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Abstract

:

Organic horizons including peat deposits are important terrestrial carbon pools, and various chemical, biological, and water exchange processes take place within them. Accurate information on the spatial distribution of organic soils and their properties is important for decision-making and land management. In this study, we present a machine learning approach for mapping the distribution of organic soils and determining the thickness of the peat layer using more than 24,000 peat layer thickness measurements obtained from field data, airborne laser scanning (ALS) data and various indices obtained from therein, as well as other cartographic materials. Our objectives encompassed two primary aims. Firstly, we endeavored to develop updated cartographic materials depicting the spatial distribution of peat layers. Secondly, we aimed to predict the depth of peat layers, thereby enhancing our understanding of soil organic carbon content. Continentality, a wet area map, latitude, a depth to water map with catchment area of 10 ha, and a digital elevation model were the most important covariates for the machine learning model. As a result, we obtained a map with three peat layer thickness classes, an overall classification accuracy of 0.88, and a kappa value of 0.74. This research contributes to a better understanding of organic soil dynamics and facilitates improved assessments of soil organic carbon stocks.
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1. Introduction


Peatlands cover approximately three percent of the Earth’s land surface and hold a significant amount of organic soil carbon and freshwater resources [1]. According to the Intergovernmental Panel on Climate Change (IPCC), organic soils are identified on the basis of various criteria, and they should be at least 10 cm thick. In a shallow organic horizon, there should be at least 12 percent or more organic carbon when mixed to a depth of 20 cm [2,3]. These unique ecosystems are susceptible to destabilization due to climate change and anthropogenic pressures such as drainage and land use change. In boreal regions, the organic deposits in wetlands, agricultural land, and forests play a crucial role in storing carbon and influencing ecosystem productivity, nutrient cycling, and fire behavior [4]. Peatlands globally act as carbon sinks, storing a substantial amount of carbon and contributing to soil, atmospheric, and terrestrial biomass carbon stocks. However, estimating soil properties, such as peat layer thickness, remains a challenge [5].



In most soil mapping studies, researchers have delved into soils at various scales, from small plots [6,7] to regional and even global scopes [8,9]. Most studies have predominantly focused on predicting soil characteristics at a local to regional level. When it comes to mapping soil properties or classes, there is a noticeable connection between the size of the study area and the grid spacing used. Larger study areas often employ coarser resolutions, while smaller study areas tend to stick to standard resolutions. Regarding soil depth, many studies focus on the topsoil, but some dive into mapping properties at multiple depths [9,10].



Mapping of peat layer thickness is essential for understanding and managing peatland ecosystems. Various methods, such as in situ measurements of peat layer thickness and remote sensing technologies, are used to measure peat layer depth and derive necessary information [11]. In situ measurements involve manual probing of peat with a chamber corer or drill stick. These methods provide highly accurate data, but are cost and labor-intensive. Alternatively, remote sensing techniques, including optical and synthetic aperture radar (SAR) satellite imagery, ALS-based terrain indices, and machine learning algorithms, offer efficient and scalable approaches for digital organic soil deposit mapping. Remote sensing enables the acquisition of high-resolution data over large areas, allowing for the identification of peatland boundaries, variations in vegetation cover, surface roughness, and moisture content—indicators closely linked to peat layer depth [12]. Combining remote sensing data with machine learning algorithms enhances peat layer depth estimation by capturing complex relationships between peat layer thickness and environmental variables such as elevation, vegetation indices, climate data, and soil characteristics. This integration enables reliable prediction of peat layer thickness across vast peatland areas, supporting land use planning, carbon stock assessments, and conservation efforts.



Digital mapping techniques can support the compilation of accurate peatland maps to identify and prioritize regions that face significant threats and are key in driving change. These maps are valuable tools for assessing the sensitivity of peatlands to future climate change and their potential feedback within climate models. Integrating the protection, restoration, and management of peatlands into national climate change mitigation policies aligns with the goals outlined in the Paris Agreement [13]. Peat layer thickness estimation methods consider various covariates, including organism activities, topographic conditions, spatial positions, land cover, and geological aspects. Topographic covariates encompass slope, aspect, curvature, flow accumulation, wetness index, stream power index, landform classification, vegetation index, and soil mapping. Additionally, peatland visual conditions, such as length and slope condition, land cover, vegetation, and groundwater surface, exhibit specific correlations with peat layer thickness. It is essential to develop methods that encompass areas of peat overlain by non-peat forming vegetation to capture both actively forming and relic peats [11].



In this study, we combined peat layer thickness data obtained from field measurements and various land surface characterizing indices obtained from ALS data, along with various environmental parameters and machine learning methods, to develop a peat layer thickness map for the territory of Latvia. Peatland formation is directly dependent on local climate and topography [14]. In the territory of Latvia, the climatic conditions are determined by both oceanic and continental air masses [15], and in the variables of the predictive model they were characterized by geographical longitude and latitude, as well as the distance to the sea, i.e., continentality and height above sea level. Local topography, on the other hand, was characterized by slope data and various indices characterizing the movement and accumulation of water in the landscape (wet area maps, depth-to-water maps, and topographic wetness index). In addition, historical map data on soil texture and wetland distribution was used to estimate soil infiltration capacity. The developed data layer predicted the thickness of the peat layer in the entire territory of the country with a horizontal resolution of 5 m in three different classes of peat layer thickness. The predicted peat layer thickness classes are no peat (0 cm), thin peat layer (up to 20 cm), and thick peat layer (more than 20 cm). To avoid an unbalanced data set due to the limited amount of field data, more detailed depth classes were not distinguished.




2. Materials and Methods


2.1. Study Site


The study area is located in Northern Europe between 55° and 59° N (WGS84) and 20° and 29° E. Mixed hemiboreal forests predominate in the area. The most common types of soil are glacial till, glacio-fluvial, lacustrine, aeolian, alluvial, organic, and other types of sediments [16]. According to historical soil maps, mire distribution data, forest growth condition data, peat extraction license data and other data sources, organic soils in Latvia cover 10.78% of land area. Data on organic soil coverage was derived from the results of a GIS supported paliduculture potential analysis in the frame of the EUKI Paludiculture project in the Baltics [17].




2.2. Field Data


In Latvia, the National Forest Inventory (NFI) was started in 2004, and there are more than 16,000 permanent sample plots covering the entire territory of the country. In the sample plots situated within forest land, in the period from 2014 to 2018, the thickness of the peat layer was determined with four repetitions on all sides, north, south, east, and west, 20 m away from the plot center (24,129 measurements). The depth of the peat layer was determined by using a soil probe and measuring the distance from the top layer of the soil to the boundary of the underlying mineral soil. The soil probe had a length of 70 cm. There are no IPCC definitions for peat and peatland, but the IPCC 2013 Wetlands Supplement follows the definition of organic soils in the 2006 IPCC Guidelines, where different limit depths of the organic horizon (10 and 20 cm) were found for different concentrations of organic carbon in the soil [18]. For the purpose of training the machine learning algorithm, the training data were grouped by different peat layer thickness classes (soils without an organic horizon, soils with a peat layer thickness of up to 20 cm, and soils where the thickness of the peat layer exceeds 20 cm).



The coordinates of the NFI plot centers were determined with an accuracy of less than 1 m. Since the data analysis used only those sample plots that represent forest land, the prediction of the spatial distribution of the peat layer thickness may be less accurate in inhabited areas and on agricultural land. The spatial distribution of the NFI plots used in the training of the machine learning models is shown in Figure 1.




2.3. Variables Derived from ALS Data and Other Cartographic Materials


In order to predict the depth class of the peat layers, we used various indices obtained from the digital elevation model (DEM) and other cartographic materials. The DEM used to obtain the indices had a horizontal resolution of 5 m and was made from ALS data with a ground point density of at least 1.5 points per square meter, with vertical and horizontal errors of 12 and 36 cm, respectively. To improve data processing times, the DEM layer was divided into 50 × 50 km map sheets with a 1 km buffer. Data processing was carried out for the individual map sheets, and various indices characterizing the Earth’s surface were obtained, such as depth to water (DTW), wet area maps (WAM), surface slope, and SAGA wetness index. The individual map sheets were combined into a single layer after data processing to perform value extraction for the field data. Examples of the cartographic materials used for training the machine learning algorithm are shown in Figure 2 and described below.



	
Digital elevation model (DEM)






DEM with a horizontal resolution of 5 m was created from ALS data obtained from the Geospatial Information Agency of Latvia. The minimum ground point density is 1.5, and the vertical error of the input data is up to 12 cm, while the horizontal error is up to 36 cm.



	
Depth to water (DTW_10 and DTW_30)






DTW maps were based on the methodology described in [19]. DTW calculates the elevation along the least cost path starting from a known water body, providing insights into the predicted water table level. For the purposes of this research, the generation of water streams was carried out at two different catchment basin sizes: 10 and 30 ha. The cost surface for DTW prediction was calculated based on the DEM and the location of streams and other water bodies. DTW was calculated according to Equation (1).


  D T W   m   =    ∑      d z   i       d x   i     a     x c ,  



(1)




where dz/dx is the slope of a cell along the least-elevation path, i is a cell along the path, a equals one when the path crosses the cell parallel to cell boundaries and    2    when it crosses diagonally, and xc represents the grid cell size (m).



	
Wet area maps (WAM)






Wet area maps are designed as a prediction model with values between 0 and 1, where 0 and 1 indicate dry and wet soil conditions, respectively. An indicator for the presence of wet soil is a distinct layer of peat and/or a 50% proportion of reductimorphic colored soil. Wet area mapping methodology can be found in [20].



	
SAGA Wetness index (SAGA_TWI)






The SAGA Wetness Index employs an adapted approach to calculate catchment areas, leading to more precise estimations of soil moisture potential, particularly in valley regions close to water channels. This modification enhances the index’s ability to reflect realistic moisture conditions compared to the conventional topographic wetness index calculation method [21].



	
Slope






The slope of the surface was calculated using QGIS Raster terrain analysis tools. It calculated the slope from an input DEM layer. The slope is the angle of inclination of the terrain and is expressed in degrees.



	
Historical organic soil data (HOS)






This data layer was created by combining historical soil maps, mire distribution data, forest growth condition data, peat extraction license data, and other data sources [17]. In the combined data set, it is possible to assess the distribution of historically mapped organic soils (Figure 3); however, information on the thickness of the peat layer is not available.



	
Soil data






Soil data refers to soil texture. A map of the distribution of sediments from the quaternary period [16] was used as the basis for the creation of the raster layer. The map shows the places where glacial till, glacio-fluvial, lacustrine, aeolian, alluvial, organic, and other sediments are found.



	
Proximity to water






Proximity to water is a raster layer that was created based on data on known water objects from the Latvian Geospatial Information Agency (LGIA). In the raster layer, each cell represents the distance in meters to the nearest lake, river, or stream. Distance to rivers and other bodies of water has previously been used in other similar studies to map peat layer thickness [22].



	
Continentality, X and Y coordinates






Finally, indicators such as continentality and geographical coordinates were calculated. The continentality in the raster layer indicated the distance of each cell to the Baltic Sea, while the geographic coordinate raster provided the opportunity to evaluate the influence of geographic latitude and longitude on changes in the thickness of the peat layer. High latitude is one aspect that provides the climatic conditions for peat formation in the boreal climate zone [23]. Our study area is located in hemiboreal conditions, so geographic location may have an impact on the spatial distribution of peatlands.




2.4. Machine Learning Classification of Peat Layer Thickness


The classification of the thickness of the peat layers was performed using the R package “Caret” [24]. An NFI dataset with three peat layer thickness classes were split, randomly, into 80% training data and 20% test data. Several machine learning classification algorithms, such as xgbDART, xgbTREE, lda, and others were tested. Xgb algorithms construct an ensemble of decision trees. These decision trees are built recursively, dividing the feature space into distinct regions, where each region corresponds to a prediction. Unlike conventional decision trees that tend to grow deep structures, XGBoost prefers to use shallow trees, often referred to as “weak” learners [25]. In order to eliminate the effects caused by an imbalanced dataset, several algorithms were tested, including an over-sampling, under-sampling [26], and SMOTE [27] algorithm. All models were parameterized and tuned using a grid-search approach in combination with four-fold cross-validation to find the best-fitting model. Four-fold cross-validation serves as a prevalent method for assessing machine learning model performance. It involves splitting the dataset into four equal-sized subsets, termed folds. Three folds are utilized for model training, while the remaining fold serves as the validation set. This cycle is reiterated four times, ensuring each fold acts as the validation set once. Finally, the average performance metrics across iterations yields a reliable estimation of the model’s effectiveness [28]. The tuned models were applied on the test dataset and evaluated using Cohen’s kappa index of agreement.





3. Results


The highest classification accuracy and kappa value was observed in the machine learning model based on the xgbTREE algorithm using the over-sampling method. The xgbTREE method, a part of the XGBoost algorithm, employs decision trees as base learners in a boosting framework, effectively capturing complex data patterns and yielding accurate predictions through iterative refinement. The importance of various remote sensing data and cartographic materials on the classification results is shown in Figure 4. This helps to determine the significance of each feature in influencing the decision-making procedure of the model. A higher score assigned to a feature indicates a more substantial impact on the model’s ability to predict a specific variable. The most important machine learning parameters in this case were the depth to water map with a catchment size of 10 ha, continentality, wet area maps, and the historic organic soil map.



The accuracy of the overall machine learning classification algorithm reached 0.88, while the kappa value was 0.75. Separately, by different classes, sensitivity and specificity reached:




	
Soils without organic horizon—0.95 (sensitivity), 0.80 (specificity);



	
Soils with peat layer up to 20 cm—0.62 (sensitivity), 0.97 (specificity);



	
Soils with peat layer thicker than 20 cm—0.82 (sensitivity), 0.96 (specificity).








Table 1 displays the confusion matrix derived from the test dataset, elucidating the reasons behind the comparatively lower classification accuracy in the shallow peat class compared to other classes. Despite the relatively small number of false positives when considering the observations in other classes, false negative predictions accounted for 38.6% of cases. Notably, three-quarters of these false negatives were anticipated in a class where peat was entirely absent.



The classification results for the territory of Latvia can be seen in Figure 5. The results suggested that within Latvia, approximately 15.6% (9760 km2) of the total land area is covered by soils where peat layer thickness exceeds 20 cm, with an additional 7.6% (4799 km2) of the territory being covered by a peat layer with thickness less than 20 cm. These results indicate a difference from the previously known area of organic soils, which was 10.8%. This difference can be explained by the different accuracy of organic soil mappings and the area size to be resolved. During the assessment of the precision of current organic soil distribution maps in comparison to data obtained from National Forest Inventory (NFI) sample plots, the overall accuracy reached 0.76, with a corresponding kappa value of 0.39. Comparing these indicators, it can be concluded that the application of the used machine learning algorithm provided significant improvements in the understanding of the distribution of organic soils in Latvia.




4. Discussion


Efforts directed towards mapping the spatial distribution of peat using remote sensing data have conventionally leaned upon techniques such as aerial photography [29] or satellite imagery [30], depending on the survey area. However, organic soils often lie beneath vegetation types unrelated to peat formation conditions, and the presence of peat cannot be reliably inferred from the vegetation cover, especially near the edges of peatlands where human activities have disturbed natural processes between the vegetation and underlying peat. Contrary to classical approaches, our study relies entirely on remote sensing data that can penetrate vegetation and does not take into account the signal or interference from naturally growing and/or human-modified vegetation cover and degradation and loss of organic soil layers by drainage and land use.



This study has yielded a cartographic output delineating the spatial distribution of organic soils across the Latvian landscape, alongside providing insights into the thickness of the peat layer for each individual pixel on the map. By evaluating the depth of different soil layers and their properties, prediction models were developed to determine the exact depth of the soil layer [12] or to predict soil properties using layers of 10, 20, or 50 cm, or other slices [31,32]. Since the field data available to us measured the thickness of the peat layer in centimeters with a maximum depth of 70 cm, we divided it into 3 classes: 0 cm, 1–20 cm, and >20 cm. The maximum thickness of the peat layer for soils where it exceeded 70 cm is unknown to us.



In the maps available so far, organic soils have been mapped mostly in historical agricultural lands or extensive wetlands, while detailed soil mapping has not been carried out in historical forest lands. More than 24,000 peat layer depth measurement points were used in this study, and comparing these data with historical maps, it can be concluded that their accuracy reached only 0.75 and their kappa value 0.39. For the newly developed product, the overall value reached 0.88, and the kappa value reached 0.74. Using various indices that characterize elevation, obtained from ALS data, ref. [33] achieved an accuracy of 0.89–0.91 when mapping the spatial distribution of peatlands in the Swedish forest landscape in 10 m horizontal resolution. Using multispectral satellite imagery from the Landsat 8 mission, ref. [34] mapped the spatial distribution of organic soils in Scotland at 100 m horizontal resolution. When classifying the soil into three classes (mineral, organo-mineral, and organic) the total accuracy reached 69.8%, and when classifying the territory into two classes (non-organic and organic), the accuracy reached 86.4%.



Although the accuracy of the overall classification algorithm reached 0.88, for soils with a shallow layer of peat, its sensitivity reached only 0.62. Low sensitivity for a specific class in a machine learning model can be attributed to various factors, such as class imbalance, feature representation, data quality, model complexity, etc. [35,36]. To eliminate these problems, we processed the training data by balancing the data set using the upsampling method, artificially generating new data rows for classes that are less represented. An additional potential challenge could arise from the resemblance of various topographic parameters between soils lacking a peat layer and those featuring a shallow peat layer. This similarity can result in lower sensitivity for the shallow peat class, as the model may struggle to differentiate subtle differences between the presence of a shallow peat layer and the absence of a peat layer [37]. Indeed, three-quarters of the false negatives for shallow peat were classified as soil without a peat layer.



The cartographic data obtained in our study show that there are more organic soils in the territory of Latvia than thought before now. One of the reasons for this difference is the scale and size of the mapping unit, resulting in different levels of aggregation of presented information. With the improvement of remote sensing technologies and data processing methods, it is possible to model and map various environmental parameters much more precisely than in the 1960 and 1970s, when mapping was performed in an analog fashion. Various studies related to soil mapping have shown that studies have been conducted at all scales, from the field level (<1 km2) to the global scale (>107 km2). Likewise, the data resolution for these studies has varied from a few meters to several kilometers. Mostly, the resolution of the maps has been in the range of 30–250 m [38]. Such resolution may be related to the availability of remote sensing data. The data resolution used in our study is 5 m, which is common for data layers generated using ALS data.



The effect of mapping scale is found in any field that attempts to describe spatial objects, and the sensitivity and precision of classification of various environmental elements typically increases with the application of methods suitable for small scales. In contrast, larger scale maps are too generalized to correctly delineate the complex, irregular outlines of large areas, and too coarse to completely detect smaller scale objects [39]. Figure 6 shows a randomly selected region and depicts a map developed with machine learning methods, the historical spatial distribution of organic soils, and an orthophoto mosaic. It can be seen that the developed map correlates closely with what is seen in the historical data; however, the higher resolution gives a greater degree of detail. The geometries depicted in the historical map have now become more complex; in some places the geometries have protrusions, while in others the model indicates indentations, thereby correcting the contours of the geometries depicted in the historical maps. In addition, relatively large areas with a layer of peat appear in previously unmapped areas. Local small areas with the presence of a peat layer also appear on the new map, almost like noise.



Determining the exact depth of the peat layer at a small scale can be difficult due to the unknown and possibly complex topography of the underlying mineral deposits [40]. However, by identifying areas where the land surface relief indicates a long-term high soil moisture regime, it is possible to identify places where peat has accumulated for a long time and, therefore, in a thicker layer [41]. In the course of this study, we included several covariates characterizing soil moisture, such as WAM and DTW maps, while developing the machine learning model. As can be seen in Figure 3, these two covariates are relatively high in the scale of feature importance in the development of the machine learning model.



This study uses various land surface characterizing indices, which are basically obtained from laser scanning data, such as DEM, slope, WAM, DTW and SAGA TWI, and various cartographic materials such as a historical soil map, quaternary sediment map, etc., as well as geographical characteristics such as X and Y coordinates, continentality, and distance to rivers/lakes. Deragon et al. [42] showed that in cultivated agricultural lands, the concentration of various chemical elements on the surface of the soil (thorium, uranium), various topographic indices, such as multiresolution index of the ridge top flatness and valley bottom flatness, and mid-slope position, as well as distance from each peatland’s center and other covariates, can all be important in mapping organic soils using machine learning [12]. Gatis et al. demonstrated that passive airborne gamma-ray spectrometric data can also be used in peat layer thickness mapping. Total air absorbed dose rates of thorium, uranium, and potassium, referred to as radiometric dose, together with the slope data, can explain 72–73 percent of the peat layer thickness variability with RMSE of 0.27 m. However, such data are not available for the study area, so their importance cannot be compared.



The developed model in this study has shortcomings for modeling the distribution of deep organic soils and peatlands. Depending on the availability and detail of field data, it may be feasible to predict the depth of considerably deeper peat strata, such as those found in tropical peatlands, by using terrain data and various indices characterizing soil moisture [22]. In conventional forestry and agricultural management, organic soils are drained with summer water levels up to 1 m, and deeper below surface level, leading to high GHG emissions due to the decomposition of organic matter. Given that it only addresses three depth classes, with the deepest class stopping at >70 cm, the model is too vague for a priori evaluation of suitable land use change and CCM measures for drained organic soils. By stopping drainage and implementing rewetting, the GWP of such sites can be reduced despite increased methane emissions, which are potentially induced by rewetting measures [43]. The inclusion of additional international acknowledged classifications for peat and peatlands [44] would improve compatibility with other international maps and data collections [45]. Peatland rewetting and stabilized high water levels close to the surface can be combined with the implementation of wet agricultural or forestry management (paludiculture) [46].



Paludiculture can be a supportive option in regional spatial planning of climate change mitigation pathways in the land use sector [47]. Suitable plants for the Holarctic region for cultivation or use in paludicultures to provide biomass for materials, fodder, or renewable biomass fuels are described in, and partly known from, traditional utilization schemes [48]. Existing gaps in paludiculture value creation chains, and obstacles in framework policies and programs that hinder economic viability and upscaling of paludicultures, are and will be funded and monitored in long-term and large scale paludiculture demonstration sites in Germany [49] and wider Europe [50]. To identify potential implementation areas for paludiculture and to model and evaluate long-term effects on the climate under different land use options, knowledge on the depths and extents of organic and peat soils at implementation sites is essential. A differentiation of more classes and inclusion of further data sets assessing also total organic soil depths would improve the model developed in this study, making it fit for spatial a priori evaluation and decision-making in land use change for climate change mitigation.




5. Conclusions


In this study, we have developed a map of organic soil distribution and peat layer thickness for the territory of Latvia using peat layer thickness data from NFI sample plots, remote sensing data, various cartographic materials, and machine learning methods. The thickness of peat layers has been mapped in three classes (0 cm, <20 cm, and >20 cm), and the overall classification accuracy reached 88% (kappa value = 0.74). Using a machine learning approach, we identified important variables derived from ALS data and other cartographic materials that influenced the classification results, such as continentality, wet area maps, latitude, and depth to water maps. The results of our study provide an improved understanding of organic soil distribution and an improvement in the accuracy of related maps. The developed map shows that soils with a peat layer thickness exceeding 20 cm cover 15.6% of the study area, and soils with a thickness of less than 20 cm cover an additional 7.6%. These findings highlight the potential of using remote sensing data and machine learning techniques for accurate mapping of organic soils. The approach used in this study helps to improve the prediction of the distribution of organic soils. The developed map for Latvia can contribute to better land management, conservation efforts, and carbon stock assessments.



For spatial evaluation and decision-making, further improvements to the model are recommended, e.g., inclusion of further international peatland classifications, suitable datasets, and field assessments which address total depth of organic horizons and allow for a more differentiated soil layer classification. In combination with modeling of water availability and improvement options for catchment level, this will significantly help to improve the applicability of the model for the prioritization of sites and determination of suitable CCM measures.
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Figure 1. Study area and spatial distribution of selected NFI sample plots. 
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Figure 2. Indices used for machine learning. 
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Figure 3. Map of historically mapped organic soils (after [17]). 
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Figure 4. Feature importance for machine learning model. 
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Figure 5. Results of classification of peat layer depth class. 
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Figure 6. Comparison of newly developed map (a) and HOS (b). 
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Table 1. Confusion matrix of classification results.
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Prediction
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Shallow Peat

	
Deep Peat
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Deep peat
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