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Highlights 

What are the main findings? 

• Soil moisture from L-band SAR shows high variable importance, and terrain indices are strongly 
linked to the formation of organic soils in forests. 

• Resampling and random sampling effectively reduce data imbalance, while forest cover type 
can enhance the predictive accuracy of RF models. 

What is the implication of the main finding? 

• The method provides a transferable and operational framework for large-scale mapping of 
organic wet soils in temperate forests using satellite-based L-band SAR data. 

• Improved detection of organic wet soils supports more efficient monitoring and conservation of 
peatland ecosystems under forest cover, which are critical for carbon storage and hydrological 
regulation. 

Abstract 

Environmental services of mires and peatlands and negative impacts of their alteration are 
comprehensively documented. A spatial detection of these organic soils is therefore essential. This 
paper examines the detectability of organic soils in forests using open geospatial and remote sensing 
data combined with mapped soil and water level information in two Random Forest (RF) approaches. 
Either surrounded in or covered by forest, organic soils of the study region exhibit elevated soil water 
content reaching saturation during the hydrological winter. Consequently, terrain indices from 
Digital Elevation Models (DEM) and soil moisture from L-band ALOS PALSAR signals are used as 
predictors in RF algorithms. CORINE Land Cover data help assess how different forest cover types 
(FCT) influence RF models. Substantial agreement is reached in the target classification when FCT is 
included and when using the higher spatial resolution DEM. The Boolean approach is less affected 
by different compositions of predictor variables, but is more sensitive to the level of imbalance in the 
reference data. This becomes evident when comparing the “event error” and “no event error”. In all 
RF models, the variable importance of soil moisture pixel values retrieved from L-band ALOS 
PALSAR is the highest when FCT is not included. 

Keywords: organic soils in forest; Synthetic Aperture Radar (SAR); Advanced Land Observing 
Satellite (ALOS PALSAR); backscattering coefficient (σo); soil moisture (SM); Random Forest (RF) 
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1. Introduction 

Organic soils, like mires, peatlands and gleyic soils, are ecosystems of vital importance due to 
their function on carbon sequestration, methane emission, water cycle regulation and biodiversity 
preservation [1–4]. Environmental services and negative impacts of amelioration of organic soils have 
been well documented [5–9]. Organic wet soils have acted as sinks for atmospheric carbon dioxide 
(CO2) for millennia and still today, they store more than one third of the global soil organic carbon 
[10]. We understand them as wetland ecosystems in which waterlogged conditions prevent plant 
material from fully decomposing. Consequently, the production of organic matter exceeds its 
decomposition, which results in a net accumulation of peat and carbon [1,2]. 

In Europe, many wetland ecosystems have become degraded during the last century due to 
drainage and amelioration, burning, pollution and climate change [11]. Locating and quantifying 
organic soils spatially at regional scale is an essential first step to monitor and manage them in an 
optimal manner. In Germany, a multitude of different data sources on organic soils is already 
available at smaller scales (> 1:50,000). Due to the Federal State structure of Germany, these data 
sources originate from a multitude of institutions and differ in input data, classification type, 
timeliness, and conformity with the Intergovernmental Panel on Climate Change (IPCC) definitions 
leading to fragmented, heterogeneous, and sometimes obsolete information [12,13]. The process of 
collecting contemporary in situ data on the location of organic soils in forests can become exceedingly 
arduous and resource-intensive in terms of time and labour. This is primarily due to the fact that 
these soils are characterised by a waterlogged environment and dense herbaceous vegetation, which 
significantly hinders accessibility for human investigation. The peat-forming mires, which are still 
relatively undisturbed, can be found in Germany, typically in wooded areas, due to their often-
diminutive size (ranging from 1 to 20 hectares) and challenging accessibility. Nevertheless, the 
majority of forest peatlands are degraded and drained, thus ameliorated, primarily for agricultural 
and forestry purposes. Evidence indicates that the key ecological functions of forest mires are at risk 
of being depleted or destroyed [14]. These facts, as well as the availability of remotely sensed radar 
data products and machine learning methods, encouraged the authors to test open geospatial data 
products as an efficient and less resource-demanding alternative for detecting organic soils under 
forest showing different water regimes. 

Freely available geospatial data that have been identified to potentially map characteristics of 
the geographical occurrence of organic soils under forest are: i) the Phased Array L-band Synthetic 
Aperture Radar (ALOS PALSAR) distributed for example by the Active Archive Centre of Alaska 
Satellite Facility [15], ii) the Shuttle Radar Topography Mission (SRTM) global Digital Elevation 
Model (DEM) to 1arc-second resolution [16,17] as well as the regional DEM at 25 m resolution [18], 
and iii) CORINE Land Cover Classes (CLC) based on multi-spectral satellite imagery and provided 
by Copernicus Land Monitoring Services [19]. 

The Random Forest (RF) model is known as an “ensemble” machine learning algorithm that 
conjugates two or more of what is called “weak learners” to generate a stronger one. It is capable of 
multivariate calibration, which is exactly the case in this study as it aims to detect soil properties 
based on remote sensing and ancillary data. RF is also known to be computationally efficient, easy to 
parameterize, accurate, stable and enables practical means to rank predictors based on their influence 
on the classification [20,21]. The RF classifier has been used successfully for wetland mapping in 
several studies [22–25]. 

The use of topographical indices for modelling the occurrence of organic soils has become 
established as part of the increasing provision of open geospatial data and the improvement of 
technical application possibilities [26,27]. Topographical indices such as elevation and slope play an 
important role, especially in connection with the modelling of hydrological properties that are 
essential for peat formation, e.g., groundwater dynamics, water balance [28]. The post-glacial 
morphological character of the study area and the presence of different hydrogenetic mire types (e.g., 
spring mires, kettle-hole mires, paludification mires etc.) favour the use of digital terrain models as 
explanatory variables in the machine learning model [14]. 
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Active remote sensing sensors including Synthetic Aperture Radar (SAR) have been proven 
capable of detecting and classifying wetland areas and their landscape dynamics in the tropical, 
temperate, and boreal zone [29–34]. The reflected electromagnetic radiation sensed as backscattering 
coefficient soundly responds to soil moisture through sparse vegetation [35]. The penetration of a 
microwave into the soil depends intrinsically on its wavelength [36–39]. Shorter wavelengths (e. g. 
C-band SAR with a wavelength of ~ 56 mm) respond more to soil roughness or superficial texture on 
bare soils and to vegetation density, orientation and texture in areas covered by low vegetation, for 
example in agricultural sites [40]. As highlighted by Wagner et al. [36,37], longer wavelengths (e. g. 
L-band SAR with a wavelength of ~ 236 mm) are less responsive to small obstacles and soil texture 
and allow measurements of the real dielectric constant (RDC) which is a reliable indicator of water 
content in soils, vegetation or in any other object or structure. 

Spatial location of organic soils under vegetation has been estimated and mapped already from 
backscattering coefficient in several studies [41–44]. These studies have shown promising correlation 
between backscatter coefficient and water table depth in wetlands. Kim et al. [45] and Bechtold et al. 
[46] found encouraging results regarding the correlation between soil moisture, water table depth 
and L-band radar backscatter for a small number of observations in wetlands and some local 
peatlands in forests. C-band Sentinel-1 data has been applied for soil moisture estimation in organic 
soils [44] as well as in mineral soils [47]. However, the L-band radar signal is particularly suitable for 
observations characterized by dense vegetation cover, which can lead to strong attenuation of C-band 
radar signals [48]. 

Significant innovative methods on the application of L-band polarimetric data for peatland 
mapping and classification in tropical and in boreal forests have been contributed by several 
researchers [49–52], among others. However, these studies focused on peatlands in agricultural areas 
as well as in the boreal or tropical forests. To the best of the authors’ knowledge, research focusing 
on the detection of organic soils with different water regimes in temperate forests at a high spatial 
resolution has not yet been carried out. The objective of this study is to propose an innovative 
approach for the detection of organic soils across diverse water regimes within the context of 
temperate forest regions. It encompasses an evaluation of the efficacy of L-band ALOS PALSAR data 
in conjunction with digital elevation models (DEM) and CORINE land cover data (CLC), as a 
potential tool for this purpose. For this study, we consider a study region in north-eastern Germany 
where organic soils are an abundant feature, as they are across Northeast Europe. 

2. Materials and Methods 
2.1. Study Region and Forest Land Cover 

A study region spanning approximately 7,562 km2, situated in the north-eastern area of the 
Federal State of Brandenburg (Figure 1), has been selected for the purpose of evaluating a novel, 
methodical approach. The landscape in the region has been formed by glacial and postglacial 
geomorphologic processes and is dominated by a typical lowland, mostly flat to smoothly undulated 
topography. Elevations range from 10 m to 160 m above sea level with short and steep slopes and 
aeolian fossil dunes located onto the postglacial surface. The lowlands were formed by meltwater 
channels and glacial valleys. The development of mires was influenced by the presence of 
groundwater, and the subsequent evolution of these wetlands varied according to specific 
hydrological conditions. According to DWD Climate Data Centre [53,54], the mean monthly 
precipitation ranked around 40 mm and mean monthly temperature amounted 5.3 °C within the six 
months timespan from November 2008 to April 2009 which is the period in which reference data was 
collected and SAR imagery was acquired. According to CORINE Land Cover (CLC) data from 2012 
[19], the dominant land cover classes were agricultural land and forests. The latter covers 36% of the 
study region and composes of coniferous forests (24.5%), broadleaved forests (8%) and 3.5% of mixed 
forest (Figure 1). The land cover data utilized in this study was obtained from 2012 due to its 
proximity to the reference data collection and imagery acquisition date. The analysis in the this study 
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is focussing on forest areas in the study region, consequently CLC 2012 forest land cover data was 
utilized to mask reference points located within respective forest areas. 

 
Figure 1. Study region in north-eastern Brandenburg, Germany. 

2.2. Methodological Approach 

This section describes the approach for the creation of the reference data set, the data pre-
processing steps and the soil moisture (SM) retrieval from backscatter (σo). Also, the Random Forest 
(RF) model establishment and implementation as well as the applied accuracy assessment is 
introduced. The workflow diagram in Figure 2 illustrates the general approach that is presented in 
the next pages. 

 

Figure 2. Workflow of the methodological approach; red-marked the RF models. 
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2.2.1. Reference Data & Reference Data Preparation 

We used the following ecological data sets as independent reference data in our study: 

1. Pedo-ecological data of the Brandenburg-wide forest site assessment [55,56] 
2. Pedological Data of the second National Forest Soil Inventory (NFSI-II) (2006 to 2009) [57,58] 
3. Spatial interpolated groundwater level data of Brandenburg (reference year 2008) [59] 

The Brandenburg-wide forest site assessment (1.) provides a classification of soil type including 
soil moisture level and is available on a scale of 1:10,000. The NFSI (2.) provides detailed soil profile 
information and measurement for 212 inventory points across Brandenburg. The Brandenburg 
groundwater level information (3.) is provided in a regular 100 x 100 m grid. Based on this 
groundwater grid and using the above data, Russ et al. [57,60,61] have developed a regionalization 
model that results in high-resolution soil information for the entire area of Brandenburg. In the 
present study, exclusive consideration is given to the groundwater grid point information (3.) that 
has been observed in the forest and has been identified as having the optimal prediction quality 
following Benning et al. [62]. Consequently, only analysed soil profile data and soil profile data 
derived from maps or digital soil mapping approaches have been used as reference data. Table 1 
presents an overview of the combined soil classes and groundwater level classes to be detected in 
this study using the RF algorithm in combination with open geo-data. Thus, the reference data is split 
for training (70%) and testing (30%) the defined RF models (cf. section 2.2.4). 

Table 1. Overview of combined soil classes and groundwater level detection classes (below soil surface) 
including the sample size of respective grid points (= data points) clipped by the study region. 

Soil type Soil class Groundwater level 1 in [m] Detection class 2 N 

Organic wet 
soils 

(Peat soils) 

O1 >0.0 3 790 
O2 0.0-0.2 3 150 
O3 0.2-0.5 3 546 
O4 0.5-1.0 1 2,384 

Mineral wet 
soils 

(Gleyic soils) 

N0 <0.2 2 109 
N1 0.2-0.5 2 660 
N2 0.5-1.0 1 3,313 
N3 1.0-1.8 1 3,969 

Mineral dry 
soils 

T1 1.0-1.8 0 6,206 
T2g 1.8-3.0 0 10,908 
T2/3 >3.0 0 101,018 

1 Groundwater level for soil class O4 and N3 caused by groundwater lowering (amelioration). 2 Classes to be 
detected by ALOS-PALSAR. 

In accordance to the objective of this study, the detection classes to be identified by the RF 
classifiers were reorganised on the basis of the following: i) soil class and groundwater level 
information, ii) the fact that depending on groundwater level, capillary rise influences soil moisture 
in respective (organic) soil layers, and iii) the capability of the SAR L-band frequency microwaves to 
penetrate soil depths up to approximately 80 mm below surface level. According to Table 1, detection 
class 3 refers to organic wet soils, detection class 2 to mineral wet soils, detection class 1 to 
intermediate wet soils (organic or mineral), and detection class 0 to sites far from groundwater, 
respectively. Figure 3 shows all grid points classified as organic wet soils O1 to O3 (= detection class 
3) located in the federal state of Brandenburg. 

Subsequent to the definition of the detection classes, the next stage of the process was to prepare 
and balance the reference data set. In order to eliminate any potential influence of lateral water fluxes 
on the recorded backscatter coefficient (σo), reference data points within 200 m to water bodies were 
subtracted. Subsequently, reference data points within a buffer of 100 m from artificial surfaces, urban 
areas, bare soil, and agricultural land, were subtracted to avoid edge effects altering the σo values 
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recorded by the SAR sensor due to the influence of such land covers on the L-Band wavelength 
[63,64]. 

 

Figure 3. Occurrence of organic wet soils (O1 to O3) of detection class 3 in Brandenburg. 

The RF algorithm is built on decision trees foundations, and decision trees are sensitive to class 
imbalance (cf. Table 1, column “N”). The RF classifier shows better results when it is trained with 
data sets where the number of data points per class is more balanced [65]. Therefore, a last data pre-
processing step is recommended. An augmentation of the number of points from low occurrence 
classes (detection class 1, 2, and 3; cf. Table 1) was achieved through the process of resampling, whilst 
a specific percentage of the data points with a high occurrence class (detection class 0; cf. Table 1) 
were systematically selected for randomisation, in order to diminish the predominance of the latter. 
Table 2 presents the four created reference data sets including different levels of random sampling, 
resampling and edge effect masking. The four data sets, which differ with regard to their balancing 
tuning, form the basis of the construction of RF models. 

Table 2. Balancing of reference data set. 

Data set Id Random sampling % high 
occurrence class (0) 

Resampling low  
occurrence class (3;2) 

Edge effect 
masking 

DS_Tune_1 0.10 FALSE FALSE 
DS_Tune_2 0.15 TRUE TRUE 
DS_Tune_3 0.25 TRUE FALSE 
DS_Tune_4 0.20 TRUE TRUE 

The effect of the balancing of under-represented detection classes is shown exemplarily in Figure 
4. 

2.2.2. Processing of Open Geo-Data (SAR, DEM, CLC) 

Several standardized geo-data products with almost global coverage are available from passive 
and active microwave observations, which are frequently utilized to detect soil moisture in the upper 
soil layers [66–68]. However, their spatial resolution is often too coarse to accurately detect and 
represent the high variability in medium and small sized wetlands [14]. Authors obtained nine 
images from L-band ALOS PALSAR polarimetric operational mode (PLR) via the Alaska Satellite 
Facility, distributed by the Active Archive Centre [15]. The products were acquired at quad 
polarization, covering a timespan from November 2008 to April 2009, collected in ascending pass 
direction. Images of periods with snow cover, dew, or precipitation during the last six hours prior to 
sensor data acquisition, were discarded. Such moist or wet conditions could lead to nonlinear 
microwave signal dynamics, alterations and disturbances, reducing their capability in monitoring 
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topsoil moisture [69]. In order to identify such conditions, data and time of image detection and the 
hourly precipitation records from 16 climate stations in the study area were analysed [53,54]. 

 
Figure 4. Absolute frequencies of data points per reference data set and detection class before (upper row) and 
after balancing (bottom row). 

The Shuttle Radar Topography Mission (SRTM) global digital elevation model (DEM) with 1 
arc-second (= 30 m pixel resolution) was integrated to pre-process the SAR images [16]. Furthermore, 
a regional topographic DEM of 25 m resolution (cf. section 2.2.4) was used as the source for 
topographic indices [18]. Such indices can significantly improve the general detection capability of 
SAR data [22,23]. This is particularly true in flat or geomorphologically less active landscapes, where 
the development and spatial location of organic soils is highly dependent on local topographic 
features that control water movement and sedimentation [70]. CLC data were used to examine the 
impact of forest cover type on the occurrence of forest organic soils. It is part of the Copernicus Land 
Monitoring Service and the 2012 CLC version used in this study is based on Landsat and SPOT data 
and has a spatial resolution of 100 m * 100 m. For the spatial assignment of the FCT, the data set had 
to be rasterised (cf. Figure 2). Hence, the spatially assigned forest cover type (deciduous, coniferous 
and mixed forest) was included as a predictor in the RF algorithm. 

2.2.3. Soil Moisture Retrieval from SAR 

The SAR bands of the selected images were calibrated to σo using the SNAP Sentinel 1 Toolbox 
from the European Space Agency [17]. Geometric correction using SRTM DEM, radiometric terrain 
correction, and 5*5 Sigma-Lee speckle filtering were applied to enhance contrast and lower random 
aspects. The relationship between SAR images σo and physical parameters used to characterize soil 
moisture have been studied by analysing various physical, semi-empirical and empirical radar 
backscattering models [71]. The most frequently used models are the Integral Equation Model (IEM) 
proposed by Fung et al. [72], the Advanced Integrated Equation Model (AIEM) by Wu et al. [73], and 
semi-empirical calibrated IEM for C-band and L-band SAR [74,75]. 

Algorithms have been developed to reduce the complexity of IEM application. They are based 
on fitting of IEM numerical simulations for a wide range of surface conditions [76,77]. These 
simplified IEM-based algorithms require fewer parameters and are much easier to use with remotely 
sensed data [78]. The result is a look-up table (LUT) of IEM simulations that serves to directly relate 
SAR σo to theoretical model predictions with known radar parameters. In this study, the IEM multi-
polarization inversion has been used to obtain the real dielectric constant (RDC). The LUT used to 
feed the IEM was obtained from the soil moisture (SM) retrieval module in SNAP Sentinel 1 Toolbox, 
while all parameters were set to default [17]. Afterwards, a land cover model provided in SNAP was 
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applied, including clay, sand, and MODIS-2010 tree cover percentage layer. To reach the desired 
output, the linear power was converted to retrieved SM following Hallikainen et al. [79]. A quality 
index was obtained in parallel along with the process of SM retrieval. This index supports the 
understanding of the quality and therefore accuracy of the calculation by assigning a quality value 
to each pixel of retrieved SM. 

2.2.4. Random Forest Classification (Model Set-Up & Validation) 

In this study, RF models were developed and applied to classify data points into the four 
described detection classes (cf. section 2.2.1, Table 1). Thereby, models differ according to the 
balancing procedure as well as the selected predictors. The summary of the predictors that were 
obtained from the different data sources are displayed in Table 3. 

Table 3. Predictors obtained from the different data sources. 

Source of predictor Predicting variable 

L-Band ALOS PALSAR Soil moisture (m3 m-3) 

DEM SRTM 1arcSecHGT  
(30 m) 

Elevation (m) 

Slope (o) 

Regional DEM 25 × 25 m 
Elevation (m) 

Slope (o) 

Corine Land Cover 2012 
Forest cover type (coniferous, broad leaved, 

mixed) 

In this context, RF models were developed that on the one hand predict each of the four detection 
classes (target classification) and on the other hand use a Boolean approach. The latter then treat 
detection class 3 (organic wet soils) or classes 2 and 3 (organic and mineral wet soils) in the RF models 
as TRUE events (or “event”), whereas all other detection classes are treated as FALSE events (or “no 
event”). It is important to note that, in order to compare the influence of the two sources of 
topographic variables, it was necessary to set up independent RF models (Table 4). 

Table 4. Random Forest model set-up. 

Data set Id DEM used RF model Id 

DS_Tune_2 
DEM SRTM RFmdl_2 

DEM 25 RFmdl_3 

DS_Tune_4 
DEM SRTM RFmdl_6 

DEM 25 RFmdl_7 

RF models were set up using the R software [80] in connection with the randomForest package 
[81]. The two main tuning parameters in the generated RF models were: a) the number of predictors 
randomly sampled as candidates at each split or tree node (mtry), and b) the number of classification 
trees (ntree) [82]. We tested these parameters iteratively by letting mtry one by one run through all the 
predictors. ntree was determined in an ascendent sequence every 25 trees up to a maximum of 200. A 
partition index of 0.7 train / 0.3 test was set and resampling of 25 replications bootstrapping across 
hyperparameters was implemented. No pruning of trees was set due to the small number of 
predictors. In addition, previous studies reported that bootstrap sampling that grows all trees to 
maximum size without pruning makes RF less susceptible to overfitting [83–85]. After the different 
RF models were set, trained, and tested, accuracy assessment matrices were calculated. The Kappa 
value as one output of the accuracy matrix was used to assess the quality of the RF models set up, 
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and interpreted according to [86]. The importance of the predictors was evaluated based on the mean 
decrease in accuracy (MDA) criterion [23]. 

3. Results 
3.1. Soil Moisture (SM) Values 

From L-band ALOS PALSAR imagery, RDC (Farad m-1) was calculated, and from it, SM was 
retrieved (cf. section 2.2.3). The latter ranged from 0.029 to 0.55 m3 m-3 before histogram stretching. 
Along with it, the calculation quality index was obtained. Authors like to note that during the visual 
analysis of the SAR images, a very slight displacement in the edges of the tiles was perceived. The 
resulting maps of retrieved SM and quality index can be observed in Figure 5a and 5b, respectively. 

  
(a) (b) 

Figure 5. (a) Soil moisture retrieved from SAR (ALOS PALSAR), and (b) Quality index results. 

3.2. RF Classification & Validation (Target Classification) 

The results of the accuracy assessment of the RF classification are presented for two scenarios: 
once when FCT was included as a predictor and once without. The error rates per detection class 
indicate the proportion of incorrectly classified instances per class and vary more between the 
different RF models when FCT was not included as a predictor (Figure 6). In both cases, the error 
rates are the highest for detection class 1 (intermediate wet soils), independently of the DEM and the 
percentage of random sampling of the high occurrence class used in the RF models. The low error 
rate for class 0 (mineral dry soils) increases significantly when the percentage of random sampling 
was increased from 15% to 20% (RFmdl_6, RFmdl_7). However, the error rate also decreases for this 
class when the FCT is included in the models as a predictor. The error rates for detection classes 2 
and 3 are in the middle of the range, between 0.31 and 0.41, but are more balanced when FCT is 
included as a predictor variable in the models. If FCT is not included, RFmdl_7 performs best for 
detection class 3 (0.31). Along with the error rates per detection class, a clear pattern was found 
regarding the performance of the models as a response to the utilized DEM. Models in which the 
regional DEM (25 m pixel resolution) was used, showed superiority in terms of detection over SRTM 
DEM (30 m pixel resolution). This pattern can be observed in a consistent manner also in the attempts 
where the FCT was included as a predictor. 

Table 5 shows a comparison of the confusion matrix of the four RF models, whereby the 
detection class-specific results for detection classes 3 (organic wet soils) and 2 (mineral wet soils) are 
highlighted as the target classes of the present study. 
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Figure 6. Error rate per detection class for different RF models; FCT not included (left) and FCT included as 
predictor (right). 

Table 5. Accuracy assessment results detection class 3 and 2 (Kappa values in bold correspond to moderate to 
substantial agreement between 0.41 and 0.80). 

Assessment  
indicator 

  FCT not included FCT included 
Clas

s 
RFmdl

_2 
RFmdl

_3 
RFmdl

_6 
RFmdl

_7 
RFmdl

_2 
RFmdl

_3 
RFmdl

_6 
RFmdl

_7 
Overall 

Accuracy - 0.52 0.63 0.50 0.63 0.59 0.71 0.59 0.71 

Kappa      - 0.34 0.49 0.34 0.50 0.44 0.61 0.45 0.61 
Sensitivity 

(TPR) 3 0.50 0.62 0.57 0.70 0.59 0.74 0.65 0.77 

Specificity 
(TNR)  

3 0.88 0.89 0.86 0.87 0.90 0.92 0.89 0.90 

Precision (PPV)  3 0.55 0.61 0.58 0.64 0.64 0.72 0.67 0.72 

Prevalence 3 0.22 0.22 0.26 0.26 0.22 0.22 0.26 0.26 
Balanced 
Accuracy  3 0.69 0.75 0.71 0.78 0.75 0.83 0.77 0.84 

Sensitivity 
(TPR) 

2 0.47 0.68 0.48 0.71 0.61 0.75 0.62 0.76 

Specificity 
(TNR)  

2 0.84 0.90 0.82 0.88 0.85 0.93 0.83 0.92 

Precision (PPV)  2 0.46 0.65 0.48 0.64 0.53 0.74 0.55 0.76 

Prevalence 2 0.22 0.22 0.26 0.26 0.22 0.22 0.26 0.26 
Balanced 
Accuracy  

2 0.66 0.79 0.65 0.78 0.73 0.84 0.72 0.84 

The overall accuracy and Kappa values provide an insight into the overall performance of the 
RF models. Sensitivity (True Positive Result), specificity (True Negative Result), precision (Positive 
Predictive Value), prevalence and balanced accuracy are presented per detection class. The lowest 
overall accuracy and Kappa values are found for the RFmdl_2 and RFmdl_6 implementation in case 
FCT is not included as a predictor variable and indicate a fair agreement (Kappa ≥ 0.21 and ≤ 0.40). 
RFmdl_3 and RFmdl_7 show an increase in terms of overall accuracy, and Kappa values in both cases 
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(FCT not included/included) exceed the limit for a moderate (Kappa ≥ 0.41 and ≤ 0.60) and even 
substantial agreement (Kappa ≥ 0.61 and ≤ 0.80). These results show high concordance with the error 
rates results per detection class (cf. Figure 6). It is evident that the disparity in the randomised 
sampling percentage of the high occurrence class appears to have a marginal influence on the 
comprehensive enhancement of the RF models. 

This pattern is also observed when looking at the detection class specific accuracy indicators in 
the matrix. In the case that FCT is not considered as a predictor and using the SRTM DEM as an input 
variable (RFmdl_2, RFmdl_6), the class-specific indicators show a slightly better detectability of 
detection class 3 compared to detection class 2. This results in a higher value for the balanced 
accuracy, 0.69 and 0.71, opposite 0.66 and 0.65. The reverse is true if the regional DEM with a higher 
resolution is used as an input variable (RFmdl_3, RFmdl_7). This results in better detectability for 
detection class 2 with predominantly higher values for the sensitivity, specificity, precision and 
balanced accuracy. If the FCT is took into account as a predictor in the RF models, the pattern becomes 
more heterogeneous in terms of the detectability of the two target classes. Here, the detection class-
specific accuracy values are also higher when the regional DEM is used (RFmdl_3, RFmdl_7), 
although detection class 2 appears to be slightly better predicted than detection class 3. Using the 
SRTM DEM (RFmdl_2, RFmdl_6), the results are even more diverse: sometimes RFmdl_2, sometimes 
RFmdl_6 shows a better performance, depending on which accuracy value is considered. Therefore, 
authors emphasise here the significance of using DEM data with a high spatial resolution. 

The impact of the various balancing methods on the RF model performance is found to be 
negligible when considered against the reference data sets. Only in terms of sensitivity, the values 
increase in the case of detection class 3 and irrespective of the consideration of FCT as a predictor. As 
prevalence describes the proportion of the instances of a specific detection class, it is independent of 
the predictors involved. Therefore, prevalence is identical for the respective models of the same 
random sampling percentage. 

3.3. RF Classification & Validation (Boolean Approach) 

Specifying either detection class 3 or detection classes 2 and 3 as a positive, true event in the 
Boolean approach results in the following accuracy assessment values. Thereby, Table 6 shows the 
overall performance indicators when FCT is included, and Table 7 when FCT is not included as a 
predictive variable. Again, consideration of FCT improves the prediction accuracy of RF models, 
which is confirmed by lower Out-of-Bag (OOB) error rates in all model variants. It is observed, that 
the error rate for “no event” (detection classes 0, 1, and 2 = FALSE) is minimal, while it is between 
43% and 60% for “event” (detection class 3 = TRUE). This discrepancy is levelled out if instances of 
detection classes 2 and 3 are considered together as a positive event. Concurrently, the OOB error 
rate exhibits a marked increase when FCT is omitted, as evident in Table 6. When FCT is included, 
the increase of OOB error rate is less (Table 7). A comparison of the different DEM data sources used 
in the RF models shows that the error rates are generally slightly reduced when using the regional 
DEM of 25 m pixel resolution. 

Table 6. Error of event prediction for different RF models (FCT not included as predictor). 

Model/     
Error 

event of 
success RFmdl_2 RFmdl_3 RFmdl_6 RFmdl_7 

OOB error class 3 0.18 0.16 0.20 0.17 
error no event class 3 0.06 0.06 0.08 0.08 

error event class 3 0.60 0.51 0.54 0.43 
OOB error class 2 & 3 0.36 0.28 0.39 0.29 

error no event class 2 & 3 0.28 0.21 0.38 0.29 
error event class 2 & 3 0.47 0.37 0.39 0.30 
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Table 7. Error of event prediction for different RF models (FCT included as predictor). 

Model/       
Error 

event of 
success RFmdl_2 RFmdl_3 RFmdl_6 RFmdl_7 

OOB error class 3 0.16 0.15 0.17 0.16 
error no event class 3 0.04 0.06 0.06 0.07 
error event class 3 0.56 0.44 0.50 0.41 

OOB error class 2 & 3 0.26 0.24 0.28 0.26 
error no event class 2 & 3 0.24 0.21 0.29 0.25 
error event class 2 & 3 0.29 0.28 0.27 0.27 

Compared to the target classification (cf. section 3.2), the Boolean approach produces a higher 
overall accuracy and higher Kappa values (Table 8) in case detection class 3 is defined as TRUE. 
Similar to the target classification, a clear improvement of the RF models’ performance can be stated 
when FCT is included as predictor. Furthermore, the positive impact of the higher spatial resolution 
of the DEM data source becomes visible. Hence, RFmdl_2 and RFmdl_6 produce Kappa values of 
0.48 and 0.51 (FCT included), while RFmdl_3 and RFmdl_7 Kappa values are 0.62 and 0.67. The range 
of the Kappa values shifts downwards if detection classes 2 and 3 are jointly defined as a positive 
event, namely from 0.37 (RFmdl_2, FCT not included) to 0.67 (RFmdl_7, FCT included) to 0.28 
(RFmdl_2, FCT not included) to 0.62 (RFmdl_7, FCT included). 

Table 8. Accuracy assessment results for different RF models of the Boolean approach; event of success = 
detection class 3, event of success = detection class 2 & 3 (Kappa values in bold correspond to moderate to 
substantial agreement between 0.41 and 0.80). 

Assessment 
Eve
nt 

FCT not included FCT included 
RFmdl
_2 

RFmdl
_3 

RFmdl
_6 

RFmdl
_7 

RFmdl
_2 

RFmdl
_3 

RFmdl
_6 

RFmdl
_7 

Overall 
Accuracy 

3 0.81 0.83 0.80 0.84 0.84 0.87 0.83 0.88 

Kappa      3 0.37 0.47 0.41 0.54 0.48 0.62 0.51 0.67 
Sensitivity 
(TPR) 

3 0.38 0.48 0.45 0.61 0.50 0.66 0.53 0.72 

Specificity 
(TNR)  

3 0.94 0.93 0.92 0.91 0.93 0.94 0.93 0.94 

Precision (PPV)  3 0.64 0.68 0.65 0.70 0.69 0.75 0.72 0.79 

Prevalence 3 0.23 0.23 0.25 0.25 0.23 0.23 0.25 0.25 
Balanced 
Accuracy  

3 0.66 0.71 0.68 0.76 0.72 0.80 0.73 0.83 

Overall 
Accuracy 

3 & 
2 

0.64 0.73 0.62 0.72 0.75 0.81 0.73 0.81 

Kappa      
3 & 

2 
0.28 0.44 0.24 0.45 0.48 0.61 0.45 0.62 

Sensitivity 
(TPR) 

3 & 
2 

0.54 0.68 0.61 0.75 0.71 0.78 0.74 0.83 

Specificity 
(TNR)  

3 & 
2 

0.73 0.76 0.62 0.70 0.78 0.77 0.74 0.83 
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Precision (PPV)  
3 & 

2 
0.61 0.70 0.63 0.72 0.72 0.79 0.72 0.81 

Prevalence 
3 & 

2 
0.45 0.45 0.51 0.51 0.45 0.45 0.51 0.51 

Balanced 
Accuracy  

3 & 
2 

0.63 0.72 0.62 0.72 0.74 0.80 0.73 0.81 

The sensitivity (TPR) generally increases when detection classes 2 and 3 are jointly defined as 
positive event. In parallel, specificity (TNR) decreases. The average of both indicators, resulting in 
the balanced accuracy, remains higher in case detection class 3 is exclusively defined as TRUE. The 
same applies for the proportion of positive predictions that were actually correct (precision). 
According to the differences in data sets (DS_Tune_2, DS_Tune_4) used in the RF models as well as 
changing number of true instances, the prevalence varies. All in all, the confusion matrix in Table 8 
confirms what has been stated previously: It is evident that the incorporation of FCT in conjunction 
with the regional high-resolution DEM has led to a substantial enhancement in the performance of 
RF models. The benefit of the marginal increase of the high occurrence class during the balancing 
procedure is only minor. 

3.4. Importance of Predictors 

Understanding the importance of predictors on the performance of the models is a fundamental 
part of the results (Figure 7). First, when FCT is not included as predictor, the pixel value retrieved 
from SAR backscatter was the most important predictor throughout all the models tested apart from 
RFmdl_6. The second most important predictor ranking was shared by elevation and slope. However, 
it is worth mentioning that depending on the DEM used, slope is more important compared to 
elevation and vice versa. For example, elevation is higher rated in case the SRTM DEM is used as a 
predictor (RFmdl_2, RFmdl_6). In case of RFmdl_6, elevation is even more important than the soil 
moisture retrieved from SAR backscatter. With increasing spatial resolution, the slope becomes more 
pronounced compared to the elevation. In total, the importance of predictors shifted significantly 
towards FCT when the RF models were trained and tested including it. The pixel value obtained from 
SAR backscatter was the second most important predictor for the RF models trained with the regional 
DEM. 

 

Figure 7. Predictor’s importance results; 0 = FCT not included as predictor and 1 = FCT included as predictor. 
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4. Discussion 
4.1. L-Band SAR Detection 

The data from 2009 L-Band SAR (ALOS PALSAR) mission were selected because of the quality 
and completeness of the soil survey for that specific time lapse (reference data availability). The 
selection of imagery had to be limited to a period as close as possible to the field data collection dates. 

Results of originally retrieved and non-masked SM pixel values were congruent when compared 
with ground truth data ranges. Results are also in concordance with theoretical facts such as that 
open water is usually easily distinguishable in SAR imagery due to its specular reflectance properties 
[87]. The shuttle displacement in the edges of the tiles might be a consequence of the geometry of 
acquisition, the incidence angle of the radar signal on the swath, and/or as an additional effect of 
conducting the terrain correction using a DEM of medium resolution. 

It was observed that areas with low surface roughness such as calm water, bare soil parcels and 
bare agricultural land showed the lowest values of retrieved soil moisture. In an intermediate range, 
some agricultural areas showed higher retrieved SM values, which is confirmed by several studies 
that have shown that farmland has specular scattering and double bounce scattering as dominant 
backscattering mechanisms [50]. 

The highest values of retrieved SM were obtained in areas nearby water bodies, waterlogged 
lands located where young/sparse/broad-leaved forest was the land cover. In areas close to water 
bodies, backscatter appeared to be sensitive to factors such as vegetation density and RDC of 
vegetation/soil, which tends to be higher around water bodies due to lateral currents and shallow 
water table depth. The quality index values range between -0.35 and 3.24 and revealed a higher 
calculation quality in areas with moderate to low vegetation density, young forest, broad-leaved 
forest, bare soils, agricultural and urban land. The higher quality index values correspond to areas 
where the backscatter matrices were less complex and therefore more accurately reconstructed. On 
the other hand, lower quality index values were observed in areas with coniferous/dense vegetation 
cover, which is also described in literature [63]. The foliage season for deciduous forests and younger 
stages of the forest where full canopy cover has not yet been achieved, are conditions that have 
positively influenced the quality of the retrieved SM values from SAR signals. Forest areas with 
dense, mature, or species that retain their foliage exhibited inadequate calculation precision. 

With regard to target reachability, it was observed that an enhanced range to the target can be 
achieved when there are fewer obstacles along the trajectory of the SAR signal [37,40]. In summary, 
while the L-Band wavelength is expected to penetrate foliage, the presence of fewer leaves along the 
wave path is conductive to improved reachability of soil targets. 

4.2. Reference Data Preparation & RF Model Performance 

The study demonstrated that, with the aid of a comprehensive and balanced reference data set 
and taking into account additional prediction variables, SAR-generated soil moisture values are 
appropriate for the identification of organic wet soils, with substantial agreement using the RF 
approach. The original uneven distribution of the data points in the reference data set was corrected 
using the balancing approach [65,88] (cf. section 2.2.1). There were large differences, particularly with 
regard to the frequencies of reference points in detection class 0 and the, detection class 3, which had 
a negative impact on the performance of the RF models [61,62]. This study therefore presents and 
discusses only RF model results with balanced reference data sets that show small differences in 
performance. The reason for this is that the RF models, which were set up without resampling the 
low occurrence classes, have higher overall accuracy (0.71, 0.74; results not shown), but at the same 
time Kappa values are below 0.40, which indicates only fair agreement. It is evident that the observed 
model performance can be interpreted as a consequence of an imbalanced classification method 
applied to an imbalanced data set, wherein the classification model is extensively trained in a 
particular class (here: detection class 0). This finding is consistent with the conclusions presented in 
further studies [65,88]. This unbalanced classification was confirmed by examining the high values 
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of specificity and low values of sensitivity of the corresponding RF models and appeared 
independent of the modelling approach (target classification vs. Boolean approach). In addition, a 
huge discrepancy occurred in the error rates of the target classification, where detection class 0 shows 
an error rate of 7%, and detection class 3 of 73%, respectively (results not shown). The same was the 
case for the Boolean approach: The “no event” error, when organic wet soils are defined as TRUE, 
amounts to only 3%, whereas the “event” error is 79% (results not shown). It has been demonstrated 
that a direct relationship exists between the balancing of the reference data set and the ability of the 
RF models to differentiate clearly between the detection classes and to make correct classifications. 

Specific interest was given to RF models with low error rates or a low OOB error with respect to 
the classification of detection class 3, since these refer to the locations of organic wet soils. The 
preferable RF modelling approach in that case seems to be the target classification instead of the 
Boolean approach, resulting from the high discrepancy between the “no event” and “event” error 
described above. This high discrepancy is also reflected in the comparison of TPR and TNR of the 
respective RF models. The ratio only converges when detection class 2 and 3 are jointly defined as 
positive event. This can be attributed to the fact that the frequencies of the data points belonging to 
the “event” and “no event” categories show a tendency to approximate one another. In addition, the 
join of detection class 2 and 3 as TRUE also provides a distinct separation of different moisture 
conditions between the combined detection classes in the “event” and “no event” categories. The 
improving effect caused by the predictor FCT is most evident in these RF model variants. Ultimately, 
this means that the soil moisture content in the Boolean approach can be predicted with greater 
certainty than the high organic matter content caused by a higher soil moisture content. Conversely, 
it is possible that the high error rate in the pure classification of detection class 3 as positive event is 
generated by the fact that all other detection classes are categorised together as “no event”. This 
means that the uniqueness of the SAR signal as predictor is reduced and that of the additional 
predictors is presumably reduced also. 

Instead, the target classification classifies both detection classes – mineral wet soils and organic 
wet soils – with comparable quality, i.e., with similar error rates and a similar ratio of TPR and TNR. 
As demonstrated in Figure 4, there is a clear distinction in the SAR signal between mineral wet and 
organic wet. For detection class 3 in both the balanced and un-balanced data sets, the deflection in 
the range around two is observed to be more significant. However, there remains an overlap in the 
frequencies per SAR signal between the classes 0, 2 and 3 and it is hypothezised that the variations 
in groundwater levels attributed to the soil classes O1, O2 and O3 (cf. Table 1) may already be 
responsible for the observed disparities in SAR signals. The aggregation of these soil classes may 
therefore be considered suboptimal. Interestingly, the error rate for detection class 1 classification 
(intermediate wet soils) is the highest here, even higher compared to detection class 2 and 3. 
Regarding the groundwater information for this detection class in Table 1, it is clear that data points 
in this category have groundwater levels between 0.5 m and 1.8 m below surface. The lower 
groundwater levels also already apply to detection class 0. In addition, no further distinction is made 
between mineral and organic soils within detection class 1. As a result, these data points occupy an 
intermediate position, which also results in less clarity and greater scatter in the values of all 
predictors (soil moisture, elevation, slope, FCT) [61,62]. 

4.3. Importance of Predictors 

Several studies found that topographic information on slope and elevation could be used to 
determine topographic locations where wetlands were likely to occur [24] [26–28]. In the present 
study, the performance of the RF models in terms of accuracy matrices depended also on such 
topography indices. The RF models in which the regional DEM with 25 m resolution was used, 
showed superiority in terms of detection over SRTM DEM. This could be attributed to the slightly 
higher spatial resolution of the regional DEM. 

As a consequence of the training and testing of the RF models, incorporating FCT as a predictor, 
a marked shift in the relative importance of the predictors was observed. The significance of soil 
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moisture pixel values from SAR signals diminished, while that of FCT increased. This result can be 
interpreted as a consequence of the random selection of predictors in the bootstrapping process when 
training occurs. The algorithm first selects the FCT variable given its better capabilities to induce an 
early effective separation to split the tree. In summary, the algorithm demonstrates a preference for 
initial execution of the most efficient predictor in order to execute the split. Consequently, as the 
remaining predictors are applied, the resulting effects will naturally decrease. 

The apparent causality of FCT as a result of the ecological combination of soil, water table and 
terrain properties or vice versa also plays a role that could be further investigated. The employment 
of FCT alongside elevation and slope could result in confounding effects, thereby signifying the 
potential substitution of other predictors by FCT in this kind of classification, specifically within 
topographic conditions prevalent in the study region. The frequency of organic wet soils (detection 
class 3) regarding the FCT predictor was investigated additionally. Noticeable more data points of 
that specific detection class were located under broad-leaved forest cover. The study revealed that, 
despite the coniferous forest encompassing approximately three times more area than the broad-
leaved forest in the region under investigation, organic wet soils occurred almost six times more 
frequently in the broad-leaved forest than in the coniferous forest and three times more frequently 
than in the mixed forest. This can be explained by the natural occurrence of Alnus glutinosa, which 
prefers wet or temporary water-logged soils in the study region. 

5. Conclusions 

SM pixel values retrieved from L-band SAR signals showed a good performance in the aim to 
detect the location of organic wet soils under forest cover in the study region. Retrieved SM values 
from ALOS-PALSAR were coherent with ground truth measurements of groundwater level or SM 
content. The largest improvements in the accuracy of the RF models were found in direct relation 
with the balance of the detection class distributions within the reference data set and the use of terrain 
indices from the 25 x 25 m DEM. This clearly indicates that in the region of study, terrain indices can 
characterize topographic features in the landscape with a strong linkage to peatland and/or wetland 
formation. With the aim of detecting organic wet soils, all RF models tested performed better than 
detection by random classification. The Kappa values in total range higher than the no-information 
rate and the presented results indicate a moderate to substantial agreement of detectability under the 
iteratively method developed [86]. 

The findings of the study demonstrated that the accuracy of the RF models was enhanced by the 
incorporation of the FCT as a predictor within the training procedure. When FCT was not included 
as a predictor, the SM pixel values obtained from SAR signals as well as terrain indices from the DEM 
became most important variables. However, when FCT was included as a predictor, the predictor’s 
importance shifted to FCT as the most important. 

The evaluation of the detection performance when using CORINE Land Cover data from 2018 
would be a subject of interest. This is due to the fact that the CLC 2018 data offers a superior spatial 
resolution that is more compatible with SAR signals of a higher spatial resolution [19]. Furthermore, 
the Copernicus High Resolution Forest Type Layer, first provided in 2015, is of interest for further 
improvements of RF models’ performance. In the same order of ideas, it would be of interest to try 
SAR polarimetric decomposition results as variables for training and testing the classifier. Such 
analysis would be an excellent further study to complement the scope of the present research. The 
recent launch of Argentinian SAOCOM-1 constellation in addition to the expected launch of new P- 
and L-band SAR missions such as ALOS-4 PALSAR-3, the P-band Biomass Mission from ESA, the 
NASA–ISRO Synthetic Aperture Radar (NISAR) mission strongly increases the importance and 
relevance of the present study. 

The method explored in this study is relevant and shows potential in the still exploratory 
research path to detect the presence of organic wet soils in temperate forests based on L-Band SAR 
σo. Further assessments, as the ones previously mentioned, could improve this method and offer 
appropriate benefits. The detection of wet organic soils in temperate forests with global coverage 
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could be of potential exploration and development, helping to reduce resource-intensive campaigns 
to know the exact spatial location of these valuable ecosystems. 
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