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Abstracts: This study evaluates the effectiveness of a Random Forest model for predicting above-

ground biomass in South Carolina (SC), utilizing diverse remote sensing and climatic data sources. 

SC, with its humid subtropical climate and varied geography, including the Atlantic coastal plain, 

Piedmont, and Blue Ridge Mountains, poses unique challenges for biomass estimation. We 

integrated global biomass datasets for 2010, MODIS vegetation indices (NDVI and EVI), Leaf Area 

Index (LAI) from MOD15A2H, and climate data from TerraClimate. The model was trained using 

2010 data and applied to 2022 datasets to assess biomass changes. To validate the model, plot-level 

biomass estimates from the 2023 FIA data were interpolated using Inverse Distance Weighting 

(IDW). Performance evaluation showed a strong positive correlation between predicted and 

observed biomass, with a correlation coefficient of 0.77 and an R² value of 0.62, indicating that the 

model explains 62% of the variability in biomass. Comparison with IDW-interpolated biomass data 

resulted in a correlation coefficient of 0.64, confirming the model’s validity. Although the Random 

Forest model demonstrated reliable predictions, the study suggests potential improvements by 

incorporating additional data sources and advanced modeling techniques. The findings emphasize 

the value of integrating remote sensing data, machine learning, and interpolation methods to 

enhance biomass estimation accuracy. This research provides crucial insights into biomass 

distribution in SC and establishes a basis for future studies on forest monitoring and carbon 

accounting, highlighting the importance of combining various data sources for comprehensive 

environmental analysis. 

Keywords: machine learning; random forest; inverse distance weighting; forest vegetation 

simulation; google earth engine 

 

1. Introduction 

Forests, covering 31% of Earth’s surface, are fundamental to global ecological balance, biological 

evolution, and community succession [1,2]. They play a crucial role in the terrestrial carbon cycle, 

which includes five primary carbon pools: above-ground biomass, below-ground biomass, dead 

litter, woody debris, and soil organic matter [3]. Among these, above-ground biomass (AGB) is a 

major carbon reservoir and is particularly sensitive to land-use changes such as forest degradation 

and deforestation [2,4]. Thus, precise assessment of AGB is essential for applications such as timber 

extraction, monitoring carbon stocks, and understanding the global carbon cycle [5,6]. 

Traditional methods for estimating AGB rely on in-situ measurements conducted by regional or 

national forest authorities. Although these methods provide high accuracy, they are often localized, 

costly, and inefficient for extensive forest areas [5,6]. To address these limitations, Earth observation 

(EO) and remote sensing technologies have emerged as valuable tools for large-scale AGB estimation. 

Airborne LiDAR (Light Detection and Ranging) is recognized for its precision in modeling AGB, 

offering detailed forest parameter predictions [7–10]. However, the high cost and limited availability 
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of LiDAR data constrain its application to specific regions [11–15]. Consequently, there is a growing 

need for more economically viable and widely accessible data sources for broader regional or global-

scale AGB modeling. Recent advancements in spaceborne remote sensing have significantly 

increased the availability of data sources and their temporal frequency [16]. This expansion has 

spurred interest in utilizing multi-sensor and multitemporal spaceborne data to estimate and map 

forest attributes and monitor changes in forest cover [17]. Compared to traditional methods, these 

technologies offer a more scalable and accessible approach to forest monitoring. 

In the realm of remote sensing, radar and optical imagery are both crucial for AGB estimation. 

Radar technologies, such as the Sentinel-1 synthetic aperture radar (SAR) from the European Space 

Agency, provide high-resolution data that can penetrate clouds and dense canopies. However, their 

effectiveness can be impacted by factors such as topography and vegetation density [18–20]. Optical 

imagery from sources like Landsat and Sentinel-2 (S2) offers valuable data, with Sentinel-2 providing 

higher resolution and additional spectral bands that enhance sensitivity to vegetation and improve 

AGB estimation accuracy [20–23]. Despite these advantages, relying solely on vegetation indices (VIs) 

can be problematic due to issues like canopy shadows and structural variability [24]. Incorporating 

texture measures and terrain factors, such as elevation and slope, can mitigate these challenges and 

further refine biomass estimates [25–27]. 

Selecting appropriate regression models is also critical for accurate AGB estimation. Non-

parametric methods, including artificial neural networks, support vector machines, and random 

forests (RF), are commonly used in heterogeneous areas [28,29]. While RF models are effective, they 

face challenges such as feature selection bias and an inability to fully capture the distribution shape 

of dependent variables [27,30,31]. Advanced models like Regularized Random Forest (RRF) and 

Quantile Regression Forest (QRF) address these issues by offering more nuanced predictions and 

reducing model complexity [32–34]. 

The Google Earth Engine (GEE version 7.3) (https://earthengine.google.com, accessed on 23 April 

2024), with its extensive access to satellite and geospatial data, supports large-scale analyses through 

robust computing resources and a user-friendly interface. GEE has become a valuable tool in various 

research fields, including land cover classification and ecosystem monitoring [35]. In this study the 

already prepared 300m spatial resolution biomass raster was used to develop a model and then 

utilized to predict the future biomass. Biomass assessment was not done for the state of South 

Carolina (SC). It will help to predict the carbon, help to develop next industries to minimize the 

transportation cost, and to apply management as to prevent for future fire hazard. The SC is facing 

lots of fire hazard. Therefore, to address this issue this study aims to leverage GEE to 1) identify key 

factors for predicting above-ground biomass, and 2) implement machine learning models to enhance 

AGB predictions. The biomass assessment is needed for the state of SC to prioritize the area from the 

carbon loss due to fire. [35] identified the fire hazard map, so with this study it will prioritize the area 

based on the biomass to mitigate the carbon loss and help to build the potential timber industries 

based on the biomass hotspot. 

2. Methods 

2.1. Study Area 

This study was conducted in SC, U.S.A. (Figure 1). SC is the 40th-largest and 23rd-most populous 

U.S.A. state, with a recorded population of 5,124,712 according to the 2020 census. In 2019, its GDP 

was USD 213.45 billion. SC is composed of 46 counties. Within SC, from east to west, there are three 

main geographic regions, i.e., the Atlantic coastal plain, the Piedmont, and the Blue Ridge Mountains 

in the northwestern corner of upstate SC. SC has primarily a humid subtropical climate, with hot, 

humid summers and mild winters. Areas in the Upstate have a subtropical highland climate. Along 

SC eastern coastal plain, there are many salt marshes and estuaries. SC southeastern Lowcountry 

contains portions of the Sea Islands, a chain of barrier islands along the Atlantic Ocean. In the 

summer, SC is hot and humid, with daytime temperatures averaging between 30 and 34 °C in most 

of the state, and overnight lows averaging 21–24 °C on the coast and 19–23 °C inland. Winter 
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temperatures are much less uniform in SC. The coastal areas of the state have very mild winters, with 

high temperatures approaching an average of 16 °C and overnight lows around 4 °C. 

 

Figure 1. U.S.A. map and SC state map as the study area. 

2.2. Data Collection 

The Global Aboveground and Belowground Biomass Carbon Density Maps for the Year 2010: 

This dataset offers global maps of aboveground and belowground biomass carbon density for the 

year 2010, with a 300-meter spatial resolution. The aboveground biomass map combines data from 

various sources, including land-cover specific maps for forests, grasslands, croplands, and tundra. 

These maps were compiled from published sources. The belowground biomass map is similarly 

derived, using models that match each aboveground biomass map. Both maps were then integrated 

using tree cover and landcover data through a decision tree method. The dataset also includes maps 

that show the uncertainty in the biomass estimates for each pixel. 

Normalized Difference Vegetative Index (NDVI) and Enhanced Vegetative Index (EVI): The 

Terra MODIS Vegetation Indices 16-Day (MOD13A1) Version 6.1 product provides vegetation index 

values for each pixel at a 500-meter spatial resolution. It includes two main vegetation layers: NDVI, 

which continues the NDVI data from NOAA-AVHRR, and the Enhanced Vegetation Index (EVI), 

which is more sensitive in areas with high biomass. The product selects the best pixel value over a 

16-day period based on criteria like low cloud cover, low view angle, and the highest NDVI/EVI 

value. Additionally, the dataset includes reflectance bands (red, near-infrared, blue, mid-infrared) 

and quality assurance layers. 

Leaf Area Index (LAI): The MOD15A2H dataset from MODIS provides 8-day composite imagery 

with a 500-meter resolution, capturing vegetation data from the Terra satellite. MOD15A2H dataset 

includes LAI, which measures leaf area per unit ground area, and Fraction of Photosynthetically 

Active Radiation (FPAR), indicating the fraction of sunlight absorbed by vegetation. The MOD15A2H 

dataset also features quality layers and standard deviation for both LAI and FPAR, along with lower 
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resolution browse images for quick visualization. MOD15A2H dataset data is valuable for 

monitoring vegetation health and coverage. 

Landcover: The Terra and Aqua combined MODIS Land Cover Type (MCD12Q1) Version 6.1 

product provides global land cover data each year. Landcover is created using supervised 

classifications of MODIS reflectance data from Terra and Aqua satellites. The land cover types are 

based on several classification schemes, including (International Geosphere-Biosphere Program) 

IGBP, (University of Maryland) UMD, (Leaf Area Index) LAI, (Biome-Biogeochemical Cycles) 

BIOME-BGC, and (Plant Functional Types) PFT. After classification, the data undergo additional 

processing to refine the land cover classes using prior knowledge and extra information. The product 

also includes land cover properties assessed by the (Food and Agriculture) FAO Land Cover 

Classification System (LCCS), covering aspects like land use and surface hydrology. Each data file 

contains layers for Land Cover Types 1-5, Land Cover Properties 1-3, Property Assessments 1-3, 

Quality Control, and a Land Water Mask. 

Climate: TerraClimate is a high-resolution dataset offering monthly climate and water balance 

data for global land surfaces from 1958 to 2020, with updates made annually. It combines detailed 

climatological data from WorldClim with time-varying data from CRU Ts4.0 and JRA55 to create a 

comprehensive dataset at a ~4 km spatial resolution. This dataset is particularly useful for ecological 

and hydrological studies requiring accurate, time-varying inputs. TerraClimate includes 

temperature, precipitation, vapor pressure, solar radiation, and wind speed data, as well as monthly 

surface water balance metrics using a model that incorporates evapotranspiration, precipitation, and 

soil water capacity. 

TerraClimate has been validated against several station-based observations, showing strong 

accuracy and improved spatial detail compared to its parent datasets. It also offers future climate 

projections for scenarios with global temperatures 2°C and 4°C above pre-industrial levels, using data 

from 23 global climate models. However, the dataset inherits long-term trends from its parent data, 

may not capture finer temporal variability in complex terrains, and uses a simple water balance 

model that doesn’t account for changes in vegetation types. Validation is also limited in data-sparse 

regions like Antarctica, and there may be unrealistic extrapolations in some high-elevation areas. All 

these datasets (Figures 2 and 4) were used for model building. 

 

Figure 2. General workflow from data preparation to final predictions. 

2.3. Data Analysis 

The Forest Vegetation Simulator (FVS accessed on 02 May 2024): It is a sophisticated model used 

extensively in the United States to predict forest growth, disturbances, and the impacts of various 

management practices at the stand level. By incorporating forest inventory and analysis (FIA) data 
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and allowing for self-calibration, FVS provides insights into forest development, biomass, carbon, 

wildfire risk, and pest management over time. The FIA data (Figure 3) for the year of 2022 was 

imported in the FVS and then simulation was done for above ground biomass estimation. The 

biomass obtained from the FVS was later added to each plot manually in ArcGIS pro to develop 

interpolated biomass raster. 

 

Figure 3. The Hotspot of the aboveground biomass obtained from the FVS simulation with the 495 

FIA data. 

Inverse Distance Weighting (IDW): It is a spatial interpolation technique used in ArcGIS Pro 

version 3.2.2 to estimate values at unsampled locations based on the values of nearby sampled points. 

The method assumes that points closer to the location of interest have a greater influence on the 

estimated value than those farther away. IDW assigns weights to each sampled point inversely 

proportional to their distance from the location being estimated, resulting in a smooth surface that 

reflects the spatial distribution of the data. It is particularly useful in fields like environmental science, 

agriculture, and meteorology, where understanding spatial patterns is crucial. 

Terra Climate data provided variables such as minimum and maximum temperatures, vapor 

pressure, soil moisture, precipitation accumulation, runoff, and wind speed. Vegetation indices like 

NDVI and EVI were derived from the MODIS Vegetation Indices 16-Day (MOD13A1) dataset, while 

Leaf Area Index (LAI) and Fraction of Photosynthetically Active Radiation (FPAR) were obtained 

from the MOD15A2H product. Land cover data was extracted from the combined Terra and Aqua 

MODIS Land Cover Type dataset, and global biomass data contributed to the above-ground biomass 

metrics. The vegetative data were used based on the previous literature review however the past 

studies found that incorporation of the climatic data increase the accuracy of biomass prediction. 
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Figure 4. Dataset used for model development and prediction. 

To ensure consistency, all datasets were multiplied by their respective scale factors for model 

building. The temporal focus was set from May to September 2010 to minimize the effects of the fall 

season, enhancing the model’s predictive power. A shapefile for SC was imported in GEE from 

Tiger/Line (accessed on 02 May 2024) shapefile website (2023 TIGER/Line® Shapefiles (census.gov)), 

and a Random Forest model was trained using 80 points at a 500m scale. Large area was utilized, so 

500m scale was given for less processing time. The model was built using the smile random forest 

code in Earth Engine, and the correlation between the actual and predicted above-ground biomass 

was analyzed to assess model accuracy at 10000 scale. This comprehensive approach leveraged 

multiple data sources and advanced modeling techniques to improve predictions of biomass and 

other key environmental variables [36–39]. 

Normalized Difference Vegetation Index (NDVI) 

NDVI = (NIR-RED) / (NIR+RED)      1 

Enhanced Vegetation Index (EVI) 

EVI = 2.5× (NIR−RED)/ (NIR+6×RED−7.5×BLUE+1)   2 

Leaf Area Index (LAI) 
LAI = −ln(1−NDVI)/k          3 

Fraction of Photosynthetically Active Radiation (FPAR) 
FPAR= (LAI×E×S)/ (S+LAI)       4 

The model, originally developed with 2010 data, was applied to the 2022 dataset for SC using 

GEE to predict above-ground biomass. This prediction utilized a range of environmental variables 

and vegetation indices, providing a comprehensive analysis for the 2022 scenario. In addition, the 

FIA data from 2023 for SC, obtained from the United States Forest Service, were imported into the 

FVS. The resulting plot-level biomass estimates were interpolated across the state using IDW to 

provide an overall biomass distribution for SC. The predicted biomass values were compared with 

biomass estimates generated by the Inverse Distance Weighting (IDW) to improve spatial accuracy. 

To evaluate the model’s performance, a correlation analysis was conducted between the biomass 

predicted by the model and the biomass obtained from interpolation using FIA data. The inbuilt 

python in ArcGIS pro was used to test the correlation of two raster. The arcpy library was imported 

and then analysis was done. Each raster was converted to the same projection and the scale to see the 

correlation of the each overlapping pixel. This analysis was crucial for assessing the model’s accuracy, 

validation and identifying areas for potential improvement. This integrated approach, combining 

advanced remote sensing, machine learning, and interpolation techniques, ensured a precise and 

thorough analysis of biomass distribution in the region. 
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Random Forest (RF) is a powerful non-parametric machine learning algorithm widely used for 

both regression and classification tasks. In regression, RF constructs many simple decision trees using 

subsets of independent variables, such as point cloud-derived metrics, to estimate the dependent 

variable, such as above-ground biomass (AGB). One of the key advantages of RF regression is that it 

does not require the assumption of normally distributed data, making it highly adaptable to complex, 

non-linear relationships, such as those between LiDAR metrics and forest biomass. This machine 

learning tool enhances predictive accuracy through bootstrap aggregation, commonly known as 

bagging. The RF model is governed by two primary parameters: the number of predictor variables 

(Mtry) and the number of decision trees (Ntree). The Mtry parameter, which represents the number 

of randomly selected variables at each tree node, was automatically optimized in the modeling 

process. The Ntree parameter, which dictates the number of trees grown in the model, was set to 500, 

ensuring robust model performance. In this paper, the RF algorithm was used to predict AGB from 

global biomass data and other vegetative and climatic variables. 

Model Evaluation of the Spatial Prediction Methods for Above-ground Biomass: In this study, 

geostatistical model was developed and applied for biomass prediction. It is necessary to validate the 

model and to check the efficiency. We applied cross-validation to assess the performance in 

estimating the spatial distribution of biomass. The basic statistics such as mean error (ME), average 

standard error and the root mean squared error (RMSE) shown in Eqs. 5 and 6 were applied to check 

the efficiency of model in spatial predictions of biomass in this region. These statistical methods 

measure the difference between the known data and the predicted data, thus assess the performance 

and accuracy of model predictions [40]. 

ME = 
1

𝑁
∑ (𝑒^𝑖  − 𝒆𝒊 )

𝑁
𝑖=1         5 

RMSE =√
1

𝑁
∑ ( 𝑒^𝑖  − 𝒆𝒊 )

𝑁
𝑖=1

2       6 

where N is size of the sample in the dataset, 𝑒^𝑖 is the forecast estimated biomass value, e i is the 

biomass values used for prediction. 

3. Results 

To evaluate the performance of the model, a correlation analysis and calculation of the coefficient 

of determination (R²) were conducted between the predicted above-ground biomass and the original, 

observed above-ground biomass. R² a statistical measure that explains the proportion of the variance 

in the dependent variable that is predictable from the independent variable(s) in a model. It provides 

an indication of how well the model’s predictions match the actual data. The correlation coefficient, 

which measures the strength and direction of the linear relationship between the predicted and actual 

biomass, was found to be 0.77 at 10000 scale. This indicates a strong positive relationship, suggesting 

that the model’s predictions are closely aligned with the observed data. The feature importance 

(Figure 5) revealed that the NDVI has the highest importance followed by EVI. The factors having 

lower importance were dropped for model development. 

Additionally, the R² value was calculated to be 0.62. The R² value, or coefficient of determination, 

represents the proportion of variance in the observed biomass that can be explained by the model’s 

predictions. An R² of 0.62 implies that 62% of the variability in the actual above-ground biomass is 

accounted for by the model, while the remaining 38% is due to factors not captured by the model or 

inherent variability in the data. These results (Figure 6) demonstrate that the model provides a 

reasonably accurate prediction of above-ground biomass, capturing a significant portion of the 

variance while also highlighting areas where the model could potentially be refined to improve 

predictive accuracy further. The mean error should ideally be zero if the interpolation method is 

unbiased. The root mean square standardized prediction error was 12.56 and mean error was found 

-7.22. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 September 2024                   doi:10.20944/preprints202409.1867.v1

https://doi.org/10.20944/preprints202409.1867.v1


 8 

 

 

Figure 5. Feature importance of different factors used for prediction of the above ground biomass. 

 

Figure 6. The observed vs predicted above ground biomass from 2010 data. 

The biomass prediction utilized 2022 data, with comparisons made between the predicted 

above-ground biomass from a Random Forest model and an IDW map derived from FIA plot data 

using the Forest Vegetation Simulator (FVS). To ensure accurate comparison, both raster (Figure 6) 

was resampled and aligned to the same projection, resulting in a correlation coefficient of 0.64. While 

the interpolation of plot data across the entire state was limited by the relatively small sample size of 

495 plots, the observed positive correlation supports the validity of the prediction. In a related study, 
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[35] employed neural networks and correlation coefficients to predict fire hotspots. Prioritizing the 

overlapping areas to both biomass or carbon and fire regions can significantly aid in managing and 

mitigating carbon loss. 

 

Figure 7. Map of the predicted biomass from the model developed by the 2010 data and the 

interpolated biomass map obtained after the simulation of FIA data using FVS. 

4. Discussion 

Climate change and extreme events, such as changes in precipitation and increased drought 

frequency, significantly impact the prevalence and structural characteristics of forests. Past studies 

used regression equations, both linear and nonlinear, are commonly used to estimate biomass in 

various plantings [41], nonlinear was used for this study. The accuracy of different models can vary, 

with Random Forest models often providing comparable or superior performance in some cases [41].. 

The techniques and methodologies employed in this study are well-established in the fields of remote 

sensing and machine learning. We effectively integrated global above ground biomass data with 

machine learning algorithms, focusing on vegetation indices, climatic, landcover and Euclidean 

raster to capture key characteristics of forest biomass with high accuracy. The Random Forest (RF) 

model showed outstanding predictive performance, with an R² value of 0.62, which is considered 

okay for AGB estimation. Similarly, [42] demonstrated that combining multiple remote sensing data 

sources, such as LiDAR, optical, and SAR, with tree-based machine learning models, achieved an R² 
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value of 0.81 for AGB estimation. However, their use of object-based image analysis (OBIA) 

outperformed pixel-based methods in terms of accuracy. In a related study, [43] reported that 

gradient boosting decision tree (GBDT) models, when combined with spectral indices, achieved an 

R² of 0.99 in mixed-species forests, indicating a slight improvement in accuracy with multi-source 

data and advanced machine learning techniques. Our predictor variables were carefully selected such 

as vegetation indices (e.g., NDVI, LAI, FPAR, EVI), climatic variables (e.g., minimum temperature, 

soil moisture, vapor pressure, precipitation accumulation, wind speed, surface runoff, maximum 

temperature), Euclidean distance of road raster and landcover effective for assessing vegetation 

health and biomass. By selecting these relevant variables, we enhanced the model’s predictive 

capability without needing a vast array of remote sensing data. This approach highlights that a 

thoughtfully chosen to set of predictors can produce highly accurate results with a limited number 

of variables. 

The incorporation of climatic variables for biomass prediction increased the R2. Elevation, slope, 

and the topographic wetness index (TWI) serve as proxy indicators in models predicting 

aboveground biomass (AGB), capturing various biophysical and biological processes that affect 

vegetation growth and distribution patterns [44]. By integrating these topographic variables, 

researchers can better understand the complex interactions between topography, climate, and 

vegetation [45] resulting in more accurate and ecologically meaningful predictions of AGB across 

different landscapes [46]. However, in our case the incorporation of the topographic factors predicted 

less. The incorporation of the Euclidean distance of roads increased the model accuracy. The 

Topographic Wetness Index (TWI), which serves as an important indicator of soil-water retention 

crucial for vegetation health, has been identified as a significant factor for estimating aboveground 

biomass (AGB) in forest ecosystems with nonlinear regression models [47]. However, did not work 

well in this study. Our research carefully examined the process of selecting predictors for accurately 

mapping aboveground biomass (AGB) in forested regions. The study effectively pinpointed the most 

influential predictors for this purpose, which were categorized into four distinct variable groups: 

climatic, vegetative indices, landcover and Euclidean distance. The Random Forest (RF) method 

proved to be highly effective as a modeling approach across all variable groups, highlighting its 

strong capability for forest AGB prediction. This preference for the RF algorithm is consistent with 

previous findings reported in the academic literature [48–51]. 

This study used the already predicted 300m spatial resolution biomass, used that to build the 

model and predict the 2022 biomass. The vegetation indices were used in previous studies, but 

incorporation of climatic condition gave better accuracy. The feature importance analysis revealed 

that the NDVI gave the highest importance compared to other variables used to study which aligned 

to the past studies. [52,53] used Sentinel-2 imagery with an RMSE of 40.16 t/ha for estimating pine 

forest biomass, while [54] found multiple linear regression to be more accurate for single-storied 

forests compared to Random Forest when using Sentinel-2 data. 

Recent advancements in machine learning have shown that incorporating various data sources 

and methods can enhance biomass estimation accuracy. Research by [41] demonstrated the 

effectiveness of Random Forest, Support Vector Regression (SVR), and Artificial Neural Networks 

(ANN) for biomass estimation. Adding Synthetic Aperture Radar (SAR) data from Sentinel-1 to SVR 

models improved accuracy, with significant reductions in root mean square deviation for biomass 

and stand height estimates [55]. Our study got the root mean standardized error 12.46, however 

getting data from better spatial resolution sensor and combining with the ground truth data, might 

lead to better accuracy. Combining remote sensing data from various satellites with field data has 

also been shown to strongly correlate with aboveground biomass, underscoring the value of 

integrating multiple data sources and modeling techniques [56,57]. This study utilized the only 

vegetative indices, landcover, Euclidean raster of road and the climatic factors for development and 

prediction. Lack of ground data for model development might be the reason for less R2. Similarly, the 

larger extent of the study area might be another reason for less accurate as some studies in past 

predicted better for small areas with ground data. The predicted model was later compared with the 

interpolated raster obtained from IDW for validation. This study helps to predict the visual biomass 
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change from 2010 to 2022, so prioritization can be done in areas for management to prevent future 

hazard. 

5. Conclusions 

This study demonstrates the effectiveness of integrating various data sources and advanced 

modeling techniques to predict above-ground biomass in SC. The Random Forest model, leveraging 

2010 data and applied to 2022 datasets, achieved a strong correlation coefficient of 0.77 and an R² 

value of 0.62, indicating a robust predictive capability that captures substantial variability in biomass 

data. By incorporating global biomass maps, MODIS vegetation indices, Leaf Area Index (LAI), and 

TerraClimate data, the model provided a reliable framework for biomass estimation. The NDVI gave 

the highest importance for model development compared to other factors used for study. However, 

the study also highlights the potential for further accuracy improvements by integrating additional 

high-resolution data sources such as Sentinel-2 imagery or Synthetic Aperture Radar (SAR) data. 

Comparative analysis with other methods, including Inverse Distance Weighting (IDW) and the 

Forest Vegetation Simulator (FVS), underscores the strengths and limitations of different modeling 

approaches. The strong correlation between predicted biomass and interpolated data from FIA 

supports the model’s application in environmental management and carbon accounting. The findings 

emphasize the importance of combining remote sensing, machine learning, and interpolation 

techniques to refine biomass predictions. Overall, this study contributes valuable insights into 

biomass distribution in SC, providing a foundation for future research in forest monitoring and 

management. Focusing on areas with high biomass for management could help reduce carbon loss 

due to fire and offer economic opportunities through sustainable resource utilization. Future research 

should explore incorporating more diverse data sources and advanced modeling techniques to 

enhance biomass prediction accuracy and address the inherent variability in these estimates. 
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