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Abstract


This study presents an approach for predicting soil class probabilities by integrating synthetic composite imagery of bare soil with long-term vegetation remote sensing data and soil survey data. The goal is to develop detailed soil maps for the agro-innovation center “Orlovka-AIC” (Samara Region), with a focus on lithological heterogeneity. Satellite data were sourced from a cloud-filtered collection of Landsat 4–5 and 7 images (April–May, 1988–2010) and Landsat 8–9 images (June–August, 2012–2023). Bare soil surfaces were identified using threshold values for NDVI (<0.06), NBR2 (<0.05), and BSI (>0.10). Synthetic bare soil images were generated by calculating the median reflectance values across available spectral bands. Following the adoption of no-till technology in 2012, long-term average NDVI values were additionally calculated to assess the condition of agricultural lands. Seventy-one soil sampling points within “Orlovka-AIC” were classified using both the Russian and WRB soil classification systems. Logistic regression was applied for pixel-based soil class prediction. The model achieved an overall accuracy of 0.85 and a Cohen’s Kappa coefficient of 0.67, demonstrating its reliability in distinguishing the two main soil classes: agrochernozems and agrozems. The resulting soil map provides a robust foundation for sustainable land management practices, including erosion prevention and land use optimization.
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1. Introduction


Extensive large-scale (1:10,000 and 1:25,000) soil mapping of arable lands in the Soviet Union was carried out in several rounds from the 1960s to the 1990s by the regional land management research institutes (GIPROZEM) [1]. These maps were used for land use planning and substantiation of agrochemical and soil reclamation measures, including irrigation planning. However, there is now a growing demand for more detailed quantitative digital thematic maps for carbon emission management, precision farming, and support for targeted land use planning. This demand can be met by applying the ideas and methodology of predictive soil mapping (PSM), proximal sensing technologies, sampling techniques, machine learning (ML), and artificial intelligence (AI) tools [2,3,4].



PSM has been widely used in the prediction of soil classes and properties over the last few decades and provides an easy and economical framework for mapping [5]. PSM provides detailed, high-resolution maps that are crucial for cost-effective soil resource management. These maps help in identifying soil types, properties, and variability across different landscapes, leading to better land use planning and agricultural practices.



Over the past decades, remote sensing (RS) data from optical satellites have significantly changed the paradigm of the mapping and monitoring of soils, as well as paved the way for their more objective study. The latest advancements in GIS technologies have significantly enhanced the capabilities for large-scale soil cover mapping. Additionally, the expansion of freely available remote sensing (RS) resources [6,7] has provided broader access to high-quality data. The emergence of new satellites and constellations with increasingly high spatial, temporal, and spectral resolutions has further revolutionized data acquisition. Furthermore, progress in modeling soil–landscape relationships has introduced innovative methods for analyzing and interpreting soil characteristics. Together, these developments represent fundamentally new approaches to soil cover mapping at a modern technological level.



Although RS data have shown their effectiveness in soil and landscape mapping, the main obstacle preventing their use remains the influence of aerosols, clouds, vegetation, crop residues, soil moisture, and surface roughness. To eliminate the existing shortcomings, approaches that create synthetic images of the bare soil surface (“bare soil composite”, “synthetic soil image”, “bare soil mosaic”) from satellite image collections were introduced into the PSM methodology [8,9,10,11,12,13,14]. Such a mosaic of images opens new possibilities for mapping soils and their properties, offering time-series-averaged images of the bare soil surface.



The general procedure for creating synthetic images of the bare soil surface includes atmospheric correction, masking clouds and shadows, empirical determination of threshold values of spectral indices (SIs) used to separate bare soils and soils under vegetation (in some cases, soils under crop residues), and spatial and temporal aggregation [11]. The most commonly used SIs for “screening out” pixels of the bare soil surface are the Normalized Difference Vegetation Index (NDVI) [15,16], Bare Soil Index (BSI) [9], Normalized Burn Ratio (NBR2), Normalized Difference Tillage Index (NDTI), greenness index (GI), Soil Surface Moisture Index (S2WI) [11], and simple band differences (for example, B3-B2 or B2-B1), as well as a combination of the above-mentioned SIs [8,17,18,19].



A promising result is shown by the technology of multitemporal soil line coefficients, which makes it possible to reliably identify the area of the bare soil surface in the Red–NIR space [13,14,20,21].



When composing a synthetic image of a bare soil surface using a time series of satellite images, the surface reflection coefficient is averaged pixel by pixel, thereby leveling the influence of soil moisture and surface roughness. At the same time, synthetic images of a bare surface increase the study area for mapping soils and their properties, especially if a long and large collection of time series of satellite images is available.



Several studies have demonstrated the potential of using synthetic images of the bare soil surface, especially for the purpose of mapping the content of soil organic carbon. Thus, synthetic images of a bare surface obtained on the basis of a time series of images from the Landsat satellites were used to predict soil properties in southeastern Brazil [22], south-central Canada [10], the region of southeastern Germany [19,23], the territory of the Swiss Plateau [9], the territory of the European Union [24], and part of the territory of the Oryol region of Russia [14]. In the above-mentioned studies, various soil characteristics were evaluated, including texture, organic and inorganic carbon content, cation exchange capacity, and pH. However, there are currently a limited number of studies that use bare soil composite imagery as input data for soil class modeling.



When mapping soils of agricultural landscapes with a complex geological structure and shallow cover of Quaternary sediments, special attention is paid to soils, the occurrence of which is due to the high heterogeneity and diversity of soil-forming and underlying rocks (including lithogenic soil combinations—mosaics [25]), which is important from the point of view of agroecological land grouping and the development of projects of adaptive landscape farming systems (ALFSs). The diversity of soil-forming rocks will largely determine the need for appropriate differentiation of agricultural technologies, starting with the placement of crops in accordance with the conditions of texture and moisture availability, differentiation of soil cultivation, and regulation of the water regimen [26]. It seems that the development of new approaches will contribute to clarifying cartographic information about such soils and solving specific practical problems.



One potential approach to improve soil maps is to incorporate bare soil composite imagery as an environmental covariate. Given the above, the purpose of this study was to develop an approach for the predictive mapping of dominant soil taxa based on satellite information and per-pixel probabilistic modeling for several key agricultural plots.




2. Materials and Methods


2.1. Study Area


The object of this study is the soil cover of agricultural lands of the agro-innovation center “Orlovka-AIC” in the Pokhvistnevsky district of the Samara oblast (the rural settlement of Staryj Amanak) (Figure 1). “Orlovka-AIC” specializes in crop production with a predominance of cereals and oilseeds. Since 2012, soil-protective resource-saving farming technologies (zero-tillage farming) have been introduced.



The research area is located within the High Trans-Volga region on the western spurs of the Bugulma-Belebeevo Upland. Devonian and Carboniferous calcareous deposits represented by limestones, marls, and dolomites with few interlayers of clays lie on the crystalline granite gneiss basement. They are overlain everywhere with pinkish-red rocks of the Tatarian stage (Ptt2) of the Permian system outcropping to the surface and represented by alternating rocks of continental and lagoon geneses: marls, sands, conglomerates, clays, and limestones. Locally, deposits of the Kazanian stage (Pkz2) represented by thick layers of limestone and dolomite, in some places with inclusions of gypsum, appear from under the deposits of the Tatarian stage [27,28].



The climate of the study area is moderately continental, relatively humid (Dfb according to the Köppen–Geiger classification [29]). According to the nearest weather station (Klyavlino), the mean annual precipitation over the past 30 years is 505 mm, with a maximum of 867 mm and a minimum of 136 mm.



The relief of the research area can be characterized as typically erosive, with flat, gently undulating and hilly-ridged surfaces intersected by a network of deeply incised river valleys and gullies. The absolute heights range from 60 m a.s.l. in the southern and eastern parts to 215 m a.s.l. in the north.



According to the soil–geographical zoning, the AIC’s territory is located within the southern forest-steppe (Nizhnekamsk province (L28) [30]) of podzolized, leached, and typical medium-humus and high-humus chernozems and gray forest soils (Luvic Chernozems, Haplic Chernozems, Luvic Greyzemic Chernic Phaeozems, Luvic Chernic Phaeozems, and Luvic Retic Phaeozems in the WRB system). Leached chernozems (Luvic Chernozems (Clayic, Loamic, Aric, Pachic)) are considered as zonal soils. They occur predominantly on the tops of local ridges and on gentle slopes composed of clay. Residual-calcareous chernozems of varying degrees of erosion (Chernic Phaeozems (Loamic, Aric)) are formed on the western and eastern slopes of the watersheds. Strongly eroded residual-calcareous chernozems (Skeletic Leptic Phaeozems (Loamic, Aric)) are formed on southern exposure slopes and locally in some places with bedrock outcrops. Typical chernozems (Haplic Chernozems (Loamic, Aric)) are confined to the gentle and slightly undulating slopes of northern exposure. The heterogeneity of the soil cover is complemented by meadow-chernozem soils of hollows, often with signs of eluviation in the form of skeletans (bleached quartz and feldspar grains on ped faces) (Luvic Greyzemic Endostagnic Chernic Phaeozems (Aric, Loamic, Pachic)), as well as some vertic features (wedge-shaped structure, slickensides) (Luvic Vertic Endostagnic Chernic Phaeozem (Aric, Clayic, Pachic)). In the riverbed part of the floodplain, soddy bog soils (Oxygleic Stagnic Chernic Gleysols) are formed in depressions, and soddy-calcareous soils with granular structures of the humus (chernic) horizon (Fluvic Calcic Stagnic Chernic Gleysols) are formed on the main part of the floodplain. The soils have a clayey or clay-loamy texture.



Field studies were conducted in July and October 2023. Four representative key plots on the AIC agricultural land were selected as test sites: F222b (128.8 ha), F306 (87.5 ha) and G70 + G71 (159.8 ha). Soil sampling points (71 pits) were laid within the test plots (Figure 2). During the field survey, guidelines for the morphological description of soils were used, and soil names were given according to the classification system of Russian soils [31] and the WRB system [32]. The identification of soil was based on the diagnostic criteria accepted in these classification systems, taken separately.




2.2. Remote Sensing Data


The RS data were obtained using the Thematic Mapper (TM) (Santa Barbara Research Centre, Hughes Aircraft Company, Goleta, CA, USA) and Enhanced Thematic Mapper Plus (ETM+) (Lockheed Martin Space Systems, Littleton, CO, USA) multispectral survey equipment on board the Landsat 4–5 and Landsat 7 satellites. The scenes contain 4 bands in the visible and near-infrared ranges and 2 bands in the short-wave infrared range with a spatial resolution of 30 m. The images were obtained as a “surface reflectance” product (collection 1, level 1) in the Google Earth Engine (GEE) environment [5], i.e., they contain atmospheric-adjusted surface reflectance. Clouds, their shadows, and other irrelevant pixels (snow, water) were removed using the quality assessment band (QA_PIXEL).



The study used a time series of images obtained in the spring months from 1988 to 2010 (before the use of zero-tillage technology in the AIC) to construct a synthetic image of the bare soil surface based on the aggregating function (in our case, the median). A total of 141 images (Supplementary Materials, time_series_Landsat.csv) were used. We focused on the spring months (April, May), as this is the period when the maximum area of bare soil surface (without vegetation) is observed, preparations are underway for sowing spring crops, and the soil surface dries quickly in sunny cloudless conditions.



Considering the above, the workflow for creating a synthetic image of a bare soil surface included the following steps (Figure S1, Supplementary Materials):




	
Creation of a collection (spatiotemporal data cube) of scenes of Landsat 4, 5, and 7 satellite images, which is filtered by month, cloud cover (30% threshold), and other irrelevant pixels, masked along the boundaries of agricultural land;



	
Calculation of NDVI [15,16], NBR2 [33], and BSI [9] indices (Table 1) for each scene from the collection, applying thresholds to the corresponding index images and creating masks (1—bare soil, 0—everything else);



	
Application of masks to a collection of image scenes (discarding all irrelevant pixels);



	
Calculation of the median value of the surface reflectance pixel by pixel for each band. The final synthetic image was generated with a spatial resolution of 30 m, using the six spectral bands that are common to all Landsat generations (B, G, R, NIR, SWIR1, and SWIR2).








The threshold values used (Table 1) were determined empirically by visually viewing 5 scenes obtained on different dates and with different equipment (TM, ETM+).



The bare soil surface for the pixel was identified if the following conditions were met: absence of clouds AND AIC arable land AND NDVI < 0.06 AND NBR2 < 0.05 AND BSI > 0.10. Given that the studied area covers agricultural land, the bare surface is directly related to the surface soil layer.



As a zero-tillage farming system has been implemented in the AIC since 2012, starting from this period, it is not possible to obtain images of the bare soil surface due to the constant presence of stubble and mulch on agricultural land. In this regard, in order to level out the long-time lag and obtain up-to-date information on RS, we additionally calculated the average long-term vegetation index NDVI, reflecting the average annual condition of agricultural crops. For this purpose, images obtained using the Operational Land Imager (OLI) multispectral survey equipment (Ball Aerospace & Technologies, Broomfield, CO, USA) on board Landsat 8–9 satellites were selected. A time series of images (totaling 69 (Supplementary Materials, time_series_Landsat_NDVI.csv)) obtained in the summer months from 2012 to 2023 was used.



Thus, the summing effect of RS data on the bare surface of soils and data on the average annual state of crops was used (Figure 2). The above-mentioned RS data were used as input data (factors of differentiation of the soil cover) for per-pixel probabilistic modeling of the distribution of soil taxa.




2.3. Modeling


Logistic regression (LR) was chosen as a probabilistic model. LR is a special case of generalized linear models, where a categorical variable is used as a dependent variable (y). Logistic regression allows us to estimate the a posteriori probability of objects belonging to classes. The LR result is expressed in probabilistic terms, where values close to 0 indicate a low probability of propagation, and values close to 1 represent a high probability.



An important assumption when using logistic regression is the absence of multicollinearity of independent variables (predictors). In this regard, for the set of predictors used, it was decided to “compress” the data into a number of orthogonal variables using the principal component method (PCM).



To assess the accuracy, a leave-one-out cross validation (LOOCV) procedure was used, in which a set of n observations is repeatedly divided into a training sample containing n − 1 observations and a verification sample containing excluded observations. The quality of the model was assessed using the error matrix (confusion matrix) by comparing the predicted values with the original ones. Generally accepted characteristics were used as quantitative accuracy metrics: the coefficient of accuracy and Cohen’s Kappa [34]. The overall accuracy and Kappa values are presented on a scale from 0 to 1.



For each of the two types of soil, we present the probability of their distribution. Additionally, we have created a map of soil classes based on a threshold value.



Statistical and spatial analyses were performed using R software (version 4.3.2) [35]. QGIS 3.43.3 was used to visualize the results.





3. Results and Discussion


3.1. Field Study of Key Sites


According to the Russian soil classification systems, among 71 surveyed soil profiles within the key plots, 44 profiles were diagnosed as black- and dark-humus agrozems of varying degrees of stoniness and carbonate content, and 27 profiles were attributed to clay-illuvial agrochernozems. According to the WRB classification, the studied soils belong to four reference groups: Chernozems, Phaeozems, Kastanozems, and Regosols.



Clay-illuvial agrochernozems have the following horizonation: PN—AN or AU—AB—BI—Bca—BCAmc—Cca (or Ap—Ah—AB—Bt—Bk—Ck in the WRB system). The black agrohumus horizon (PN) is an analogue of the plowed chernic horizon. It consists of two to four subhorizons differing in their structural states. Below, there is a series of noneffervescent black-humus (AN) or dark-humus (AU) horizons underlain by a transitional AB horizon of dark gray color with brownish tint gradually increasing with depth. Deeper, there is a diagnostic clay-illuvial BI horizon, red-brown in color, with a multi-order prismatic structure; all faces of prismatic peds are covered with thin (humus-)clayey coatings. The BI horizon does not effervesce with HCl. The lower boundary of the BI horizon is the line of continuous effervescence due to the presence of dispersed carbonates in the soil mass. The next is a non-diagnostic middle-profile Bca horizon with continuous effervescence in the absence of carbonate pedofeatures. It is underlain by the carbonate-accumulative BCAmc horizon with strong effervescence and carbonate pedofeatures in the form of pseudomycelium (symbol mc). The BCAmc horizon gradually grades into the Cca parent rock, which contains less carbonates. In the study area, the parent rocks are represented by reddish brown or brown clayey and clay loamy carbonate and carbonate-free layered sediments approaching the surface at different hypsometric levels, thus creating the prerequisites for the formation of lithological mosaics in the soil cover. Often, such rocks are underlain by gravelly carbonate rock, increasing the heterogeneity of the soil cover.



In the Russian soil classification, one of the general requirements for most of the diagnostic horizons is a minimum thickness of more than 10 cm. The maximum horizon thickness is not limited. In particular, the thickness of the BI horizon in the studied soils varied in a wide range from 10 to 70 cm. In this regard, clay-illuvial agrochernozems of the study area, when identifying soil sections according to the international WRB classification, belong to two reference soil groups (RSG): Chernozems and Phaeozems. This is due to the value of diagnostic criterion 2 for RSG Chernozems in the key: the difference between the depths of the lower boundary of the mollic horizon and the upper boundary of the calcic horizon or the layer with protocalcic properties should be less than 50 cm. Using the main qualifiers, clay-illuvial agrochernozems are divided into three groups according to the WRB system: Luvic Chernozems, Luvic Chernic Phaeozems, and Luvic Phaeozems.



Black-humus and dark-humus carbonate agrozems differ from agrochernozems in their shortened profile, the presence of clastic material (stones, crushed stone), a relatively shallow depth of dense conglomerates (aquitard), increased dryness, a sharp decrease in the humus content with depth, and the presence of effervescence from the surface. The development of these soils in conditions of rugged topography is associated with partial outcropping of the Permian limestones, dolomites, and marls to the surface. The soil profile consists of the following horizons: PNca or PUca—(ACca)—Cca,sk—2Dca,sk—(3Dca,sk) (in the WRB system: Apk—(ACk)—Ck—2Ck—(3Ck)). The agro-black-humus (PN) or agro-dark-humus (PU) horizon effervesces and often contains debris of calcareous bedrock from the surface. The plow horizon is underlain either by a transitional ACca horizon, the upper part of which may have a gray color owing to the presence of gray agro-coatings (agricutans), or by a horizon of loose rock with varying contents of dispersed carbonates and with inclusion of clastic bedrock material. Often, a highly gravelly horizon 2Dca,sk may lie deeper; it is virtually devoid of fine earth and consists of calcareous flagstone, lenses of marl, or conglomerates (often with sintered carbonate “beards,” symbol ic). According to the WRB, the following soils are identified differently: Calcaric Chernic Phaeozems, Calcaric Phaeozems, Calcaric Endoskeletic Phaeozems, Calcaric Someric Phaeozems, Haplic Kastanozems, and Calcaric Regosols.



Photos of the most typical profiles of the above-described soils are presented in Figures S2 and S3 (Supplementary Materials).




3.2. Remote Sensing Data


The areas of agrozems can be clearly identified on the basis of remote sensing data for the fields with bare soil surfaces, as well as for the fields under the canopy of cultivated crops (Figure 2), where crop failures occur. Thus, the values of the multitemporal vegetation index NDVI differ significantly for agrozems (0.48) and agrochernozems (0.60) at p < 0.01 (Mann–Whitney test) (Figure 3 and Figure 4a). Crop failures in agrozem areas are facilitated by a shortened soil profile, the presence of rubble, proximity of dense conglomerates (aquiclude), and increased dryness. With the high content of carbonates in the profile, conditions may arise that limit the availability of phosphorus compounds for cultivated plants due to the formation of insoluble calcium phosphate [36], which will affect the development of plant root systems. Such soils are characterized by low soil loss tolerance; when these soils are located on slopes, erosion processes develop quickly. Therefore, these soils require increased attention during agroecological land assessment due to the high risk of their loss.



Noticeable differences are also observed in the remote sensing data for the bare soil surface. Figure 4b shows the average reflectivity spectra for two soil types, which were obtained by extracting the reflectivity values of six survey bands—types of characteristic spectral images—for each of the field soil survey points. The presence of calcium carbonates in the plow horizon, as well as the presence of carbonate gravel and stones on the surface, contributes to an increase in reflectivity in the entire range of the electromagnetic spectrum. The main differences also include a distinct absorption region in the short-wave infrared range (SWIR2) typical of the averaged spectra of agrozems and a plateau-like pattern of the averaged spectrum of agrochernozems in the SWIR1–SWIR2 range. The noticeable absorption band characteristic of the spectra of agrozems is due to deformation (fundamental) vibrations of carbonate ions (    C O   3   2 −    ) in the wavelength ranges of 2.30–2.35 and 2.50–2.55 μm [37,38,39]. In addition, carbonates have several noticeable spectral absorption characteristics in the thermal infrared (TIR) range at 11.19–11.40 and 13.70–14.04 μm [37,38,39]. However, the use of the thermal channel remains beyond the scope of this study due to its lower spatial resolution.



According to the results of the principal component analysis aiming to eliminate the correlation of input variables (RS data) for probabilistic modeling, the presence of isolated cluster structures can be noted (Figure 5). In the projection feature space of the first two PCs, clusters of agrozems and clay-illuvial agrochernozems are clearly distinguished, while PC1 and PC2 together reproduce 94.9% of the variance of the original variables. The first principal component is largely associated with the spectral bands of multispectral images, while the second principal component is associated with the average long-term NDVI value. Analyzing the factor loadings (arrow directions) on the graph, we note that the variables represented by the spectral bands form a compact group on the right side of the graph. These variables practically merge, which demonstrates their close positive correlation. The variable represented by the average long-term state of the crops lies on the left side of the graph, which indicates a high negative correlation between the variables from different groups.



The values of the eigenvectors (weights) of the principal components are presented in Table S1 (Supplementary Materials).




3.3. Modeling Results


According to the cross-validation results (Table 2), the overall accuracy coefficient is 0.85, and Cohen’s Kappa is 0.67, which can be regarded as an adequate and acceptable estimate. However, it should be noted that our modeling case includes only two display units.



The obtained maps (Figure 6) look contrasting; they show areas with equal to zero or very low probability and areas with the probability very close to 1.



Agrozems within the boundaries of field F222b are confined to convex parts (ridges) of the slopes of the southeastern and eastern exposures, mainly in the middle and lower parts. Within field F306, agrozems are present on the flat top of the hill and the adjacent gentle and moderately steep slopes of the eastern exposure. Within the boundaries of fields G70 and G71, the area of agrozems is elongated from north to south, occupying flat tops, a subhorizontal surface, and also the upper parts of gentle slopes of the western and southwestern exposures.



All agrozem areas (isomorphic, elongated, or linear) are associated with a shallow occurrence of the Permian deposits under conditions of rugged topography. In this case, the lithogeomorphic factor is the leading factor of the soil cover differentiation.



Probability maps of soil distribution reflect the continuous nature of the soil cover without showing rigid deterministic boundaries between soil units. However, with this form of presentation, it is impossible to propose spatial planning solutions, i.e., to implement one of the most important functions of large-scale soil mapping. For a site where neighboring pixels belong to different soil types and are characterized by a high probability of matching the typical characteristics of one soil type and a low probability of matching the characteristics of another soil type, a sharp boundary can be drawn. With close probability values, the boundary becomes blurry.



The use of the map of soil classes (types) in terms of threshold-limited probabilities can be considered simpler and more understandable. The expertly accepted threshold value of 80% provides a probabilistic estimate of the limit, beyond which the presence of a particular soil class was assumed. Figure 7 shows soil maps for the three key areas under study. In addition to the agrochernozem areas (class 1) and agrozem areas (class 3), the maps highlight areas where the soil probabilities do not exceed the threshold value and are in the range of 40 to 60%. Such areas can be considered from the standpoint of the concept of soil cover patterns [25], from a similar concept of soil landscapes [40], or from a concept of pedodiversity [41,42]. According to the theory of soil cover patterns developed by V.M. Fridland, such areas may be considered as alternating in space mosaic combinations of the areas of dark-humus agrozems (Calcaric Phaeozems) or black-humus agrozems (Calcaric Phaeozems or Calcaric Chernic Phaeozems) developed from multilayered parent materials and clay-illuvial agrochernozems (Luvic Phaeozems, Luvic Chernic Phaeozems, or Luvic Chernozems) developed from the more homogeneous carbonate loamy parent material. Areas of agrozems within such topolithomosaics do not have a clear association with particular elements of topography and form contours of both isomorphic and more complex configurations.




3.4. Modeling Results as a Proxy for Agroecological Assessment


Identification of agrozem areas in AIC conditions is crucial for agroecological land grouping. It helps tailor agricultural technologies such as crop placement, soil cultivation, water regulation, and erosion prevention. Protecting these soils from degradation is essential for the sustainable development of the agrolandscape.



The presence of such soils with contrasting properties within agricultural lands sharply reduces the efficiency of intensification of agricultural technologies because of differences in the rates of development of grown crops (different times of the appearance of shoots, tillering, etc.). Agrozems with shallow embedding by hard calcareous layers result in lower yields, higher grain ripening costs, and reduced crop quality. Intensive agricultural technologies are unsuitable for these “marginal” soils. Therefore, it is necessary to adhere to the principles of environmental safety and optimization of nature management: either to allocate these areas into production areas using normal agricultural technologies and designing soil-protective crop rotations with a predominance of perennial grasses (with a specialization in seeds, if there is no livestock farming), or to remove them from cultivation and convert them into fallow or specially protected areas important in terms of conservation practices [43]. The transfer of such lands into the category of conservation lands should be carried out in the context of creation of the ecological framework of the territory.





4. Discussion


The forest-steppe zone’s soils, formed on loess-like sediments, have the least contrast and complexity in soil cover due to a balanced precipitation–evaporation ratio [44,45,46]. In the European part of Russia, soil complexity increases toward the tundra, semi-desert, and desert zones, where the balance shifts. In the forest-steppe itself, lithologically diverse areas can form (micro)mosaics of soils [25]. These combinations, though similar in the upper profile, differ in the depth of underlying rocks and lack genetic connection. Such (micro)mosaics are widely represented in the AIC territory. Thus, in this region, contrasting topographic conditions and lithological heterogeneity have influenced the soil distribution.



In the recent decade, there has been intensive development of multitemporal compositing approaches to mosaic a stack of single-date bare soil images within pre-defined time periods. The creation of bare soil composite imagery has become possible with the development of large-scale cloud computing infrastructure [6]. Notable examples include the SCMaP [15], the GEOS3 [8], and the TBDSS [47] processors.



Most research uses bare soil mosaics to predict the soil organic carbon (SOC) content at various scales, as soils with different SOC contents manifest distinctive spectral responses. There are also examples of studies where the authors have used bare soil composite imagery to predict soil classes [18] or to disaggregate parent material maps [48]. According to Poppiel et al. [18], bare soil mosaics play a significant role in soil mapping, as they allow for the detection of spatial variations in topsoil patterns that are highly correlated with the spatial distribution of soil classes.



Multitemporal mosaicking has been widely advocated, not only because it increases the spatial coverage of bare soil pixels in agroecosystems [49], but also because it improves spectral stability by reducing noisy information [50]. In our approach, we used Landsat time series data. The spatial resolution of Landsat data (30 m for most spectral bands) significantly affects the accuracy and reliability of predicting soil characteristics. This is because soil properties can exhibit considerable spatial variability, which may or may not align with the resolution of Landsat imagery. The 30 m resolution averages the reflectance over a relatively large area, which may mask fine-scale soil variability. This could lead to a loss of detailed information critical for accurately mapping heterogeneous soil properties like organic matter, texture, or nutrient content. In areas where soil variability is high (e.g., due to parent rock heterogeneity or diverse land use), Landsat spatial resolution may not adequately capture local soil characteristics, leading to reduced prediction accuracy. However, for regional or global studies, Landsat’s resolution is often adequate, as the focus is on broad patterns rather than fine-scale details. Landsat data can provide useful predictions for average soil properties over larger areas but may miss localized variations critical for precision agriculture or site-specific management.



For future research, we need to focus on Sentinel-2 satellites (S2A, S2B), which provide time series with frequent revisits every 5 days. These instruments have 13 bands, covering the visible near-infrared short-wave infrared range (400–2500 nm). With their higher spatial resolutions, we can generate more detailed maps. In addition, the availability of data from next-generation spaceborne hyperspectral sensors, such as PRISMA [51], EnMAP [52], and HISUI [53], could provide multitemporal hyperspectral observations. Another interesting direction is to add even more covariate layers that represent key soil-forming factors, such as depth to parent rocks, gamma-ray spectroscopy data, or data from electromagnetic sensors.



Based on previous studies that have created bare soil mosaics, the univariate mean, median, and “geometric median” have been among the most used methods for generating a composite imagery. In a recent study [54], the authors evaluated various aggregation methods and found that the “geometric median” was the most effective at predicting soil organic carbon content, while Castaldi et al. [55] found that the pixelwise median was the most performant. The “geometric median” and median were clearly the preferred choices, as they were more resistant to outliers than the mean composite.



An important and crucial step in the methodology is the determination of thresholds for each spectral index (NDVI, NBR2, BSI) to distinguish between bare soils and other targets. The empirical determination of threshold values for bare soil imagery can introduce uncertainty into a model. This issue arises because threshold selection often involves subjective decision-making. Empirical thresholds are often determined based on a literature review, expert visual interpretation, or trial-and-error methods. Subjectivity in choosing thresholds can lead to inconsistencies, especially when the methodology is applied across different regions. Thresholds calibrated for one region or season might not perform effectively in others. One possible solution may be to move beyond static, empirically determined thresholds and use dynamic thresholding—context-sensitive or adaptive thresholds based on local environmental conditions or spectral statistics. In a recent study [56], the authors used a combination of fixed and dynamic thresholds of the NBR2 index to improve the quality of the synthetic image while maximizing its extent. Additionally, the integration of ground truth data is critical to quantifying and reducing the uncertainty associated with threshold-based classification [17].



The acquisition of RS data for bare soil is influenced by cloud cover, atmospheric conditions, the time window, soil surface conditions, and other factors. This makes it challenging to ensure continuous and stable data quality. To address this, it is necessary to explore the feasibility of using RS images from different periods for soil mapping.



In recent years, the application of ML or deep learning algorithms (e.g., regression tree models, artificial neural network), an ensemble of predictive algorithms, or a combination thereof has become increasingly popular in PSM research [57], as these methods offer powerful tools to overcome vulnerability in polygon-based mapping approaches. One of the limitations of conventional cartographic models is their inability to represent non-linear relationships, which can be implemented in modern ML algorithms. Now, with the exponential growth in demand for soil data, it is time to focus on providing PSM products that are more useful, accessible, and capable of informing decision-makers among various stakeholders and farmers. These products can help with precision agriculture, such as determining whether fertilizer should be applied to a field or whether lime amendments are needed on fields with acidic soils. Ready-to-use soil data can help address issues related to food, water, energy security, climate change, and maintaining ecosystem services. They can also assist with land use planning and soil management.




5. Conclusions


This study brought some insight into soil taxa mapping by using bare soil composite imagery alone with long-term vegetation RS data within the approach of predictive soil mapping. The model had an overall accuracy 0.85 with a Cohen’s Kappa of 0.67. It is shown that this approach is effective for mapping the soil cover within territories complicated by contrasting topographic conditions and lithological heterogeneity. In particular, the presence of indurated impermeable horizons has a strong impact on root developments, plant growth, and crop production.



Probability maps are more in line with the natural overlap of soil classes thematically and geographically. Soil classes maps are needed for crop yield modeling and land management planning. The soil map created by this approach showed soils that need to be carefully managed and conserved to avoid further land degradation.
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Figure 1. The location of the research object ((a)—the position of the Samara oblast within the Russian Federation; (b)—the position of the research object within the Samara oblast; the red marker shows the position of the regional center (Samara); (c)—agricultural lands of the AIC with the display of a digital elevation model; the boundaries of key sites are highlighted in red). 
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Figure 2. The 1st column of images is the position of the soil survey points within key areas; the 2nd column is a synthetic composite image of the bare soil surface in natural colors (R = Band 3; G = Band 2; B = Band 1); the 3rd column is a synthetic composite image in artificial colors (R = Band 4; G = Band 3; B = Band 2); and the 4th column is the average annual vegetation index NDVI. 
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Figure 3. Comparison of the median NDVI values for the considered groups of soils. Color circles correspond to color of soil survey points on Figure 2. 
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Figure 4. Probability density functions (PDF) of the long-term averaged NDVI values (a) and averaged reflectivity spectra by soil types (b). 
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Figure 5. PCA results. 
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Figure 6. Resulting maps of the probability distributions of soil types with OpenStreetMap as underlayer. 
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Figure 7. The map of soil classes (1—areas of agrochernozems, >80% probability; 2—areas of combinations (mosaics) of agrochernozems and agrozems, 40–60% probability; and 3—areas of agrozems, >80% probability) with OpenStreetMap as underlayer. 
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