative LULC classes. Variability was quantified by calculating the mean 

and standard deviation (SD) across fuzzy simulations. To represent uncertainty, a range 

defined at the 90% confidence level was derived. This range indicates the interval within 

which the true mean is expected to lie with 90% confidence, capturing the variability 

introduced by uncertainties in key plant physiological parameters, such as g0, g1, SLA and C:N. 
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The mean GPP was 1875 g C m-2 yr-1, with an SD of 148 g C m-2 yr-1, resulting in an uncertainty 

range of ±243 g C m-2 yr-1. GPP exhibited substantial variability across fuzzy membership levels, 

with higher estimates for left-side memberships and lower estimates for right-side 

memberships (Fig. S11a). NEP had a mean value of 82 g C m-2 yr-1, with an SD of 14 g C m-2 yr-1 

and an uncertainty range of ±23 g C m-2 yr-1. NEP predictions ranged from net carbon gains to 

near-neutral or negative fluxes across membership levels (Fig. S11b). Total biomass showed a 

mean value of 10.41 kg C m-2 yr-1, with an SD of 1.51 kg C m-2 yr-1 and an uncertainty range of 

±2.49 kg C m-2 yr-1, while TSC had a mean of 20.06 kg C m-2 yr-1, an SD of 1.68 kg C m-2 yr-1, and 

an uncertainty range of ±2.76 kg C m-2 yr-1. Total biomass remained stable across fuzzy 

membership levels, whereas TSC exhibited minimal variability, reflecting its resilience as a 

long-term carbon pool (Figs. S12a and S12b). 

Discussion 
The results of this study provide valuable insights into the role of high-resolution inputs and 

species-specific traits in enhancing the predictive accuracy of vegetation models like the 

CARAIB DVM. By validating model inputs and outputs against observed and satellite data, we 

demonstrated the reliability of the CARAIB DVM in simulating regional carbon dynamics. This 

discussion explores the implications of our findings in the context of existing literature, 

emphasizing the importance of integrating accurate data and robust sensitivity analyses to 

inform climate mitigation strategies (O’Sullivan et al., 2022; Pongratz et al., 2021; Trugman et 

al., 2023; Friedlingstein et al., 2023). Key areas of the discussion include the integration of 

high-resolution inputs, uncertainty analysis, validation of model outputs, and the implications 

of future LULC scenarios. 

INTEGRATION OF HIGH-RESOLUTION INPUTS AND SPECIES-SPECIFIC 
TRAITS 

The integration of high-resolution LULC and climate datasets, coupled with species-specific 

traits, significantly enhanced the CARAIB DVM’s ability to simulate carbon dynamics in 

Wallonia, Belgium. Validation of LULC datasets demonstrated strong reliability, achieving 

accuracy levels between 88% and 92% with robust kappa coefficients. This effectively 

resolved classification challenges, particularly in distinguishing crops and pastures, which are 
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often difficult to differentiate in remote sensing-based classifications (Li et al., 2018; García-

Alvarez et al., 2022). Similarly, validation of climate data against RMI observations confirmed 

minimal biases and low RMSE, ensuring the accuracy and reliability of these datasets as inputs 

for carbon flux and stock simulations (Journee and Bertrand, 2011; Journee et al., 2023). 

These robust inputs allowed the CARAIB DVM to accurately capture carbon dynamics across 

diverse LULC types. 

 

 

Fig. 7. Sensitivity analysis of LULC change and its impact on mean ecosystem productivity in 2021–2045. (a–d) 
Forest shift scenario. (e–h) Partial deforestation scenario. (i–l) Deforestation scenario. The number appearing in 
each plot is the cumulative flux over the Wallonia region. 
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Fig. 8. Sensitivity analysis of LULC change and its impact on mean ecosystem productivity in 2046–2070. (a–d) 
Forest shift scenario. (e–h) Partial deforestation scenario. (i–l) Deforestation scenario. The number appearing in 
each plot is the cumulative flux over the Wallonia region. 

Contrary to global-scale findings (Krause et al., 2022), at the local scale, pasture (grassland) 

was more productive than the other two ecosystems (forest and cropland, Fig. 1b) (Guo et al., 

2002; Zhao et al., 2023). On a global scale, natural grasslands are found in more arid and less 

productive areas compared to forests. However, in regions like Wallonia, pastures have 

replaced natural forests following historical deforestation and thus appear in much wetter 

areas adjacent to forests. Unlike forest trees, pasture species are not deciduous and do not 

need to sustain a large biomass through respiration, allowing their growth rate to respond 

more quickly to warming in the spring, which in turn enhances photosynthesis efficiency 

throughout the year (Dass et al., 2018; Rojas-Botero et al., 2023). Net carbon fluxes also 

showed notable variation among LULC types, with forests acting as strong carbon sinks (mean 

NBP: 59 g C m-2 yr-1), while croplands and pastures exhibited net carbon losses (-34 and -19 g C 

m-2 yr-1, respectively). 

These results highlight the critical role of land management practices, such as harvesting and 

grazing, in influencing carbon dynamics (Prescher et al., 2010). These findings set the 

foundation for validating CARAIB DVM outputs and exploring the model’s applicability across 

diverse scenarios. 
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VALIDATION OF MODEL OUTPUTS 

The CARAIB DVM demonstrated strong accuracy in simulating carbon fluxes when validated 

against satellite-derived datasets (MODIS, GOSIF) and eddy covariance data from Fluxnet 

sites. At the spatial scale, the model achieved an R2 of 0.85 with MODIS GPP at a 1-km2 

resolution and 0.97 with GOSIF at a 5.55-km resolution (Li et al., 2019), effectively capturing 

spatial heterogeneity. Temporal validation further confirmed the model’s reliability across 

various LULC types, including managed pastures. AGB estimates also showed strong 

alignment with ESA-CCI (R2 = 0.91) and GEDI (R2 = 0.77) datasets, showcasing the model’s 

ability to represent AGB distribution accurately (Duncanson et al., 2019; Hunka et al., 2023). 

Comparisons between CARAIB DVM-derived GPP and satellite data revealed consistent trends, 

despite minor biases. MODIS slightly underestimated GPP values, likely due to LAI 

representation differences (Bian et al., 2023), while GOSIF overestimated GPP values in certain 

regions, reflecting potential discrepancies in light-use efficiency models (Sun et al., 2017). 

Moreover, temporal alignment with Fluxnet sites, such as Vielsalm (Tang et al., 2015; 

Pastorello, 2020) and Dorinne (Gourlez De La Motte et al., 2016), demonstrated the model’s 

ability to replicate seasonal and inter-annual carbon dynamics. However, slight GPP 

overestimations were observed, ranging from 89 g C m-2 yr-1 in 2014 to 360 g C m-2 yr-1 in 2013. 

These discrepancies may result from the model’s limited representation of land management 

practices, such as grazing and fertilization, critical for grassland carbon dynamics. 

Additionally, strong correlations (R2 > 0.75) and low RMSE values for 2020 were observed when 

comparing AGB estimates with GEDI and ESA-CCI datasets, further reinforcing the model’s 

robustness (Bhan et al., 2021; Roebroek et al., 2023). However, discrepancies in GEDI data, 

such as the under-representation of understory contributions, underscore the need to 

integrate multi-layered forest structures in future iterations (Hunka et al., 2023). Overall, the 

validation demonstrated the CARAIB DVM’s effectiveness in simulating carbon fluxes and 

stocks across diverse spatial and temporal scales. Despite minor discrepancies between 

satellite and ground-based observations, the strong correlations and consistent trends 

confirm the model’s reliability as a tool for assessing ecosystem carbon dynamics under 

varying climatic and LULC conditions. 
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OVERALL REGIONAL IMPACT 

The findings, supported by detailed validation, highlight the significant role of LULC in carbon 

dynamics in Wallonia. Grasslands, validated at BE-Dorinne (50.30°N, 4.93°E), exhibited GPP 

values of 2200-2400 g C m-2 yr-1 (Gourlez de la Motte et al., 2016), while forests, validated at BE-

Vielsalm (50.31°N, 5.99°E), displayed seasonal and interannual GPP variations (Tang et al., 

2015). These results estimate Wallonia’s annual GPP at 24.302 Mt C from 2001 to 2020, 

emphasizing the complementary roles of grasslands and forests in carbon assimilation. 

Grasslands have a strong capacity for carbon sequestration, even under extreme conditions 

like drought and wildfire, due to their stable belowground carbon storage (Dass et al., 2018). 

Consistently, grasslands contributed significantly to Wallonia’s regional carbon assimilation 

through high photosynthetic efficiency and extensive root systems. 

For forest biomass, the CARAIB DVM estimated a mean carbon stock of 9.55 kg C/m2, closely 

matching values from Lettens et al. (2008) and differing by 11% from Vande Walle et al. (2005). 

These consistent results validate the model while highlighting areas for refinement, 

particularly in anthropogenic influences and LULC variability (Guo and Gifford, 2002). 

Collectively, the validated outputs underscore the importance of high-resolution inputs and 

species-specific traits in capturing regional carbon dynamics and supporting effective land 

management strategies. 

UNCERTAINTY ANALYSIS 

The uncertainty analysis highlighted the distinct sensitivity of GPP, NEP, total biomass, and 

TSC to input parameter variability, providing critical insights into ecosystem processes and 

model robustness. By incorporating fuzzy membership levels (left, peak, right), we determined 

how uncertainties in key plant physiological parameters (e.g., SLA, stomatal conductance, and 

carbon allocation efficiency) propagate through model predictions. GPP exhibited the highest 

sensitivity to parameter variability, with wide uncertainty ranges observed across fuzzy 

membership levels. Higher GPP values under left-side memberships reflected favorable 

assumptions about plant productivity, such as enhanced stomatal conductance and carbon 

uptake rates. In contrast, right-side memberships constrained GPP predictions, mirroring 

conservative assumptions. 
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This pronounced sensitivity highlights the influence of short-term physiological processes on 

productivity and emphasizes the need for better-constrained parameters, such as SLA and 

stomatal conductance (g0, g1), through targeted field measurements. Similarly, NEP displayed 

significant year-to-year fluctuations, reflecting its dual dependence on both productivity and 

ecosystem respiration. Left-side memberships led to positive net carbon gains, while right-

side memberships approached neutrality or carbon losses, particularly in years of low 

productivity or increased respiration. These findings underscore NEP’s vulnerability to 

parameter perturbations and the importance of improving model representation of 

respiration dynamics. 

While total biomass was moderately sensitive to parameter variability, it demonstrated 

greater stability compared to GPP and NEP. The steady increase in total biomass over time, 

even under varying fuzzy membership levels, indicates that cumulative growth processes are 

less influenced by short-term uncertainties. Higher total biomass estimates for left-side 

memberships reflected favorable growth conditions, while right-side memberships 

constrained accumulation. This stability suggests that total biomass predictions are robust 

under realistic parameter ranges. In contrast, TSC displayed limited variability across fuzzy 

membership levels but may strongly depend on historical site management, which is often 

undocumented. This introduced uncertainty that was not evaluated in our analysis. While TSC 

buffered short-term fluctuations by integrating long-term carbon inputs, addressing these 

uncertainties requires improved representation of historical LULC in future studies. 

Overall, the analysis highlighted a gradient of sensitivity across ecosystem variables. GPP and 

NEP exhibited the highest sensitivity to parameter uncertainties, particularly those related to 

short-term physiological processes such as stomatal conductance and carbon allocation 

efficiency. Therefore, GPP and NEP were especially vulnerable to input variability. In contrast, 

total biomass showed moderate sensitivity, reflecting its cumulative growth processes that 

were less influenced by short-term fluctuations. TSC, on the other hand, remained remarkably 

stable as a long-term carbon pool, buffering short-term input variability by integrating 

historical carbon dynamics. 

By integrating fuzzy logic and quantifying uncertainty through 90% confidence intervals, this 

study provides a robust framework for evaluating the impact of input variability on model 

predictions. These results underscore the need to reduce parameter uncertainties, 
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particularly for sensitive variables like GPP and NEP. Future research should focus on targeted 

field measurements, improved representation of plant physiological processes, and the 

incorporation of high-resolution observational datasets to enhance model accuracy and 

reliability. 

IMPLICATIONS OF FUTURE SCENARIOS ON CARBON DYNAMICS 

Future simulations under RCP 8.5 and RCP 2.6 underscored the critical influence of LULC 

change on carbon dynamics, highlighting afforestation, deforestation, and shifts in land-use 

practices as key factors driving carbon fluxes (GPP, NEP, NBP) and stocks (total biomass and 

TSC). 

IMPLICATIONS OF THE AFFORESTATION AND BAU SCENARIOS 

The results underscore the pivotal role of afforestation as a robust strategy to enhance carbon 

sequestration. Afforestation increased forest GPP, NEP, and total biomass across both climate 

pathways, reinforcing its potential to offset emissions (Haseeb et al., 2024). These findings 

align with global mitigation efforts to expand forest cover. In contrast, the BAU scenario, 

although maintaining moderate productivity, lacked the transformative capacity to 

significantly enhance carbon storage. Under RCP 8.5, CO2 fertilization boosted pasture 

productivity, but this was insufficient to compensate for rising emissions. These results 

emphasize the need for proactive land management policies beyond current practices. 

SCENARIO-BASED SENSITIVITY ANALYSIS: FOREST SHIFT, PARTIAL DEFORESTATION, 
AND DEFORESTATION 

The sensitivity analysis revealed distinct carbon dynamics across LULC scenarios, with notable 

differences between climate pathways (RCP 2.6 and RCP 8.5). LULC transitions, such as forest 

shift and deforestation, played a critical role in shaping future carbon fluxes and stocks. In the 

forest shift scenario, grasslands maintained high productivity under both climate pathways, 

benefiting from CO2 fertilization. Initially, the conversion of forests to grasslands enhanced 

photosynthesis and carbon fixation by remaining vegetation, consistent with previous studies 

(Prescher et al., 2010). However, from 2046 to 2070, urban expansion significantly altered 

carbon dynamics, with NEP declining to -12 g C m-2 yr-1 and NBP dropping to -23 g C m-2 yr-1, 

signaling a shift from carbon sinks to sources.  
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Additionally, this scenario resulted in approximately 25 Mt C less total biomass than the 

afforestation scenario, although TSC was 4.74% higher, illustrating trade-offs between 

aboveground and belowground carbon pools. 

The partial deforestation scenario exhibited relatively stable GPP trends, with modest 

increases in forest and pasture productivity. However, carbon loss hotspots emerged in areas 

of reduced forest cover or intensified urban pressure, particularly under RCP 8.5. In contrast, 

the deforestation scenario caused the most severe declines, shifting ecosystems from carbon 

sinks to significant carbon sources. Despite minor gains in pasture GPP, these increases could 

not compensate for substantial losses in aboveground and belowground carbon stocks. 

Overall, while grasslands maintained high productivity, their limited sequestration potential 

and susceptibility to fragmentation restricted their ability to offset forest carbon losses. The 

persistence of deforestation hotspots across pathways underscores an urgency for proactive 

LULC policies, such as forest retention and afforestation, to maintain carbon balances and 

enhance ecosystem resilience under future climate scenarios. 

INSIGHTS FROM CARBON STOCK TRENDS 

Total biomass and TSC trends further reinforced the importance of afforestation. Total 

biomass increased substantially under afforestation, reaching 110 Mt C under RCP 2.6, while it 

remained stable in the BAU scenario under both climate pathways. TSC showed resilience, 

maintaining consistent levels across scenarios and pathways, underscoring the long-term 

stability of belowground carbon pools. However, the deforestation scenario led to significant 

reductions in total biomass, reflecting the vulnerability of aboveground carbon storage to 

LULC change. These trends emphasize the dual importance of preserving both aboveground 

and belowground carbon stocks in climate mitigation strategies. 

SPATIAL PATTERNS AND POLICY IMPLICATIONS 

Spatial distribution maps revealed significant heterogeneity in carbon fluxes and stocks 

across LULC scenarios. Afforestation emerged as an effective strategy to mitigate carbon loss 

hotspots, particularly in southern regions. Conversely, urban- and pasture-dominated areas 

consistently exhibited persistent carbon losses, underscoring the need for targeted mitigation 

strategies. The deforestation scenario, on the other hand, led to widespread degradation, 

emphasizing the urgent need for policy interventions to limit forest-to-urban conversions and 
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promote sustainable transitions. Distinct dynamics between RCP 2.6 and RCP 8.5 in the LULC 

scenarios highlighted complex interplay between LULC changes and climate change. While 

afforestation demonstrated substantial potential for enhancing carbon storage (Haseeb et al., 

2024), its success depends on complementary land-use policies that address urban expansion 

and optimize grassland management (Zhao et al., 2023). 

LIMITATIONS AND FUTURE DIRECTIONS 

We acknowledge several key limitations of the current study. The model lacks a 

comprehensive integration of carbon–nitrogen interactions, which are important for 

accurately simulating nutrient dynamics and their influence on ecosystem processes. 

Additionally, it does not account for critical land management practices (grazing and thinning, 

planting of new forest or crop species, etc.), limiting its ability to represent nuanced 

ecosystem processes. In particular, the model does not include thinning, a practice that can 

have important effects on forest carbon stocks and fluxes. Furthermore, the model does not 

adequately address the short-term impacts of extreme climate events, such as the effects of 

storms on forests, which play a significant role in shaping ecosystem carbon dynamics. 

Future research should prioritize improving data assimilation techniques and adopting 

stochastic approaches, such as agent-based modeling combined with high-resolution spatial 

data, to simulate LULC transitions under varying socio-economic and environmental 

conditions (Beckers et al., 2018). Incorporating socio-economic drivers, such as afforestation 

incentives, carbon pricing mechanisms, and urbanization pressures, will address the gap in 

linking LULC changes to human decision-making processes, enhancing the predictive 

capability of LULC models. Additionally, collecting data to integrate thinning as a key forest 

management strategy and advancing uncertainty analysis through the application of type-2 

fuzzy logic will strengthen the model’s robustness and applicability. 

Evaluating ecosystem resilience under extreme events (e.g., droughts, wildfires) and 

extending the analysis to diverse regions will provide deeper insights into carbon dynamics 

and ecosystem functioning. These advancements will also inform climate adaptation and 

mitigation strategies, ensuring the broader applicability of the model in diverse socio-

ecological contexts. 



Published in : Journal of Environmental Management (2025), vol. 375, 124329 
DOI: 10.1016/j.jenvman.2025.124329 
Status : Postprint (Author’s version)  

 

 

 

Conclusion 
This study validates the CARAIB DVM’s ability to simulate regional carbon dynamics by 

integrating high-resolution inputs and species-specific traits. Historical simulations confirmed 

forests as major aboveground carbon sinks and grasslands as contributors to belowground 

carbon stability. Future projections underscored afforestation as a critical strategy to enhance 

carbon sequestration, while deforestation under high-emission scenarios transitioned forests 

from net carbon sinks to sources. Grasslands, although resilient to moderate LULC changes, 

had limited potential to offset forest carbon losses. Uncertainty analysis revealed the 

sensitivity of key ecosystem variables, such as GPP and NEP, to plant physiological 

parameters like stomatal conductance (g0, g1), SLA, and the C:N ratio. Incorporating fuzzy 

logic quantified parameter variability and strengthened the reliability of future projections. 

We identified actionable outcomes from our findings. Policymakers must prioritize 

afforestation programs in regions with high sequestration potential while enforcing stricter 

regulations to limit deforestation, particularly in areas at risk of urban expansion. Additionally, 

sustainable grassland management should be incentivized through subsidies or carbon credit 

systems, recognizing the role of grasslands in belowground carbon storage. Investments in 

advanced monitoring systems and targeted field studies are essential to refine parameter 

accuracy and strengthen future LULC planning. These recommendations provide a clear 

roadmap for enhancing ecosystem resilience and achieving climate mitigation goals under 

changing climatic conditions. 
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