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Abstract. Accurate estimation of soil organic carbon (SOC) in forest ecosystems is essential for quantifying their contribution 12 

as carbon sinks and improving management strategies in the face of climate change. The objective of this study was to model 13 

the SOC content in Pinus halepensis forests by integrating structural variables derived from airborne LiDAR (Light Detection 14 

and Ranging) data with soil and forest inventory data. The study involved systematic soil sampling and a forest inventory on 15 

a plot covering 46.8 hectares in northern Spain. The use of LiDAR technology also provided 87 structural metrics for the plot. 16 

LiDAR metrics were then integrated with edaphic, dendrometric and stand variables to build predictive models of SOC stock 17 

by applying multivariate regression and machine learning techniques.  18 

The results showed an average SOC of 20.33 Mg C/ha, with values ranging from 9.49 to 53.16 MgC /ha depending on bulk 19 

density, coarse fraction and total carbon concentration values, which ranged from 0.63% to 5.08%. In Outcomes of the 20 

modelling process indicated that the Random Forest algorithm performed best (R² = 0.81; RMSE = 7.73 Mg C/ha; MAE = 21 

6.13 Mg C/ha), demonstrating adequate predictive capacity compared to other models. The research design made it possible 22 

to evaluate the potential of LiDAR data, acquired from airborne laser scanning (ALS) for general mapping programmes, as an 23 

effective tool for SOC estimation. This empirically validated procedure provides a useful methodological basis for advancing 24 

in SOC estimation through remote sensing and improving the quantification of soil-related ecosystem services. Our approach 25 

can assist forest managers and stakeholders in designing evidence-based strategies for soil carbon conservation in climate 26 

change scenarios such as those that affect Mediterranean Pinus halepensis stands, where drought and aridity may significantly 27 

influence SOC dynamics. 28 

 29 

1. Introduction 30 

Soil monitoring has become a central topic in the most recent European Union Environmental Strategies to ensure the 31 

sustainability of ecosystems (Panagos et al., 2020). The Soil Monitoring Law was approved in December 2025, to as a basis 32 
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for assessing, monitoring and improving soil health and resilience. It is the first common legal framework for soils in Europe, 33 

aimed at achieving healthy soils by 2050 (European Commission, 2021).  34 

Under the new legistation, several parameters will be estimated to assess soil health status locally (enabling farmers and forest 35 

owners to analyse the impact of their management practices) and nationally (enabling countries to provide more information 36 

on the state of their soil resources (Rabot et al., 2024)). Soil organic carbon (SOC) is a basic indicator of soil health status, due 37 

to its importance in providing ecosystem services and supporting ecosystem functions (Navarrete-Poyatos et al., 2019). The 38 

role of SOC acquires even greater significance in areas that are more vulnerable to aridity (Chevallier et al., 2016). Climate 39 

change, is already altering Mediterranean forest dynamics by reducing carbon storage capacity and increasing the risk of 40 

desertification (del Río et al., 2008). 41 

LiDAR (Light Detection and Ranging) is an active laser technology that is widely used in forest studies (Dassot et al., 2011; 42 

Borsah et al., 2023) due to its ability to accurately characterize canopy structure and estimate variables such as biomass or tree 43 

height (Oehmcke et al., 2021). By emitting and recording laser pulses, LiDAR technology allows us to characterize the three-44 

dimensional forest canopy by generating metrics that describe canopy density, average or maximum tree height and other 45 

biomass attributes (Lefsky et al., 2002; Tupinambá-Simões et al., 2025). Advances in remote sensing techniques such as 46 

airborne laser scanning (ALS) (Navarro Cerrillo et al., 2018) have improved field inventories. Increasingly available national 47 

airborne LiDAR datasets in countries with systematic acquisition programs create new opportunities to upscale SOC estimation 48 

beyond plot-level assessments. When combined with a few basil soil observations, LiDAR-derived structural metrics can 49 

support spatially explicit SOC mapping over large areas, thereby contributing to more efficient and cost-effective soil 50 

monitoring strategies.  51 

SOC is affected by different factors that regulate site fertility and productivity, including climate, vegetation, topography, 52 

edaphic (chemical, physical and biological) properties of the soil or bedrock, and land use and management practices (Lal, 53 

2005; Schmidt et al., 2011; Ruiz-Peinado et al., 2017; Mayer et al., 2020). Canopy structure strongly influences the quantity 54 

and quality of carbon inputs and the soil microenvironment that regulates soil organic matter decomposition and stabilization. 55 

Forests with greater canopy height and more complex vertical structure typically produce larger quantities of litterfall and 56 

deeper, more extensive root systems (Norby et al., 2021). Aboveground litter provides a primary source of particulate organic 57 

matter, while root biomass and rhizodeposition supply carbon directly to deeper mineral soil horizons and support microbial 58 

pathways for SOC stabilization (Villarino et al., 2021). Structural complexity also modulates soil microclimate by influencing 59 

light penetration, temperature, and moisture regimes on the forest floor (Scherrer & Körner, 2011). Fine-scale LiDAR 60 

structural metrics correlate with understory microclimate conditions that affect microbial activity and decomposition rates, 61 

drawing attention to how canopy structure indirectly controls below-ground dynamics (Gril et al., 2023; Zellweger et al., 2019) 62 

that are fundamental to SOC accumulation and turnover across forest ecosystems. 63 

Modelling has been used to estimate SOC at different scales. Recent studies have shown high accuracy in estimating SOC, 64 

total nitrogen (TN) and other soil properties using LiDAR-generated, high-resolution digital elevation models (DEMs) (Zhou 65 

et al., 2020; Zou et al., 2024). Environmental variables have been used to improve prediction accuracy (Mendes & Sommer, 66 
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2023). High-resolution multispectral sensors such as Sentinel-2 (S2), have also been used to quantify SOC content (Castaldi 67 

et al., 2019; Zhou et al., 2020; Amarnath et al., 2024). Similarly, topography-based Relief Prediction and Classification 68 

Systems (RPCS) have proven advantageous for estimating SOC dynamics (Li & McCarty, 2018). Other researchers have fitted 69 

models for forest structural variables using LiDAR data and algorithms such as k-nearest neighbors (KNN) or Random Forest 70 

(RF) (Yavari & Sohrabi, 2019; Adhikari et al., 2023; Pereira et al., 2023; Strunk & McGaughey, 2023). Rasel et al. (2017) 71 

predicted SOC by combining airborne LiDAR metrics (elevation, forest type and aboveground biomass) with the Random 72 

Forest algorithm. Navarro Cerrillo et al. (2018) designed a methodology to facilitate silvicultural decision-making in forest 73 

management by estimating SOC in Pinus halepensis stands in southern Spain using the KNN algorithm. Moreno Muñoz et al. 74 

(2024) developed a model using the RF algorithm to estimate SOC in mangrove ecosystems along the southern Pacific coast 75 

of Colombia, demonstrating the potential of machine learning techniques to predict edaphic variables in tropical coastal 76 

environments. Other studies have highlighted the usefulness of airborne LiDAR data in predicting soil properties. For example, 77 

Li et al. (2016) evaluated the effectiveness of LiDAR-derived variables for estimating surface soil horizon properties in a Pinus 78 

koraiensis forest and demonstrated their usefulness as predictors of soil properties, with coefficients of determination (R²) 79 

ranging from 0.46 to 0.66. Hounkpatin et al. (2021) subsequently compared global and local models for predicting SOC stocks 80 

in Swedish forests using national forest inventory data and digital soil mapping approaches. Their findings suggested that local 81 

calibration has the potential for higher accuracy. Other studies applied a complex methodology that combined field data with 82 

metrics derived from airborne LiDAR to estimate changes in SOC stocks at the stand level, using the Yasso15 model to 83 

simulate edaphic carbon dynamics (Strîmbu et al., 2023).  84 

Pinus halepensis Mill. is one of the most widely distributed Mediterranean conifers, covering approximately 3.5 million 85 

hectares from the Iberian Peninsula to the eastern Mediterranean region, thanks to its high ecological plasticity and capacity 86 

to tolerate semiarid climates and nutrient-poor soils (Derak & Cortina, 2014; Alsanousi et al., 2025). This species acts as an 87 

early colonizer of disturbed ecosystems, efficiently regenerating in bare soils with limited water availability (Serrada et al., 88 

2008). Land-use conversion from agriculture to forest through afforestation can generate substantial carbon stocks over several 89 

decades (Charro et al., 2008). However, silvicultural practices such as systematic clear-cutting and selective thinning have 90 

been shown to influence growth, carbon storage and sequestration dynamics in P. halepensis plantations in central Spain (De 91 

las Heras et al., 2012; Lull et al., 2024). Altogether, its protective functions, its ability to stabilize soil, its contribution to 92 

hydrological regulation and its relevance in providing ecosystem services reinforce the role of P. halepensis as key species for 93 

restoration in the Mediterranean region (Derak & Cortina, 2014). 94 

The current ecological context requires accurate methodologies for quantifying and monitoring SOC. When integrating 95 

LiDAR-derived structural data with soil and forest inventory variables, issues such as scale mismatches, spatial resolution and 96 

model generalisability must be addressed, particularly in heterogeneous Mediterranean landscapes. Accordingly, the objective 97 

of this study is to model the SOC content in Pinus halepensis forests by integrating structural variables derived from airborne 98 

LiDAR data with soil and forest inventory data. The aim is to generate SOC estimates that can be applied to forest management 99 

in Mediterranean environments and contribute to the development of more accurate and efficient methodologies for soil carbon 100 
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monitoring. This aligns with the EU goal of achieving reliable SOC estimates, which constitute a key indicator for assessing 101 

forest health. 102 

 Accordingly, to advance in the area of SOC estimation, this study is designed around two working hypotheses: 103 

a). LiDAR-derived metrics can be related to SOC stocks in Mediterranean Pinus halepensis forests. 104 

b). Machine learning approaches may outperform parametric models in predicting SOC. 105 

1. Materials and methods 106 

2.1 Description of the study area 107 

The study area (Figure 1) is located in Ampudia, (Palencia province, Castilla y León) in northern Spain (41º 51'48‘’ N; 4º 108 

46'13‘’ W). Situated at 860 meters above sea level (masl), the area features a sub-Mediterranean continental climate (Dsb) 109 

(AEMET, 2024) with an average temperature of 11.3 ºC. The average annual rainfall was 393 mm for the time series from 110 

1995 to 2024. The study site comprised an afforested Pinus halepensis stand (60 years old); in its lower stratum, Quercus 111 

faginea Lam. is sporadically present and clearly subordinate in terms of coverage and dominance. Table 1 shows the main 112 

dendrometric and stand variables of the study area (de los Bueis Mellado, 2017). 113 

Table 1. Main dendrometric and dasometric variables obtained from the forest inventory 114 

N 

(trees/ha) 
Ht (m) Ho (m) Dbh (cm) 

G 

 (m²/ha) 

 

845 

 

8.5 

 

10.1 

 

17.7 

 

23.20 
 

 115 

Note: N = number of trees per hectare; Ht = average total height; Ho = dominant height; Dbh= diameter at breast height; G = 116 

basal area 117 

 118 
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 119 

Figure 1. Location and spatial distribution of the study plots within the experimental study area.    Note: 120 
the plots are overlaid on a PNOA orthophoto using UTM Zone 30N projection and the ETRS89 coordinate system. 121 

2.2 General methodology 122 

Data from three sources (soil sampling data, forest inventory variables and LiDAR metrics) were integrated to model SOC in 123 
this study (Figure 2). Soil sampling data parameters were determined for estimating soil carbon stock. The forest inventory 124 
provided dendrometric variables to estimate biomass and other tree and stand variables using allometric equations and tree 125 
carbon measurements. Finally, processed LiDAR datasets from the Spanish National Aerial Orthophotography Plan (PNOA 126 
in Spanish) were used to determine structural stand variables.  127 
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 128 

Figure 2. Methodological road map of the study 129 

Note: OM: organic matter; BD: bulk density; CF: coarse fraction; C: carbon 130 

 131 

2.3 Soil sampling and laboratory analyses 132 

To begin the study, 34 plots were established for soil sampling. A systematic sampling design was applied to the entire study 133 

area (46.8 ha). All plots were georeferenced using high-precision, sub-meter GPS to ensure the replicability of the sampling 134 

design and facilitate accurate integration with the forest inventory and LiDAR metrics datasets.  135 

Mineral soil samples were taken in each plot at a depth of 0-10 cm. Each plot was divided into four subplots, from each of 136 

which 6 – 8 individual randomized samples were taken and composited into one homogenized sample per plot. Samples were 137 

transported to the laboratory, where mineral soil samples were air-dried, sieved and the percentage of coarse fraction ([Ø > 2 138 

mm]) determined. In each sample, bulk density was calculated through the core method (Blake & Hartge, 1986) with 139 

volumetric steel rings and soil dry weight. 140 

Soil organic matter was determined by the Walkley and Black method (de Vos et al., 2007), based on the partial oxidation of 141 

organic carbon with potassium dichromate in an acidic medium. After the reaction, the excess or unconsumed dichromate was 142 

titrated with ferrous ammonium sulphate (Mohr’s salt) in the presence of diphenylamine as an indicator. The percentage of 143 

easily oxidizable organic carbon was calculated from the used volume of this compound and the dry weight of the sample. To 144 

determine the total carbon in the soil, the total organic matter was divided by 1.724 (MAPA, 1994) [Eq. (1)].  145 

 146 
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𝑆𝑂𝐶 =  
𝑆𝑂𝑀

1.724
  

 

(1) 

 147 

Accumulated SOCi (Mg C ha⁻¹) [Eq. (2)] was calculated from C concentration, bulk density, soil layer thickness and the 148 

percentage of coarse fraction (MAPA, 1994) using the following equation [Eq. (2)] (Lee et al., 2009): 149 

 150 

𝑆𝑂𝐶𝑖 =  𝑂𝐶𝑖 ∗  𝐵𝐷𝑖 ∗ (1 − 𝐶𝐹𝑖) ∗ 𝑡𝑖 ∗ 100   (2) 

  

Note: SOCi is the C stock (Mg C ha-1) at depth i; i: 0-10cm; OCi is the organic C content of the soil fraction at depth i; BDi is the bulk density 151 

at depth i (Mg/m3); CFi is the volumetric content of the coarse fraction at depth i (%) and t is the horizon thickness of depth i (m). 152 

 153 

All soil analyses were carried out at the ETSIIAA soil laboratory (University of Valladolid). 154 

2.4 Forest inventory and generation of equations for quantifying biomass and carbon 155 

Diameter at breast height (Dbh, with CODIMEX L manual caliper) and total height (Ht, with high-precision GEO Vertex 156 

Laser) were recorded for 250 selected trees (Dissanayake, 2024) to develop a site-specific height – diameter equation. Several 157 

models were tested (linear, exponential, logarithmic, polynomial and potential) using SAS software (SAS Institute Inc., 2025) 158 

to identify the best fit for the Dbh –  Ht relationship in the study area. The selected equation was subsequently used to estimate 159 

tree biomass (W) using species-specific allometric models for Pinus halepensis (Ruiz-Peinado et al., 2011), separated into the 160 

following biomass fractions: Ws: stem with bark (commercial volume, up to a maximum diameter of 7 cm), Wmb: medium 161 

branches (diameter between 2 and 7 cm), Wthinb: thin branches (diameter smaller than 2 cm) and Wr: coarse roots. 162 

Aboveground biomass (Wa) was defined as the sum of the aboveground biomass fractions of all live trees (Ws, Wmb, Wthinb). 163 

Tree carbon (C) fixation was determined by multiplying each biomass value by a generic C concentration of 50.0%, based on 164 

Kollmann (1959) and the Intergovernmental Panel on Climate Change (IPCC) recommendations (Penman et al. 2003). 165 

  166 
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2.5 ALS data from the PNOA and data processing 167 

The LiDAR-ALS point clouds were obtained from the PNOA program, which provides pre-classified, quality-controlled 168 

datasets of validated ground classifications according to national accuracy standards. The main sensor used for collecting ALS 169 

data was the Leica ALS80. Technical specifications for the data, gathered in 2019 during flight over the study area, are 170 

presented in Table 2. 171 

Table 2. Technical specifications for the second coverage of the PNOA – LiDAR project. Source: PNOA 172 

Minimum point density 0.5 – 2 points/m2 

Year of flight 2019 

Geodetic reference system ETRS89 huso 30 N 

RMSE Z ≤ 20 cm 

Estimated planimetric accuracy ≤ 30 cm 

Simultaneous image Yes 

File size 2 x 2 km 

File format LAS 1.2 format 3 

DEM grid spacing 2 m x 2 m 

RMSE Z (DEM) ≤ 25 cm 

Estimated planimetric accuracy (DEM) ≤ 50 cm 

Note: RMSE Z = Root mean square error of the vertical (Z) coordinate; DEM = Digital Elevation Model. 173 

 174 

LiDAR data were downloaded from the PNOA portal in .LAS format along with selected map sheets that fully covered the 175 

study area (Figure 3). The datasets were spatially cropped using a previously digitized vector layer that precisely delimited the 176 

perimeter of the area under study. All LiDAR data was processed at the plot scale, treating each sampling unit independently. 177 

Data was processed in the R programming environment (Version 4.4.1; R Core Team, 2024) using a combination of geospatial 178 

and LiDAR-specific packages, including lidR, lidRmetrics, terra, and sf (Pebesma, 2016, 2019, 2023; Hijmans, 2025; 179 

Tompalski, 2025; Roussel, 2026). The lidR package was used for point cloud manipulation, terrain and canopy model 180 

generation, height normalization, individual tree detection, and extraction of forest structural metrics (Roussel et al., 2020; 181 

Peter et al., 2021). 182 

The .LAS files were read to extract the point cloud, including spatial reference information and point-level attributes. To 183 

optimize memory usage and computational efficiency, only essential attributes (X, Y, Z coordinates, classification, and 184 

intensity) were retained. Non-essential points were filtered out and processing was restricted to relevant returns, to reduce data 185 

volume. 186 

Ground-related points were then identified using a height-based filter, assuming that returns below 2 m corresponded 187 

predominantly to terrain surfaces. This assumption is consistent with field observations in the study area, where understory 188 
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vegetation is sparse and consists mainly of Quercus regeneration that rarely exceeds 2 m in height. It is important to note that 189 

this height threshold was applied exclusively for Digital Terrain Model (DTM) generation and not for vegetation structural 190 

analysis. 191 

The DTM was generated using terrain-classified points only, at a spatial resolution of 0.5 m, and using the Inverse Distance 192 

Weighting (IDW) interpolation method. IDW was selected for its robustness and consistency when interpolating continuous 193 

surfaces from moderately dense point clouds and for its stable performance across plots with variable point distributions. 194 

Interpolation parameters were set to k = 10 nearest neighbours and power parameter p = 2, following common practice in 195 

geospatial applications (Shepard, 1968; Moussa & Abboud, 2024). 196 

Subsequently, the LiDAR point cloud was height-normalized relative to ground level by subtracting the DTM elevation from 197 

all non-terrain returns. From the normalized point cloud, the Canopy Height Model (CHM) was generated at a spatial resolution 198 

of 0.5 m using the pit-free algorithm, which combines multiple height surfaces to reduce artificial depressions in canopy 199 

representation (Khosravipour et al., 2014). 200 

Tree tops were identified from the CHM through a local maxima detection approach. Individual tree crowns were then 201 

delineated using the segmentation algorithm developed by Dalponte et al. (2016), which applies a region-growing procedure 202 

guided by CHM-derived height peaks. The selected spatial resolution and the LiDAR point density available in the study area 203 

allowed for reliable detection and segmentation of individual trees, particularly in the dominant and co-dominant canopy 204 

layers. 205 

Once individual trees had been segmented, forest structural variables were extracted at tree level. Metrics were extracted using 206 

the lidRmetrics functions in conjunction with the lidR package, following conventional approaches to characterizing canopy 207 

structure and biophysical properties from airborne LiDAR data (Lefsky et al., 2002). Extracted variables included height-based 208 

and structural descriptors that were subsequently aggregated and used in the SOC modelling framework.  209 
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 210 

 211 

Figure 3. Conceptual map for LiDAR data processing 212 

After individual tree detection and crown segmentation, LiDAR-derived structural metrics were computed and aggregated at 213 

the plot level. Extracted variables included descriptive height statistics such as the total number of returns, minimum, 214 

maximum, and mean canopy height, standard deviation, coefficient of variation, skewness, and kurtosis (n, zmin, zmax, zmean, 215 

zsd, zcv, zskew, zkurt). Height percentiles were calculated from the 1st to the 99th (zq1–zq99), along with return percentages 216 

above fixed and relative thresholds (e.g., 2 m, 5 m, and zmean), cumulative return metrics within predefined vertical strata, 217 

and indices derived from L-moments (L1–L4, Lskew, Lkurt). Additional metrics were computed based on the vertical leaf 218 

area density (LAD) distribution (lad_min, lad_max, lad_mean, lad_sum, lad_cv), along with statistics describing return 219 

position within the laser pulse (e.g., n_first, n_last, n_single, n_multiple, p_first, p_last).  220 

All metrics were calculated independently for each plot and subsequently standardized for use as predictors in the SOC 221 

estimation models. A detailed description of all LiDAR-derived variables is provided in the Supplementary Material (Tables 222 

S.2–S.9). 223 

2.6 SOC modelling and generation of the predicted SOC map 224 

The modeling approach consisted of applying different models and machine learning algorithms to evaluate their capacity for 225 

predicting SOC based on soil data, tree biomass variables and LiDAR metrics. Four regression models with different levels of 226 

complexity were defined and implemented: a simple linear model, a second-degree polynomial model, a logarithmic model 227 

(log(x+1)) and a Random Forest (RF) model (Odebiri et al., 2021; Beisekenov et al., 2025). First, LiDAR predictor metrics 228 

with a variance of less than 0.01 were considered non-informative and removed. Collinearity between variables was examined 229 
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using the Pearson correlation matrix and those with correlation coefficients greater than 0.9 were removed to reduce 230 

redundancy and prevent multicollinearity issues. The remaining variables were normalized through standardization (mean of 231 

zero and standard deviation of one). 232 

Second, the processed dataset was randomly divided into two subsets using a fixed random seed: a training subset comprising 233 

75% of the observations and a test subset comprising the remaining 25%. All models were validated using a cross-validation 234 

scheme with 10 partitions (k-fold cross validation, v=10) on the training set. For hyperparameter optimization in the Random 235 

Forest model, a random search was carried out using 20 different combinations of the mtry (number of predictors considered 236 

in each tree division) and min_n (minimum number of observations in a terminal leaf) parameters, while all other parameters 237 

(e.g., number of trees, node depth, and sampling scheme) were kept at their default values to limit model complexity. The 238 

performance of each model was evaluated using the statistical parameters of mean absolute error (MAE), root mean square 239 

error (RMSE) and coefficient of determination (R2) [Eq. (3), (4) and (5)].   240 

 241 

𝑀𝐴𝐸 =  
∑ ห𝑦

𝑖
− 𝑥𝑖ห

௡
௜ୀଵ

𝑛
 (3) 

 242 

𝑅𝑀𝑆𝐸 =  ඨ
∑ (𝑦௜ − 𝑥௜)ଶ௡

௜ୀଵ

𝑛
 (4) 

 243 

𝑅2 = 1 −
∑(𝑦

𝑖
− 𝑥𝑖)

2

∑(𝑦
𝑖

− 𝜇
𝑦

)
  (5) 

 244 

The statistical parameters obtained for each model allowed us to identify the one with the best predictive accuracy. To generate 245 

a spatially continuous map of predicted SOC, we implemented a wall-to-wall rasterization approach using the terra package 246 

(Hijmans, 2025) in R (version 4.4.1) and. First, the complete dataset of predictor variables was structured as a spatial point 247 

object using the corresponding UTM coordinates (EPSG:25830). The area of interest was rasterized at a spatial resolution of 248 

20 × 20 meters, consistent with the spatial density of the LiDAR-derived metrics (Trouvé et al., 2023). A multi-band SpatRaster 249 

template was constructed to cover the entire study area. The predictor variables used in the selected model were then rasterized 250 

layer by layer over this template. Once rasterized, the selected trained model was applied to the full stack of predictor layers 251 

using the predict() function, yielding a continuous surface of SOC values in Mg C/ha. The resulting raster was clipped, using 252 

a shapefile to define the limits of the forest stand. The file containing the SOC information for each pixel was exported in 253 

GeoTIFF format for visualisation and subsequent spatial analysis. Following the modelling and prediction procedure, the 254 

resulting SOC map was laid out using QGIS (version 3.40). 255 



12 
 

2. Results 256 

3.1 Soil data results  257 

The soil sampling results showed an average SOC of 20.33 Mg C/ha (Table 3) in a range of 9.49 Mg C/ha to 53.16 Mg C/ha. 258 

Higher SOC values (Mg C/ ha) were associated with higher concentrations of organic carbon (OC%) and total organic matter 259 

(TOM%) while Coarse fraction percentage (CF%) showed broader dispersion, from low values (<1%) in several plots to higher 260 

values in others (Table 3).  261 

Table 3. Descriptive statistics of soil variables analysed in the laboratory (n = 34). 262 

 

Mean Standard 

deviation 

Minimum Maximum Coefficient of 

variation (%) 

SOC0-10 20.33 9.44 9.49 53.16 46.46 

OC (%) 1.50 0.82 0.63 5.08 54.78 

TOM (%) 2.58 1.41 1.08 8.74 54.74 

BD (g/cm3) 1.51 0.19 1.05 1.99 12.63 

CF (%) 7.23 8.11 0.16 33.68 112.14 

 263 

3.2 Results of tree biomass estimation 264 

The linear equation was selected as the best Dbh-Ht model (Table 4) for estimating total height.  265 

Table 4. Height diameter models fitted with forest inventory data 266 

Model Equation R2 

Linear Ht = 0.2731 Dbh + 4.9865 0.546 

Exponential Ht = 6.4408 e 0.0233Dbh  0.532 

Logarithmic Ht = 6.6774ln(Dbh) - 9.4012 0.519 

Polynomial 

Ht = -0.001 Dbh 2 + 0.3299 Dbh + 

4.2507 0.535 

Potential Ht = 1.837 Dbh 0.5778 0.542 

 267 

Meanwhile, results for tree biomass (Table S.1.) showed stem biomass (Ws) to be the dominant aboveground biomass fraction 268 

across plots, accounting for an average of 57.2% of total biomass. This was followed by biomass averages of 27.4% for medium 269 

branches (Wb2–7) and 15.4% to thin branches (Wb0.5–2). The belowground root biomass (Wr) compartment is then combined 270 

with the aboveground fractions to calculate total tree biomass.  271 
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3.3 SOC modelling based on LiDAR and biomass metrics 272 

Ten-fold cross-validation on the training set showed higher statistical parameter values for the Random Forest (RF) model 273 

(Table 5). The R² value (0.811) reflected the explained variance while the RMSE (7.73 Mg C/ha) and MAE (6.13 Mg C/ha) 274 

values quantified the prediction error magnitude. The other models explained a good amount of variance but with larger errors 275 

(Table 5). In the end, Random Forest showed the best statistical parameters for SOC estimation and was selected as the optimal 276 

candidate (Figure 4).  277 

 278 

Table 5. Average performance metrics obtained through cross-validation (10-fold) for soil organic carbon (SOC) estimation 279 
models 280 

Model RMSE 

(Mg C/ha) 

MAE 

(Mg C/ha) 

R² 
 

Random Forest 7.73 6.13 0.811 

Logarithmic 331 264 0.871 

Polynomial 745 455 0.794 

Linear 661 498 0.721 

 281 

 282 

Figure 4. Random Forest model performance: Predicted vs Observed Soil Organic Carbon (SOC) after cross-validation 283 
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The RF model made it possible to estimate SOC content for the entire study area. Spatial distribution showed values ranging 284 

from 16.2 to 23.5 Mg C/ha, with remarkable variability throughout the forest stand (Figure 5). 285 

 286 

 287 

Figure 5. Predicted spatial distribution of soil organic carbon (Mg C/ha) using the Random Forest model 288 

3. Discussion 289 

In this study, a SOC estimation approach was tested in a Mediterranean Pinus halepensis ecosystem by applying machine 290 

learning techniques to a combination of (a) soil carbon stock data, (b) forest inventory variables and (c) structural metrics 291 

derived from LiDAR point clouds processed at plot level. The results provided relevant SOC predictions with potential for 292 

scalability to other ecosystems where field sampling is limited but airborne LiDAR data might be available. Our approach 293 

could even be applied across broader spatial domains, thus aligning with current efforts to develop harmonized SOC 294 

monitoring strategies at the international level. 295 

In this study, the airborne LiDAR data proved effective in capturing structural metrics of the forest canopy by providing 296 

valuable proxies for estimating SOC in Mediterranean ecosystems. Models based exclusively on soil properties and 297 

conventional forest inventory variables (e.g., bulk density, organic carbon concentration, tree diameter or basal area) rely on 298 

point-based measurements that often fail to capture the spatial heterogeneity of forest structure and its influence on soil 299 

processes. While these approaches provide valuable local estimates, they have only limited capacity to represent vertical 300 

canopy complexity, stand structural variability and biomass spatial distribution patterns. These features indirectly regulate 301 
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litter inputs, root dynamics and microclimatic conditions, which affect SOC accumulation (Yang et al., 2024). Such limitations 302 

can be partially overcome through the integration of LiDAR-derived structural metrics that provide spatially continuous, three-303 

dimensional information about forest canopy architecture, including height distribution, vertical complexity and canopy 304 

density (Olivera et al., 2021; Pascual et al., 2023). Our results indicate that LiDAR metrics, as integrative proxies of vegetation 305 

processes, provide helpful information about forest structure that can improve the predictive performance of SOC models and 306 

enhance SOC estimation in heterogeneous Mediterranean ecosystems. 307 

We evaluated several SOC estimation approaches in this study and found that the Random Forest (RF) model performed best, 308 

achieving a coefficient of determination of 0.811. Beyond its predictive accuracy, this result emphasizes the capacity of non-309 

parametric methods for capturing nonlinear relationships and interactions between structural LiDAR metrics and soil carbon 310 

content (Rasel et al., 2017). The associated errors (RMSE = 7.73 Mg C/ha and MAE = 6.13 Mg C/ha) were lower than those 311 

obtained in linear, polynomial and logarithmic models. These findings are consistent with those of other studies that have 312 

shown more accurate estimates with machine learning techniques for estimating soil properties using LiDAR data (Hengl et 313 

al., 2018; Navarro Cerrillo et al., 2018; Hu et al., 2023; Misebo et al., 2024; Alonso-Sarria et al., 2025). Rasel et al. (2017) 314 

fitted a model that estimated 69% of SOC based on biomass variables obtained through ALS sensors, while Stumpf et al. 315 

(2024), estimated 64% of SOC at a depth of 1.2 m. Navarro-Cerrillo et al. (2018) combined low-density ALS data with nearest 316 

neighbor (kNN) models to estimate 82% of SOC at depth of 10 cm in Pinus halepensis plantations in southeastern Spain. 317 

Navarrete-Poyatos et al. (2019) reported a significant improvement in SOC prediction by combining ALS data with Random 318 

Forest. Finally, Pascual et al. (2023) quantified stored carbon by integrating LiDAR metrics with aboveground biomass and 319 

litter estimations, highlighting the relevance of incorporating multiple ecosystem data pools in the search for more complete 320 

assessment of carbon content.  321 

Our findings aligned with previous research regarding the observed tendency of the Random Forest model to underestimate 322 

SOC values, particularly in plots with higher stock values. Agaba (2024) reported that RF underestimated SOC in 323 

heterogeneous mountainous landscapes, especially at higher altitudes and in areas with steep slopes. They attributed this pattern 324 

to insufficient sampling density in complex surfaces and the limited representation of extreme SOC values in the training data. 325 

Similarly, Ou et al. (2024) demonstrated that including site attributes and climatic variables significantly improved SOC 326 

prediction in cropland soils and noted how model performance could decline without them.  327 

Model validation in this study was based on cross-validation, considering the maximum available observations for model 328 

training. This is a common and accepted strategy in exploratory and proof-of-concept studies. While cross-validation provides 329 

a robust internal assessment of model performance, future studies could incorporate independent datasets or multi-site designs. 330 

Nonetheless, our results showed that LiDAR-derived structural metrics capture a substantial proportion of SOC variability. 331 

Forest variables (tree density, tree basal area, tree biomass, species diversity) are related to atmospheric carbon fluxes and the 332 

contribution of litter, roots and exudates (Muñoz-Rojas et al., 2016; Goberna et al., 2007) to the carbon cycle, all of which 333 

reflect SOC dynamics. The absence of certain edaphic variables known to influence SOC stabilization processes (e.g., soil 334 

texture, pH, biological indicators) in this study reflects a deliberate focus on assessing the explanatory power of forest structural 335 
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information derived from LiDAR. Including these in future studies, along with edaphic properties such as microbial dynamics 336 

or physical edaphic parameters that may influence SOC stabilization (Muñoz-Rojas et al., 2015; Doetterl et al., 2025), could 337 

further refine model predictions. 338 

Integrating remote sensing techniques, such as ALS, with machine learning-based prediction models has proven itself an 339 

effective strategy for obtaining a scalable, operational approach to assessing SOC in contexts with extensive national LiDAR 340 

coverage. Stevens et al. (2013) integrated site variables derived from digital terrain models with field data to generate SOC 341 

predictions in agricultural soils. Soon after, de Brogniez et al. (2015) also used generalized additive models to map SOC based 342 

on the Land Use/Cover Area statistical Survey (LUCAS) database. These studies highlighted the usefulness of multivariate 343 

approaches that combine environmental variables derived from remote sensors with edaphic information. Our work contributes 344 

to this line of research by demonstrating that, even in scenarios with a small number of plots, the structural information obtained 345 

by ALS can suffice to generate robust SOC maps at an operational scale. Ballabio et al. (2016) demonstrated use of non-linear 346 

modelling techniques, such as adaptive regression splines (MARS), to map physical soil properties. Similarly, our findings 347 

could be used to generate future carbon mapping schemes on a larger scale and provide replicable methodologies based on 348 

open data and models. This possibility is directly relevant and applicable to European climate neutrality objectives, which 349 

prioritize accurate carbon quantification in forest soils (Panagos et al., 2020). 350 

Estimating SOC using data derived from soil sampling, forest inventory variables and LiDAR metrics offers an innovative and 351 

non-destructive approach to assessing carbon reservoirs in forest ecosystems. However, this study has certain limitations that 352 

should be considered when interpreting the results and planning future research. One limitation is related to the resolution and 353 

coverage of the LiDAR data used in the study, which were obtained from the PNOA. We relied on this data and did not 354 

undertake independent, ground-based DTM validation. PNOA LiDAR products are generated under standardized national 355 

protocols and include validated ground classifications. While these data are available and cover large areas, their point density 356 

and temporal resolution may be limited. This affects the accuracy of detail in forest structure characterization and could 357 

influence subsequent SOC estimation (Johnson et al., 2022). 358 

The role of Pinus halepensis in afforestation and restoration programmes is particularly relevant in semiarid Mediterranean 359 

ecosystems, where soil degradation heavily constrains ecological recovery. Although monospecific plantations may initially 360 

be associated with reduced understory diversity or slower successional dynamics, this species has shown a remarkable ability 361 

to colonise poor soils, stabilise eroded surfaces and initiate soil-improvement processes through organic matter inputs and 362 

enhanced structure (Maestre & Cortina, 2004; Chirino et al., 2006). Appropriate management through silvicultural treatments 363 

such as thinning, pruning or enrichment plantings can mitigate early structural homogenisation and promote both floristic and 364 

functional diversification in restored stands (Navarro et al., 2010; Gordo et al., 2020). Afforestation efforts on eroded marly 365 

and gypsiferous slopes since the mid-twentieth century have demonstrated the effectiveness of P. halepensis in reducing 366 

erosion, facilitating soil restoration and establishing stable tree cover in sites where few species can thrive (Ruano et al., 2022). 367 

Current observations indicate low vulnerability to increasing aridity for existing stands in the species’ distribution range. In 368 

projected climate change scenarios, the expansion potential of P. halepensis and its capacity of to sustain key ecosystem 369 
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services make it a viable alternative to less drought-tolerant species (Ruano et al., 2022). Beyond its role in recovering degraded 370 

areas, the species stands out as an effective carbon sink, with numerous studies demonstrating its capacity to sequester carbon 371 

in both biomass and soils (Ruíz-Navarro et al., 2009; López-Senespleda et al., 2021; Santonja et al., 2022). As a species that 372 

enhances soil properties, fosters the accumulation of soil organic carbon and facilitates successional processes, P. halepensis 373 

has great strategic importance in forest planning and the development of resilient afforestation strategies under conditions of 374 

increasing aridity. 375 

For estimating carbon concentrations, automated dry combustion (elemental analysis) has been widely regarded as the 376 

reference approach in many recent SOC studies and has progressively been replaced by wet oxidation methods. The Walkley–377 

Black method (and its variants) continues to be widely used in large-scale soil surveys, legacy monitoring programmes and 378 

soil inventory datasets. It is supported by institutional standard operating procedures and harmonization frameworks (Lettens 379 

et al., 2007). Importantly, recent methodological studies have shown that although Walkley–Black is based on incomplete 380 

oxidation of soil organic carbon, its results can be made comparable to dry combustion data through appropriate correction or 381 

calibration factors and its performance is sufficiently reproducible for routine and inventory-oriented applications (Shamrikova 382 

et al., 2022). The ongoing application of the Walkley–Black method is well documented in Mediterranean soil studies, 383 

including national-scale assessments and regional databases from Spain, where oxidizable organic carbon measurements have 384 

been systematically employed and, as required, harmonized with total carbon data obtained through dry combustion (Calvo de 385 

Anta, 2020). When applied consistently across samples and interpreted in a comparative framework, the Walkley–Black 386 

method provides internally coherent SOC estimates that are suitable for spatial analyses, modelling approaches and 387 

comparative assessments (Lettens et al., 2007; Shamrikova et al., 2022). Moreover, the method relies on standard laboratory 388 

procedures and equipment commonly available in soil laboratories, which has contributed to its widespread and sustained use 389 

in soil monitoring and inventory contexts, particularly in large-scale or resource-limited studies (El Mdrssa, 2025). 390 

The integration of multiple data sources is recommended to improve future methodological approaches. Combining LiDAR 391 

metrics with information obtained from hyperspectral images or radar data makes it possible to capture a wider range of 392 

variables related to forest and soil properties, thus strengthening the robustness of the models (Tafur et al., 2022). Integration 393 

of multi-temporal or permanent data would also improve the accuracy of the models while facilitating assessment of edaphic 394 

carbon stability when disturbances occur (Guillaume et al., 2021).  395 

Conclusions 396 

This study confirms the potential of airborne LiDAR data, combined with estimates of forest inventory data and soil data, for 397 

predicting SOC content in Pinus halepensis forest ecosystems. The Random Forest model clearly outperformed the parametric 398 

models used and showed the best predictive capacity, presenting a coefficient of determination (R²) of 0.811 and moderate 399 

mean errors (RMSE = 7.73 Mg C/ha; MAE = 6.13 Mg C/ha) during cross-validation. The integration of structural metrics 400 

derived from available LiDAR data made it possible to efficiently consider the spatial variability of SOC without the need for 401 
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intensive field sampling. These results are consistent with previous studies that support the use of machine-learning models 402 

for predicting complex soil properties, especially in systems with high structural heterogeneity. However, higher LiDAR data 403 

resolution and the inclusion of certain key soil variables could improve the results. Our findings reinforce the usefulness of 404 

remote sensing and machine learning tools for estimating carbon stocks in forest soils, providing a methodological approach 405 

to support sustainable forest management and environmental monitoring strategies in Mediterranean contexts. 406 
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