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Article 
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Abstract: Wetlands are essential carbon sinks in the global ecosystem, absorbing CO2 in their biomass 

and soils and mitigating global warming. Accurate above-ground biomass (AGB) and organic carbon 

(Corg) estimation is crucial for wetland carbon sink research. Remote sensing (RS) data effectively 

estimates and maps AGB and Corg in wetlands using various techniques, but there is still room to 

improve the efficiency of Machine Learning (ML) based approaches. This study examined how 

different sample data treatments and plot sizes impact a Random Forest model’s performance based 

on RS for AGB and Corg prediction. The model was trained with samples of emergent vegetation 

collected in a palustrine wetland in southern Brazil and spectral variables (single bands and 

Vegetation Indices — VI) from medium and high-resolution optical images, Sentinel 2 and 

PlanetScope, respectively. The treatments involve the AGB and Corg values dimensioned for three 

different plot sizes (G1) and the same subjected to the Normalized Natural Logarithmic 

transformation — NL (G2). Therefore, six AGB and Corg models were created for each sensor. 

Models and sensor performances and spectral variable importance were compared. In our results, 

NL sample data RF models proved more accurate. Larger plots produced smaller prediction errors 

with S2 models, indicating the influence of plot size on the reliability of the estimate. S2 surpassed PS 

in AGB/Corg prediction, respectively: S2 (R² 0.87; 0.89, RMSE OOB: between 19,7% e 22,7%); e PS (R² 

0,86; 0.86, RMSE OOB: between 21% and 35.9%) but PS was superior in mapping spatial variability. 

The VI CO2Flux and S2’s SWIR, Blue, Green, and RE bands 6 and 7, were more importance for 

AGB/Corg prediction.  The innovation of this study is that, in addition to optimizing RF model 

parameters, optimizing the AGB and Corg dataset collected in the field, i.e., evaluating normalization 

and plot sizes, is crucial to obtain more accurate estimates with RS and ML-based models. This 

approach enhances AGB/Corg stock estimation in wetlands, and the highlighted predictors can act 

as spectral indicators of these ecological functions. These results have the potential to guide 

standardization in the collection and processing of input data for predictive models of AGB/Corg in 

wetlands, with the aim of ensuring consistent predictions in inventories and monitoring. 

Keywords: improve prediction models; random forest regression; AGB spectral indicator; carbon 

stocks; Marshes 

 

1. Introduction 

Due to the unique biogeochemical processes of wetland ecosystems, their structure, and 

location, they possess valuable ecological functions that provide ecosystem services to human 

populations [1–3], with high economic values [4]. Wetlands act as significant carbon reservoirs and 
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play an important process in the global carbon cycle [5]. The above-ground biomass of wetland 

vegetation (AGB) is a critical indicator of the capacity for carbon dioxide assimilation and organic 

carbon (Corg) storage [5,6]. Research on carbon storage in wetland vegetation and the precise spatial 

estimation of AGB and Corg are important for studying their influence on the global carbon cycle, 

especially in relation to climate change [6,7] and meeting the main global goals of reducing 

greenhouse gas (GHG) emissions. 

Data obtained through remote sensing (RS) are utilized to characterize, estimate, and monitor 

these ecosystem functions of wetlands [8,9]. They provide biophysical indicators [10] linked to the 

ecological processes of vegetation, such as photosynthesis, primary productivity, biomass, and 

carbon fluxes, drivers for various functions [11]. As biophysical indicators, spectral indices such as 

the Normalized Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI), 

among others, are conceptually linked to the aforementioned vegetative processes [12]. 

Predictive models for AGB and Corg based on RS employ in situ data or allometric equations to 

“train” algorithms and create rules from satellite imagery, including physical, statistical, and Machine 

Learning (ML) approaches. Statistical methods such as simple and multiple Linear Regression (LR) 

are practical to compute; however, they must meet basic assumptions like data normality and 

variance homogeneity, among others. The results are satisfactory with few field samples and various 

spectral variables, which makes them quite popular [13–15]. Nonetheless, they do not effectively 

describe the complex non-linear relationship between AGB, Corg, and RS data [16].  

ML methods such as Random Forest Regression (RF), decision tree-based (DT), K-Nearest 

Neighbors (KNN), Artificial Neural Network (ANN), and Support Vector Machine (SVM) enhance 

the non-linear estimates of AGB and Corg in wetlands from RS data. Algorithms like RF and Gradient 

Boosting perform excellently in modeling these variables [7,16,17]. 

One of the advantages of ML methods such as RF is that it is not necessary to formulate 

hypotheses regarding data distribution or assumptions that need to be met [18]. Being a distribution-

free method, it allows the integration of data from different sources without transformations or 

normalization and achieves an excellent relationship with the target variable [18,19]. Previous 

research utilized linear and ML models and applied Normalized Logarithmic transformation only to 

the linear models [20,21] while others applied them to both models [22,23]. The influence of data 

normalization on the performance of RF and others ML models has been empirically studied in 

datasets from the business, health, and agriculture [24], showing that data normalization contributes 

to more accurate modeling. However, its influence on the performance of RF and RS-based models 

in estimating of AGB and Corg remains unexplored to date. 

Regardless of the employed model, errors, and uncertainties in predicting AGB and Corg in 

wetlands can arise from various sources, primarily including sample design and field data collection 

methods, such as sample size variation [13], plot size [22,25], collection frequency [26], differences 

between field sampling scales and satellite images, the timing of field data and image acquisition, 

and image data extraction protocols [27].  

The treatment of field-collected data and its use in models also varies. Some directly use the AGB 

value collected at each point [27,28]; sample data expressed in different area units [14,15]; the sample 

value estimated to the plot area [22]; the average of values collected in N plots [29,30]. The influence 

of sample plot size on the accuracy of AGB and Corg estimation models has been well explored in 

ecosystems with dense vegetation, such as forests and mangroves [22,31–33]. These studies 

demonstrate that larger plots contribute to more accurate predictions. However, similar studies in 

wetlands are rare and non-existent in herbaceous marshes. The absence of research on optimal plot 

size for remote monitoring and predictive models in wetlands impacts the consistency of predictions 

with the alike vegetation. Therefore, this study jointly examines the research gaps on the influence of 

different input data treatments and plot sizes on the accuracy of remote AGB and Corg estimation in 

wetlands using a ML model. This research aims to enhance remote estimation methods for AGB and 

Corg, expanding their application to wetland ecosystems, especially herbaceous wetlands. 
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Therefore, this study aims to answer (a) whether different sampling treatments and plot sizes 

affect the performance of a predictive model of AGB and Corg based on remote sensing and ML and 

the importance of the spectral variables used; (b) which sensors and spectral variables obtained, 

respectively, the most accurate estimate and the greatest predictive importance. We aim to explore 

these research gaps, with a special interest in improving RF models for the prediction and 

spatialization of AGB and Corg in wetlands. To this end, we utilized data from Sentinel 2A and 

PlanetScope sensors and field-collected data in a palustrine wetland in southern Brazil. The results, 

although based on species-specific models, provide a foundation for enhancing predictive ML 

models in wetlands. They offer crucial insights for AGB and Corg prediction models, with the 

potential to drive standardization in the collection and processing of input data for predictive models 

with the aim of ensuring consistent predictions in inventories and monitoring. In addition, it 

contributes to the understanding of these ecological processes in wetlands, especially in light of the 

difficulties of access and collections. 

2. Data and Methods  

2.1. Study Area and Field Data Collection 

Banhado Grande (BG) was used as a case study (29°57'S – 50°41'W, 5,591 ha) in the east of the 

state of Rio Grande do Sul (RS), in the geomorphological region of the Inner Coastal Plain, in a flat 

area with altimetry of up to 20 m (Figure 1). BG forms the Gravataí River and acts as a natural flow 

regulator, it is a palustrine environment integrated with the Banhado Grande Environmental 

Protection Area (EPABG) for sustainable use, comprising marsh areas, flood plains, and rice fields 

that become connected in periods of large flooding pulses [34].  
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Figure 1. Location of the study area. (A) Sampling site, (B) simplified plot projection, (C) histogram with average 

values collected in each field campaign and general statistics. 

The lithology is predominantly sedimentary environments of heterogeneous active peats, 

interconnected by floodplain deposits, interconnected by floodplain deposits composed of silt-clay 

sand [35,36].   The study area is located in a subtropical humid climate zone, with no defined rainy 

season [37].  

The vegetation cover is dominated by macrophytes with heterogeneous distribution patterns, 

comprising the emerging species Scirpus giganteus, recently appointed as Cyperus byssaceus Kunth [38] 

with the most representative area and coverage in monodominance in the marsh, extending for 

∼1,507 ha [39], represented by the light blue polygon (Figure 1A) and it occurs in areas with a 

presence of active peat bogs [40].  

The species is caespitose perennial, between 80-170 cm tall, is widely distributed in the south of 

South America, in freshwater and silted marshes and along the banks of creeks and small streams, 

with an emergent and amphibious biological form [38,41,42], (Figure 2A and 2B). The flooding regime 

in the area where Cyperus byssaceus occurs is intermittent or only saturated soils [34]. 

 

Figure 2. Biological form of vegetation: A) emergent; B) amphibious. Collection of the vegetation: C) image after 

the vegetation cut. Source: The author, 2018. 

The summarized methodological flow is described in the Graphical Abstract of the research, and 

further details are provided in this section. The field campaign was carried out throughout one 

annual cycle in 2018, at the end of the summer, winter, and spring (Table 1), periods characterized by 

low rainfall. The sampling survey was designed so that each plot corresponded to a transect similar 

to a 20m × 20m Sentinel pixel. Nine plots were fixed with stakes, spaced at least 40m apart (Figure 

1B). The center position of the plots was recorded using Global Positioning System (GPS) equipment, 

Etrex Legend model, with a margin of error of 3m. The plots were positioned in an extensive area 

with a monospecific predominance of Cyperus byssaceus so that the collection of reflectance data in 

the images would not occur outside the areas with the desired plants, due to possible positioning 

errors by the GPS and the sensors. 

Table 1. Image acquisition and field data collection dates. 
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Sensor March/2018 August/2018 November/2018 

Sentinel-2A Mar 11 Aug 28 Nov 16 

PlanetScope Mar 13 Aug 17 Nov 21 

Field data collection Mar 14 Aug 17 Nov 22 

In each plot, three samples were collected at random, totaling 27 AGB samples, according to the 

sampling guidelines [43,44]. A 50 cm × 50 cm square (0.25 m²) was used to collect the vegetation on 

the soil surface (Figure 2C). The samples were packed and dried in an oven at 60 °C until they reached 

a constant weight. The dried AGB was then measured on a precision scale to obtain the dry weight 

expressed in grams.  

The Corg concentration was obtained using the Walkley Black wet combustion method, which 

returns the organic carbon content (%) in 100 g of dry weight of AGB, converted to Corg stocks based 

on direct proportion [44,45]. In general, the average AGB and Corg was 690 g/m² and 286 g/m², with 

the highest values observed in spring (Figure 1C) when new leaves are seen in greater quantity. 

During the campaign of field, no preferential periods of senescence were observed. 

2.2. Remote Sensing Datasets  

The Sentinel-2A images were obtained from the Sentinel Scientific Data Hub (ESA) in the 13 

bands of the multispectral instrument (MSI) sensor. The visible (Blue, Green, and Red) and near-

infrared (NIR) bands have a spatial resolution of 10 m; the Red Edge (RE5, RE6, RE7, and RE8A) and 

shortwave infrared (SWIR1 and SWIR2) bands have a spatial resolution of 20 m. Band 1 (coastal 

aerosol), Band 9 (water vapor), and Band 10 (cirrus) were excluded and not considered in this 

research. 

The product is already orthorectified, georeferenced, and radiometrically calibrated into top-of-

atmosphere (ToA) reflectance data, with pre-processing level 1C. The images were pre-processed to 

level 2A to remove atmospheric effects and convert pixel values to surface reflectance using Sen2Cor 

standalone tool [46], but can be processed alternatively in the S2A Toolbox of the Sentinel Application 

Platform (SNAP). The bands with resolutions of 10 m were downscaled to 20 m to ensure that all 

channels were concatenated with aligned pixels, using the nearest neighbor method, in the SNAP 

geometric operation tool.  

Sentinel-2A and PlanetScope data were obtained as close as possible to the vegetation collection 

dates (Table 1). 

Among the PlanetScope satellite constellation, we used data from the Planetscope-0, sometimes 

called Dove data, which detects the Blue, Green, Red, and NIR spectral bands. The Ortho Scene 

PlanetScope product was made available to the research team through the Planet Research and 

Education Program on the Planet Explorer website, with atmospherically corrected Level 3B surface 

reflectance and 3 m spatial resolution. The Ortho Scene product is distributed in images with radiance 

values (Planet Analytic product) and reflectance values (Planet Surface Reflectance-SR).  

The SR product is derived from the Planet Analytic product, and the bands are co-acquired, 

orthorectified and georeferenced, with radiometric calibration in surface reflectance derived using 

the 6S radiative transfer code, assuming a continental aerosol model and using the closest available 

MODIS aerosol optical depth spatially and temporally, which guarantees consistency in all climatic 

conditions, minimizing the uncertainty of the spectral response in time and location [47]. 

In addition to the single-band information, we derived Vegetation indices (VIs) based on the 

band mathematics of the sensors’ reflectance images. The VIs were computed as indicated in Table 2. 

Table 2. Vegetation indices used in the study. 

Vegetation Indices 

 
Equation References 

NDVI – Normalized Difference                      

 
𝑁𝐷𝑉𝐼 =  

(𝜌𝑁𝐼𝑅 − 𝜌𝑅𝑒𝑑)

(𝜌𝑁𝐼𝑅 + 𝜌𝑅𝑒𝑑)
 [48] 
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NDAVI – Aquatic by Normalized 

Difference 

 

𝑁𝐷𝐴𝑉𝐼 =  
(𝜌𝑁𝐼𝑅 − 𝜌𝐵𝑙𝑢𝑒)

(𝜌𝑁𝐼𝑅 + 𝜌𝐵𝑙𝑢𝑒)
 [49] 

WAVI – Adjusted to Water 

 
𝑊𝐴𝑉𝐼 = (1 + 𝐿) 

(𝜌𝑁𝐼𝑅 − 𝜌𝐵𝑙𝑢𝑒)

(𝜌𝑁𝐼𝑅 + 𝜌𝐵𝑙𝑢𝑒 + 𝐿)
 [50] 

sPRI – Photochemical Reflectance               

𝑃𝑅𝐼 =  
(𝜌𝐵𝑙𝑢𝑒 − 𝜌𝐺𝑟𝑒𝑒𝑛)

(𝜌𝐵𝑙𝑢𝑒 + 𝜌𝐺𝑟𝑒𝑒𝑛)
 

 

𝑠𝑃𝑅𝐼 =  
(𝑃𝑅𝐼 + 1)

2
 

[51] 

CO²Flux1– Integrated 

 
𝐶𝑂2𝐹𝑙𝑢𝑥 = (𝑁𝐷𝑉𝐼 𝑋 𝑠𝑃𝑅𝐼) [52,53] 

CO²Flux2 – Integrated NDAVI 𝐶𝑂2𝐹𝑙𝑢𝑥𝑁𝐷𝐴𝑉𝐼 = (𝑁𝐷𝐴𝑉𝐼 𝑋 𝑠𝑃𝑅𝐼) [39] 

ρNIR = Near infrared reflectance; ρRE = Red edge reflectance; ρBlue = Blue reflectance; ρGreen = Green 

reflectance; ρRed = Red reflectance. Value assumed by the algorithm: WAVI: L= 0.5. 

These IVs were chosen because they are conceptually linked to the aforementioned vegetative 

processes and considered effective in characterizing and predicting AGB and Corg [12,51]. IVs 

Among the VIs, NDVI is often used successfully to estimate vegetation biomass in Wetlands [7,54] 

and in studies related to photosynthesis, carbon stocks and other plant-related processes [55]. 

Moreover, we use specific VIs adapted for wetlands, which are versions of the NDVI and EVI, such 

as the Normalized Difference Aquatic Vegetation Index (NDAVI) and the Water Adjusted Vegetation 

Index (WAVI). 

To estimate Corg, the indices of Photochemical Reflectance (sPRI) and Integrated index 

(CO2Flux) are sensitive to changes in carotenoid pigments in leaves, indicative of the efficiency of the 

use of photosynthetic light related to the level of carbon dioxide stored by vegetation and vigor 

vegetation [56]. CO²flux is an integrated index, formed by the sPRI and NDVI VIs. A modified 

CO²flux index, replacing the traditional NDVI with NDVI adapted for wetlands (NDAVI) was also 

used. The spectral values of the bands and VIs were obtained from the pixels corresponding to the 

points of each sample site on Banhado Grande, from automatic extraction. 

2.3. Development of the Prediction Models  

A RF machine learning algorithm was used as the regression approach for this study. The RF is 

an efficient bagging-based ensemble learning method developed for improving the regression and 

classification tree by combining multiple decision trees [57].  

The RF regression was implemented through Scikit-learn packages [58] in Python 3. The input 

sets were the single-bands and VIs of each sensor and the AGB and Corg samples separated as 

follows: the samples collected at each point with a 0.25m² sampler were proportionally estimated for 

plots of varying sizes (Group 1, Table 3). These were subjected to the Normalized Natural 

Logarithmic transformation— NL statistical treatment (Group 2, Table 3). The plot sizes were defined 

based on the most commonly used sizes in studies estimating biomass and above-ground carbon in 

wetlands using remote sensing. These sizes include: sampler size, sensor pixel size, or resized size, 

and this was determined following an extensive literature review." 

Table 3. Treatments of the field sample dataset for input into the RF models. 

Treatments 
Legend 

Group 1 Group 2 

SV SVNL 
Sample Values obtained with a 50x50 cm sampler (SV). Plot area equal to the 

sampler (0.25m²); the same in NL 

SV1m² SV1m²NL Sample Values estimated to the plot area of 1m² (SV1m²); the same in NL 

SVPA SVPANL 
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Sample Values estimated to plot area equal to the sensor pixel (SVPA), PS 

(3m²) and S2 (20m²); the same in NL 

In this manner, we generated six AGB and Corg models per sensor to compare accuracy in 

relation to treatments and plot sizes. Due to the characteristics of whole AGB and Corg values, the 

NL transformation is applied to strengthen the relationship with spectral data [13,59]. For each 

decision tree in RF, we utilized the bootstrapping method (random sampling with replacement) to 

select the original dataset. At each bootstrap resampling step, 2/3 of the data (in-bag) were selected 

to build the decision tree without pruning. The other 1/3 of the data (out-of-bag — OOB) were used 

as evaluation data and to calculate the OOB error as an unbiased estimate of prediction error [60].  

The RF estimates the importance of predictors by calculating the total reduction in impurity 

(heterogeneity) brought about by these predictors. It is also known as the Gini importance. These 

variable importance values are then used to rank the predictors in terms of the strength of their 

relationship with the dependent variables (Breiman, 2001; Pedregosa et al., 2011) of AGB and Corg.  

Finding the best combination of parameters is critical to the optimization of the model.  To find 

the number of trees (Ntree) that best predicts AGB and Corg in each model, the Ntree parameter was 

optimized based on lower RMSE [18,28]. The test with the lowest RMSE and the lowest number of 

trees provides the optimal number of decision trees in the RF for a good compromise between 

accuracy and computational time [61]. The Ntree values were tested from 50 to 1000 with an interval 

of 50, while the number of predictor variables (bands and IVs) tested at each node (Mtry) and the 

standard node size were accepted throughout the analysis, which allows the regression trees to grow 

to their maximum size without pruning, based on the selection of predictor vectors that reduce the 

impurity of each node. The final regression model is based on the average value of all the results from 

the individual trees. 

2.4. Evaluation of Models 

The performance of the models was assessed using the best value of the R² parameters to assess 

the reliability of AGB predictions modelled by remote sensing [62], and Root Mean Square Error for 

in bag dates (RMSE) and % RMSE (relative), defined as the RMSE divided by the mean values of the 

field observations in the treatment. Typically, a higher R² score and a lower RMSE% value signify a 

model's ability to estimate information more accurately. 

We also use the OOB data to generate predictions and to carry out an internal cross-validation 

technique for estimating of model prediction error by calculating the OOB Error [28,60,63]. The 

predictions from the OOB samples were used to compute RMSEOOB and RMSE%OOB.  

The OOB estimate of error is considered to be a reliable assessment of predictive accuracy since 

the OOB data did not form part of the bootstrapped data sample as the inputs to the model [28,60]. 

Researches highlights that it is not necessary to have an independent validating dataset [57,64], and 

this is of particular interest regarding wetland areas, since data collection is difficult due to areas poor 

accessibility [28]. In the final stage of the study, the AGB and Corg maps were generated for the study 

area using the Rasterio Python library in Python 3. 

3. Results  

3.1. Optimization of Regression Model Parameters   

RF algorithm was run repeatedly to obtain the optimum Ntree values. To optimize bagging 

trees, we varied the number of trees (Ntree) in the ensemble by adding 50 trees at a time and then 

recorded the resulting RMSE up to a maximum of 1000 trees. The optimal Ntree that produced the 

lowest RMSE in each model is highlighted in dark blue and the highest RMSEs in dark gray (Figure 

3). 
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Figure 3. Optimization of RF parameters. Ntree versus RMSE for six models in PS and S2. The lowest RMSE in 

each model is highlighted in dark blue and the highest RMSEs in dark gray. RMSE in grams per treatment area 

variation: SV (0,25m²), SV1m² (1m²), SVPA (400m²) and the same in NL. A) AGB; B) Corg. 

In general, the best accuracies occurred between low and medium Ntree values (up to 550) with 

PS sensor data and up to 850 with the S2 sensor. The results indicated that changes in Ntree 

parameters result in changes in RMSE, especially for models with treatments that are not normalized. 

It also indicates that exceeding the optimal Ntree does not improve the model's accuracy. Therefore, 

we selected the Ntree value with the lowest RMSE in each model to run the optimized regressions 

and will be presented these results in the next section.  

3.2. Predictive Performance of the RF Models  

The performance of models could be explained by the Table 4 and by the scatterplots (Figure 4), 

which show the relationship between the observed AGB values and predicted AGB values in bag and 

OOB. The predictive performance of the models was assessed based on the lowest %RMSE OOB and 

%RMSE, in that order, and the highest R² between sensors and treatments in the same group. The 

model with the best AGB and Corg prediction performance was highlighted in bold in Table 4. 

Table 4. Performance of models for prediction of Cyperus byssaceus AGB and Corg from S2 and PS data using 

different treatments. 

AGB 

Group Sensor Treatment R2 RMSE RMSE% RMSE OOB RMSE OOB% 
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G1 

S2 

SV 0.85 21.46 12.35 39.60 22.75 

SV1m² 0.85 87.55 12.65 157.26 22.58 

SVPA 0.85 34246.41 12.33 58938.28 20.98 

PS 

SV 0.83 22.89 13.19 62.74 35.93 

SV1m² 0.86 85.19 12.31 163.32 23.49 

SVPA 0.84 804.33 12.81 1502.88 23.67 

G2 

S2 

SVNL 0.85 0.12 2.37 0.21 4.04 

SV1m²NL 0.83 0.13 1.95 0.22 3.34 

SVPANL 0.87 0.11 0.91 0.21 1.71 

PS 

SVNL 0.85 0.12 2.37 0.22 4.24 

SV1m²NL 0.85 0.12 1.83 0.21 3.17 

SVPANL 0.85 0.12 1.37 0.21 2.41 

Corg 

G1 

S2 

SV 0.89 7.41 10.39 16.17 19.71 

SV1m² 0.79 41.83 14.39 57.38 22.41 

SVPA 0.84 14228.77 12.50 24846.43 21.73 

PS 

SV 0.85 8.79 12.26 16.54 21.83 

SV1m² 0.84 36.51 12.71 63.21 21.88 

SVPA 0.84 318.91 12.27 573.27 23.02 

G2 

S2 

SVNL 0.86 0.12 2.73 0.21 5.08 

SV1m²NL 0.85 0.12 2.09 0.23 4.06 

SVPANL 0.86 0.12 1.00 0.20 1.70 

PS 

SVNL 0.86 0.11 1.49 0.21 2.72 

SV1m²NL 0.83 0.13 2.26 0.21 3.69 

SVPANL 0.85 0.12 2.67 0.21 5.02 

The best AGB and Corg prediction performance was highlighted in bold. 

The best model among the sensors was that of S2 using treatments SVPANL for AGB (R² 0.87) 

and SV for Corg (R² 0.89). Their higher R² values better explained the variability of observed AGB 

and Corg, and %RMSE and %RMSE OOB showed less relative dispersion of predicted values in 

relation to observed values, compared to the best PS sensor models. 

The treatment that was repeated the most with the best fit (3x) in group 2 and among all the 

models were SVPANL. In group 1 there was no predominance of the best performing treatment, but 

the model with SV treatment was repeated 2x and achieved the best R² (0.89) of all the models. In 

general, the models with treatments estimated to sensor Pixel Area prevailed with the best fits in 

predicting AGB and the models with treatments Sample Values prevailed with the best fits in 

predicting Corg para o sensor S2. No treatment prevailed between groups with the PS datasets, but 

SV1m² had the highest R² of 0.86. 

Although the models achieved a good fit, they had moderate to low predictive accuracy when 

using the OOB dataset, with %RMSEOOB around 1x higher compared to the training dataset. All the 

models showed a tendency to overestimate, which can be seen when comparing the mean values 

observed versus predicted (Table 5). Note that even with a low R², the average AGB and Corg 

predicted with OOB data were very close to the average observed and training values.  
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Figure 4. The predicted results of S2 models (A) and PS (B) with different treatments. Values in grams per 

treatment area variation: SV (0,25m²), SV1m² (1m²), SVPA (S2=400m² and PS = 9m²) and the same in NL. The 

best-fitting models have a higher R², a lower slope of the OOB Prediction line in relation to Prediction and less 

dispersion of the points. 

Table 5. Comparison of observed and estimated average AGB and Corg values. 

      AGB 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 24 February 2025 doi:10.20944/preprints202502.1871.v1

https://doi.org/10.20944/preprints202502.1871.v1


 11 of 23 

 

  Sensor Treatment. μObs μPred μOOB 

G1 

S2 

SV 172.61 173.78 174.05 

SV1m² 658.32 660.43 664.10 

SVPA 276178.96 277714.74 280909.88 

PS  

SV 172.61 173.51 174.64 

SV1m² 658.32 660.09 663.16 

SVPA 6214.03 6278.38 6349.69 

G2 

S2 

SVNL 5.102 5.103 5.106 

SV1m²NL 6.488 6.502 6.504 

SVPANL 12.480 12.489 12.500 

PS  

SVNL 5.102 5.107 5.116 

SV1m²NL 6.488 6.493 6.497 

SVPANL 8.686 8.687 8.693 

   Corg 

G1 

S2 

SV 71.54 71.31 72.15 

SV1m² 273.82 278.26 278.69 

SVPA 114456.71 113874.3 114321.65 

PS  

SV 71.54 71.69 71.87 

SV1m² 273.82 274.76 276.37 

SVPA 2575.28 2599.82 2625.71 

G2 

S2 

SVNL 4.223 4.222 4.221 

SV1m²NL 5.61 5.616 5.634 

SVPANL 11.601 11.605 11.616 

PS  

SVNL 4.223 4.236 4.253 

SV1m²NL 5.61 5.618 5.636 

SVPANL 7.807 7.814 7.824 

Average values in grams per treatment area variation: SV (0,25m²), SV1m² (1m²), SVPA (S2=400m² and PS = 

9m²) and the same in NL. The average AGB and Corg predicted with OOB data were very close to the average 

observed and training values. 

We found a good fit between models performance and plot area variations under G2 treatments 

(Figure 5A), with distinct sensor relationships (Figure 5B). The AGB and Corg model errors (RMSE%) 

with G2 treatments show an exponential decay as plot size increases. Conversely, the models with 

G1 treatments and with PS sensor data do not explain the effect of plot size variation on model 

performance, indicated by low R² values. Unlike, the S2 models with G2 treatments were 

substantially better (R² = 0.89). 
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Figure 5. Variability of the prediction error RMSE% related to plot size in the two treatment groups (G1 and G2), 

differentiated by AGB and Corg models (A) and by sensor (B). The highest R² better explains the effect of plot 

size variation on performance of G2 models, with NL data. 

3.3. Importance of Predictor Variables  

Figure 6 shows the importance of predictor variables for the final optimized models. We 

expected the VIs to predominate as the most important variables for the models in both sensors, but 

our results were different. Although at least one VI was present among the five most important 

variables in all the models, the single-bands were present in greater quantity, indicating that they 

have abundant information to the performance of models in estimating AGB and Corg.  

The two most important variables in the S2 models were VI CO²Flux1, followed by the band 

SWIR and this order of importance was maintained in all the AGB and Corg models. For the PS 

models, the band NIR was the most important variable, followed by Blue band in the AGB models 

and VI SPRI in the Corg models.  

For both sensors, the models with Group 2 treatments (NL) inclined to centralize the importance 

in the first variable, while the Group 1 models (without NL) better divided the importance between 

the first five variables. As a result, this set of the 5 most important variables has higher importance 

values in the Group 1 models (from 65% to 74%) than in Group 2 (57% to 71%). We also found that 

these most important variables differed in the AGB and Corg models and between the respective 

treatments.  
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Figure 6. Importance of predictor variables for the final optimized S2 models (A) and PS models (B) and their 

treatment sets. A higher value of these measures means a more important predictor variable. 

Spatial modeling of AGB and Corg was performed for the top-performing models per sensor 

(Figure 7) and for all models in the in the Supplementary Figures (Figure S1 and S2). RF predictions 

using S2 and PS data showed divergent spatial distribution trends. In the area highlighted in Figure 

7, where sampling occurred, AGB and Corg values were similar for S2 and PS across treatments, with 

comparable spatial distribution. However, in the central Cyperus boundary area, characterized by less 

human disturbance and higher moisture, predicted values were lower with S2 data (Figure S1 and 

S2), with little spatial heterogeneity (range: AGB 758 to 907 g/m², Corg 293 to 381 g/m²), while for PS 

(range: AGB 643 to 954 g/m², Corg 270 to 403 g/m²). The PS models’ highest values are found in areas 

with woody and shrub species, transition zones, and wet fields, while in the S2 models, they are 

found in cultivated areas. The lowest values are observed in regions with higher moisture or open 

water. 

Despite the maximum values of AGB and Corg being higher in the S2 models, the ranges of 

predicted values within the same treatment were greater with PS data (Figure S1 and S2). For 

instance, in the SV and SV1m² treatments, the range values were 10 g and 41 g higher for AGB, 

respectively. 
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Figure 7. Spatial modeling of AGB (1) and Corg (2) for the top-performing models per sensor (A) S2 and (B) PS. 

The highlighted areas show the differences in the spatial heterogeneity of the estimate. 

4. Discussion  

4.1. AGB and Corg Estimation Accuracy and Efficiency of Sensors  

The most accurate estimates were achieved with the S2 models, with RMSE OOB (validation) 

between 19.7% and 22.7% of the mean observed data, while the PS models ranged between 21% and 

35.9%. The best S2 AGB and Corg models achieved R² of 0.87 and 0.89 and RMSE% OOB of 1.71% 

and 19.71%, respectively. These mean validation error values are similar to those achieved in recent 

studies using RF and Sentinel 2 in predicting AGB of wetlands with similar herbaceous vegetation: 

15% [16], 25% [15], and 22.35% [65] for Mangrove vegetation. 

When compared to a study who used the same sensors and Linear Multiple Regression to 

estimate AGB and Corg of Scirpus giganteus in Banhado Grande [39] (respectively R² = 0.46 and 0.45; 

RMSE = 166.73 g/m² and 67.47 g/m²), the RF results were better with S2 data (R² = 0.85 and 0.79; RMSE 

= 157.26 g/m² and 57.38 g/m²). This can be attributed to its ability to capture complex non-linear 

relationships between vegetation and RS information [16], and in general, ML methods have shown 

better performance than linear methods in wetlands [7,16,18,29].  

Wetlands research has not yet extensively utilized the PS sensor. Among these, linear regressions 

was used to estimate mangrove biomass [66], finding S2 and PS sensors produced models with R² of 

0.89 and 0.80, respectively. The authors suggest that PS’s lower VIs may have reduced model 

accuracy compared to RapidEye and S2 sensors. Lower VIs for PS are also reported in other studies 

[39], this may have contributed to the lower performance of our PS RF models. S2’s superior accuracy 

in assessing Spartina alterniflora phenological heterogeneity [67], though both satellites had 

comparable metrics (R² 0.63), the PS providing greater spatial detail in phenology and biomass. 

Although PS images provide fine detail in VIs and biomass, the complexity of VIs trajectories 

can lead to greater errors in models [8]. The Figure 7 and Supplementary Figures (S1 and S2) illustrate 

PS models’ clearer AGB and Corg variations compared to S2, yet S2 surpasses in prediction accuracy. 
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Performance metrics are similar, but S2’s are superior. Spectral prediction model differences may 

stem from variations in radiometric quality, pixel size, and bandwidth, that is, band range in nm [68]. 

The spectral consistency between sensors improves with greater between band wavelength overlap 

[69]. Here, S2’s Blue and NIR bands are broader than PS’s, and S2 includes additional SWIR and Red 

edge bands. 

Studies comparing PS and S2 sensors, among others, with different spatial resolutions for 

predicting AGB and Corg, indicate that spectral and temporal information is more relevant than high 

spatial resolution. Thus, images with larger pixels provide more accurate estimates [70,71] because 

they capture a larger area of reflectance, reducing variations in climate, angle of incidence and other 

sources of potential error between satellites [68].  

The R² values, although high during model training (between 0.80 and 0.89), decreased in the 

OOB datasets (between 0.15 and 0.29), suggesting a need for additional input variables to understand 

generalization. Nonetheless, our OOB R² values exceed those for validation sets from similar RF 

regression studies in wetlands. An R² of 0.14 was reported for the validation dataset using bands and 

VIs [65], which in-creased to 0.74 using their mean, median, and percentile values. Incorporating 

these metrics could thus enhance RF model precision for AGB and Corg estimation in marshes with 

scarce field data. 

4.2. The Effect of Treatments and Plots Size on Model Performance and Importance of Spectral Variables 

Our tests with prediction models using different treatments indicated that the transformation of 

the data into a NL (G2) contributed to an improvement in the performance of the models. The models 

with G2 treatments achieved, in sum, R² values slightly higher (0.08) than the untransformed ones 

(G1), Table 4. The transformation of the data also reflected on the effect of the variation of the plot 

size on the performance of the models, explaining between 46% and 89% of the variation between the 

root mean square error percentage (RMSE%) and plot size (Figure 5). It also tended to centralize 

importance on the most important spectral variable, this indicates that G2 models depend heavily on 

one or a few predictors, while G1 models allow the distribution of importance to a wider range of 

variables. 

An NL transformation was applied to soil Corg for input into prediction models, including RF 

[23]. This reduces the variability of the data for more stable training. The NL transformation is 

effective when proportional variations of the dependent variable produce linear variations of the 

independent variable [72], aligning with the AGB-Corg relationship and PS and S2 predictors [15,39]. 

Additionally, in estimating AGB and Corg content in mangrove species, was observed that the 

NL transformation mitigates the increasing AGB variance with increasing tree size or canopy 

structure, thus reducing heteroscedasticity [73]. By evaluating linear models with and without NL 

transformation, the author found that NL models more accurately reflect the biomass-independent 

variable relationship, supporting with [74] and our findings. 

Regarding the effects of plot size on model performance, generally, treatments estimated to the 

sensor Pixel Area performed better in AGB predictions and Sample Value treatments performed 

better in Corg predictions. By normalizing the data and mitigate the variance, the treatments in G2 

revealed the hidden relationship in G1 between plot size and model performance.  This made it 

noticeable that the prediction errors (RMSE%) of the models decrease with the increase in the plot 

size with the S2 sensor data. In the models with PS data, the test with larger plots did not have the 

same effect (Figure 5).  

Research on AGB and Corg prediction has shown that plot size and sample number affect model 

performance, particularly in forest ecosystems, planted forests, and mangroves with use of Lidar and 

other sensors, is noted for reducing model errors as plot size increases [22,31–33,75]. As factors that 

may contribute to this observation, larger plots mitigate co-registration errors due to increased spatial 

overlap, enhancing resilience to GPS positioning errors and reducing spatial variance among plots 

[25,33].  
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The way in which plot and sample sizes affect RF model accuracy was examined using Pléiades 

sensor data (spatial resolution from 50 cm to 2 m) in plantation forests in Iran [76]. Larger plots (300 

m² and 500 m²) yielded marginally higher accuracies (RMSE% ~ 0.51 to 0.65) compared to 100 m² 

plots (RMSE% ~ 0.59 to 0.70). However, factors like sample size and total area sampled had a more 

pronounced impact on performance. These results do not suggest a clear advantage of preferred plot 

size for precise AGB estimates, though, they propose us for exploring additional factors to enhance 

PS model performance. 

Without comparable studies on plot size effects in wetland AGB and Corg models with 

herbaceous vegetation, our results align to those based on forest and other vegetation cover estimates. 

Larger plots improve S2 model performance (Figure 5A and 5B), suggesting that smaller plots may 

compromise the reliability of estimates. 

Predictor variables’ importance varied across treatments on the same sensor, indicating that 

their correlations with the dependent variables differ between treatments. Nonetheless, a consistent 

pattern was observed in the top five variables, involving bands and VIs (Figure 6). CO2Flux VI and 

SWIR bands 1 and 2, Blue, Green, and RE 6 and 7 (for S2 data), along with NIR, Blue, Red, Green 

bands, and SPRI and CO2Flux VIs (for PS data), were the most effective predictors for precise AGB 

and Corg models. 

CO2Flux, traditionally linked with hyperspectral data, has been successfully applied to 

multispectral images by substituting the bands centered on 531 nm and 570 nm with blue and green 

bands, as shown in various studies [77–79]. The CO2Flux, when adapted to PS and S2 images, reliably 

provides a carbon flux estimate comparable to hyperspectral sensors [78]. 

The CO2Flux was utilized in the context of extreme wetland events with S2 data to evaluate 

ecosystem service losses in hailstorm-affected mangroves [77]. The authors confirmed the VI’s 

effectiveness in gauging storm impact on carbon storage. Similarly, the SPRI’s effectiveness was 

validated in measuring Corg storage under drought-induced water stress [80]. 

Carbon flux-related VIs, specifically CO2Flux 1 and 2 and SPRI, have surpassed traditional 

indices like NDVI and NDAVI in importance. The SPRI to be more sensitive to daily and seasonal 

carbon flux changes in mangroves, while NDVI proved to be stable in perennial mangroves [54]. The 

spectral mixing’s impact on CO2Flux, since SPRI were lower in high-resolution sensors, such as 

PlanetScope and AisaFENIX, underscoring CO2Flux’s importance with S2 data [78]. Additionally, 

CO2Flux2’s importance in PS models can be attributed to NDAVI’s resistance to background 

influences (moist soil and litter) [49], greater in PS for the vegetation studied [39]. 

SWIR bands effectively capture vegetation signals and are at the top of the important variables 

in ML models for AGB and Corg in wetlands, as evidenced by S2 data [81], Landsat OLI [18], and 

others [82]. These sensors discern vegetation and soil moisture content [83], showing a positive 

correlation with vegetation and a negative one with soil moisture [84]. Spatial predictions (Figure 7, 

S1 and S2 in the Supplementary Figures) show lower AGB and Corg with S2, likely due to SWIR’s 

humidity sensitivity, yet without compromising S2 model accuracy. 

Visible bands (Blue/Red for PS, Blue/Green for S2) and red edge (RE6 and 7) were important due 

to their absorption by vegetation pigments like carotenoids, xanthophylls and chlorophyll, indicating 

photosynthetic activity [51,52]. This absorption inversely relates to NIR spectral response, which rises 

with AGB [85]. These bands, including in VIs, correlate strongly with AGB and Corg in herbaceous 

wetlands [15,16,29]. 

This study initially explored important research gaps in the modeling of AGB and Corg in 

herbaceous wetlands. We examined the influence of data normalization on the performance of RF 

models in estimating AGB and Corg, an area not previously explored, and found that models with 

normalized input data had lower estimation errors in the majority. The NL transformation is 

frequently utilized in allometric equations for AGB and Corg inventories [22,86]. Pixel values of AGB 

and Corg in NL can be used for these purposes and others mentioned, with an option to revert to 

original values via the exponential inverse function.  
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In light of the absence of research on the influence of sample plot size on the accuracy of AGB 

and Corg estimation models in herbaceous marshes, we made progress in addressing this issue and 

found that the estimation errors decrease as the S2 model plot size increases. Our findings also show 

that OOB estimates are efficient for validation, yielding average prediction errors similar to those of 

validation sets in reference studies. This can reduce the need for extensive collection, addressing the 

challenges of access and collecting enough wetland biomass for the test and validation set, 

emphasizing that this was a significant difficulty in study. 

These findings have the potential to guide the standardization of input data collection and 

treatment in predictive models based on RS and ML in wetlands, aiming for consistency in 

predictions for herbaceous wetland inventories and monitoring.  

While these are important findings, validation is necessary for other wetland types and RS data 

types. Additional factors, such as the number of samples and total area sampled, can be explored to 

further improve the estimation model's performance. Multi-source data fusion, including climatic 

and elevation data, can refine the model's predictive capabilities [17]. We therefore encourage further 

studies on this subject. 

5. Conclusions  

We utilized an optimized RF regression model based on PS and S2 optical sensor data and field 

collection to estimate in a wetland AGB and Corg in southern Brazil. Model efficacy was assessed 

against field data treatments, including variations in plot size and data normalization. Sensors 

accuracy and key spectral indicators for AGB and Corg were also evaluated. Our results lead to the 

following conclusions:  

1. Regarding RF parameters, different Ntrees impacted model errors, notably in non-normalized 

treatments, enhancing RF model precision. Thus, optimized RF models provide more accurate 

estimates. OOB estimates served effectively for validation, with average prediction errors within 

the limits found in validation sets in reference studies. This result is useful amidst wetland data 

collection challenges; 

2. Normalized sample data treatments enhanced RF model accuracy for AGB and Corg prediction. 

Estimation errors decrease as S2 model plot size increased, indicating smaller plots may 

compromise estimate reliability with S2; 

3. Utilizing S2 and PS sensors underscored, respectively, the value of medium spatial resolution 

satellite data for enhancing estimate accuracy and high-resolution data for delineating AGB and 

Corg spatial variability in wetlands. Sensors performance were close, however, S2 was more 

efficient; 

4. The RF method, employing the combination of VI CO2Flux and S2’s SWIR, Blue, Green, and RE 

bands 6 and 7 as predictors, excelled in AGB and Corg prediction. Leveraging an ML algorithm 

with VI and bands indicative of carbon fluxes and biomass changes proved beneficial, and these 

predictors serve as spectral indicators of these ecological functions;  

5. In addition to optimizing the parameters of the RF model, optimizing the input set of AGB and 

Corg collected in the field, i.e., evaluating normalization and plot sizes, has contributed to more 

accurate estimates. This approach holds promise for improved monitoring of the ecological 

processes of AGB and Corg storage in wetlands and for contributing to the understanding of 

these ecosystems as carbon sinks, vital for offsetting emissions and meeting national and global 

GHG reduction targets; 

6. We encourage future work that compares the effects of different plot sizes, sample data 

normalization methods, sensors, and VIs in RF models and other ML approaches on the accuracy 

of AGB and Corg estimates in marshes, as well as in other wetlands with emergent herbaceous 

vegetation, such as salt marshes and peatlands. This will contribute to the continued 

advancement of knowledge on improving the modeling of AGB and Corg in wetlands. 
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