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Abstract. Since the earliest days of soil geography, it has been clear that soils occur in more-or-less clearly mappable bodies,
within which soil forming factors have been either fairly homogeneous or in a regular pattern within the body, and between
which there is usually a clear transition in one or more factors. This has been the basis for polygon-based soil mapping: make a
concept map from landscape elements leading to a mental model of the landscape, confirm or modify it with strategieally-placed
strategically placed observations, find the transitions, delineate the soil bodies, and characterise them. By contrast, common
methods of Digital Soil Mapping (DSM) predict per pixel over a regular grid, from training observations at pedon support.
Accuracy assessment of DSM products has been at this “point” support, ignoring the existence of spatial soil bodies and the
relations between pixels. Different approaches to DSM — datasets, model forms, analyst choices — result in maps with distinctly
different patterns of predicted soil properties or types. Techniques from landscape ecology have been used to characterize
spatial patterns of DSM products. The question remains as to how well these products reproduce the actual soil patterns at
a given cartographic scale and categorical level of detail. Our approach is to tetBSM-maps-help DSM maps to “speak for
themselves” te-and thereby reveal spatial patterns that have been found by the DSM. We do this by grouping pixelspredictions
at the individual pixel level, either (1) by aggregation based on property homogeneity using the supercel I's algorithm, or (2)
by segmentation based on within-block property pattern similarity, using the GeoPAT suite of computer programs. Segments
can be hierarchically clustered into groups of presumed soil landscape elements. Supercells and segments can be compared
to existing soil maps, other land resource maps, and expert judgement. To the extent that the presumed soilscape patterns are
reproduced, this is evidence that DSM has identified the soil landscape at the chosen scale. Since map users perceive patterns,

and most land use decisions are for areas rather than pixels, we propose that DSM products be evaluated by their patterns as

revealed by aggregation and segmentation, as well as by pointwise evaluation statistics.
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1 Introduction

Digital Soil Mapping (DSM) is a general term for the creation of digital maps of soil classes or properties by fitting geostatistical

or-machine-learning(Webster and Oliver, 2008), statistical learning (Hastie et al., 2009), or similarity-based (Zhu and Turner, 2022

models between observations of soil classes or properties at known locations and a set of environmental covariates repre-

senting soil-forming factors. This term has also been applied to soil maps based on GIS overlay of presumed soil-forming
factors, for example, the eSOTER approach (Dobos et al., 2019). Some authors follow the review of Scull et al. (2003) and
refer to this as Predictive Soil Mapping (PSM). although since all soil mapping is by nature predictive, this seems to be
a less specific term. Since its formal introduction by McBratney et al. (2003) it-has-been—extensively-DSM has been ap-
plied worldwide at a wide range of scales and target classes and properties;—see—for-examples—; see reviews by Mulder
et al. (2023), Arrouays et al. (2020) and Nenkam et al. (2024) —and future perspectives by Lagacherie (2025). DSM is a
semi-automated digital form of landscape analysis as used in traditional soil survey to identify distinct soils from environmental
Hole and Campbell, 1985; Hudson, 1992). However, as DSM predicts at the pixel level, it ignores spatial relations.
As Vaysse and Lagacherie (2017) aptly state, “DSM products are simplified representations of more complex and partially

DSM products are routinely and (almost) exclusively evaluated by point-based evaluation statistics, and-these-including
the cross-validation mean error (ME), root-mean squared error (RMSE). proportion of variance explained (1:1 _R?) and the

model efficient coefficient (MEC) (Helfenstein et al., 2024, Formulas 2—4). These are almost never based on probability or even
representative training (i.e., cross-validation) observations (Piikki et al., 2021). Point-based evaluation ignores the existence of

soil bodies that form a pattern over the landscape. Maps with distinctly different patterns of predicted soil properties or types

covariates

can result from different approaches to DSM, see for example Rossiter et al. (2022) and Poggio et al. (2010a). We propose
to also evaluate DSM products by their patterns, as revealed by aggregation and segmentation of the gridded maps into areas

with more or less homogeneous internal composition of soil properties. As—Vaysse-andlagacherie- (2017 -aptly-state; “DSM

R

Soil geographers conceive of the soilscape as a continuum in 3D, with the vertical dimension (soil profile) defining a pedon
(Soil Survey Staff, 1999, p. 11). The pedon has a horizontal dimension sufficient to show the local variability of horizons and
properties, e.g., cyclic or irregular horizons. Pedons are connected laterally into relatively homogeneous polypedons (John-
son, 1963), within which the soil-forming factors and hence the pedons are within some defined limits. The transition zones
between polypedons are marked as borders between natural soil bodies taccording to those limits), which may be abrupt or
smooth (Lagacherie et al., 1996), according to the spatial pattern of the soil-forming factors. Figure 22-1 shows a typical con-
ceptual model from a detailed Order 2 soil survey in the USA, design scale 1:12 000 (minimum mappable area 0.576 ha). The
transitions between polypedons in this scene are due to parent material, topography, and hydrology.

Together-these-make-up-theseilseape;+e=-The pattern of the distribution of polypedons on the landscape —These-form-a
pattern—make up the soilscape. The classic example is the catena ef- Milne-as defined by Milne (Milne, 1935) as: “a sequence
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Figure 1. Conceptual block diagram, Otsego County NY (USA)

Source: https://www.nrcs.usda.gov/publications/NY-2010-09-28-14.png

of distinct but pedogenetically-related soils that are consistently located on specific facets-down-a-stope-slope facets, giving
recurrent topegraphically-assoeetated-topographically-associated soil pattern” (Borden et al., 2020), We would hope that a
DSM-produced map of a catena would clearly show these elements and their transitions.

In traditional expert-based soil class mapping (Hudson, 1992) the landscape is segmented according to the mapper’s con-
ceptual model of soil-landscape relations, and by examination of external clues, notably relief, vegetation, and land use, and
by augering or full profile examination. DSM replaces the conceptual model with correlative relations with digital coverages

meant to represent, at least in part, one or more of the seven predietive-SCORPAN ‘SCORPAN" predictive factors of McBrat-

ney et al. (2003). In this widely-cited paper they briefly describe as these factors as: s: soil, other properties of the soil at a
oint; ¢: climate, climatic properties of the environment at a point; 0: organisms, vegetation or fauna or human activity; r:

topography, landscape attributes; arent material, lithology; a: age, the time factor; n: space, spatial position. The time

factor accounts for the changing climate, organisms (including human activities) and relief over the time of soil formation. In

2

ractice, the time factor has proven quite difficult to represent by digital coverages. Fherefore;Note that these are correlative,
not necessarily causative, and are used to build a predictive model for mapping, not (at first) to understand pedogenesis. Thus

in DSM there is no longer an explicit relation with the soil landscape, but it is hoped that the implicit correlative relations,

based on representative covariates, can find these.


https://www.nrcs.usda.gov/publications/NY-2010-09-28-14.png
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The concept of areas with distinct patterns of contrasting soils goes back to the “soilscape fabrics” from the soilscape

analysis of Hole (1978) and the “soil combinations” of Fridland (1974).

fine-distinctionsin-the-definitton-of sotl-bodies-With increasingly-detailed cartographic scales and categorical definitions of soil

wmcreasmgly finer patterns are-reveated—can be shown. Conversely, at coarser scales ;patierns-are-based-onlesspreeise

ies—and broader categories patterns are necessarily more general. As Fridland puts it, “Soil
combinations consist of elementary soil areas which are genetically linked to various degrees and which produce a definite

pattern in the soil mantle ... Multiple spatial repetition of a certain soil combination or several soil combinations alternating
in a definite order creates various forms of structures of the soil mantle.” An example of a fine-scale soil pattern is the pit and
mound topography found on a hillslope in southwest Poland by Pawlik et al. (2024).

In traditional soil mapping, these areas with sufficiently homogeneous soils or patterns of them at a given cartographic
scale are the units that are delineated on the map. However, as Fridland explains: “The structure of the soil mantle and soil
combinations are in their essence not cartographic but genetic-geographic concepts, even though they constitute a basis for
elaborating cartographic units.” This implies that the resulting soil properties distributed vertically in the profile, as products
of pedogenesis, can be the basis for map units. Therefore, if at each pixel DSM accurately predicts a sufficiently rich set of
properties over the soil profile, these should be grouped on the DSM map as reeognisablerecognizable cartographic units.

Within a mappable soilscape segment, there will of course be variability, ranging from some smaller deviations from a central
concept (typical soilscape position and pedon), to a mixture of contrasting pedons, in National Resource Conservation Service
(NRCS) soil survey terms a complex. Since BSM-prediets-predictions made by DSM are per pixel, it may be possible to resolve
these complexes into their components at the pixel scale, if that is fine enough to match the pattern within the complex. If this
is the case, our evaluation of the DSM product should identify this.

Digital Soil Mapping (DSM) prediets-products show predicted values of soil properties or classes at each pixel of a regular,
more or less fine grid, either as the centre point or a block average of the area covered by the pixel. DSM typically predicts
multiple soil properties at a set of standard depth slices. Although some DSM methods use covariates in areas around a pixel,
they do not enforce any relation between adjacent pixels. These relations are particularly important in soil hydrology models.
Thus, the question is to what degree the pixels of DSM products at various resolutions can be aggregated into groups to
realistically represent a soil landscape, whether the soilscape segment is relatively homogeneous in its properties or represents
a-an association or complex. Intuitively, if the seil-forming-soil-forming factors responsible for a polypedon are also spatially
associated in the covariates used in DSM, the relations between pixels should occur as a bypreduet-by-product of per-pixel
DSM. More abrupt transitions in the covariates should be reflected in the predictions. The pattern of the pixels should therefore
represent the soil landscape. The question is, does the DSM product show these relations?

One-way-In this study, we examine two methods to assess the success of DSM in reproducing a soil landscape. The first
method is to aggregate the individual predictions from pixels into more or less homogeneous contiguous groups of pixels
referred to supercells, following methods used in image processing, where these are called superpixels (Nowosad and Stepinski,
2022). This can be based on single properties and depth layers, or, more usefully, on the multivariate collection of DSM-

predicted properties at a pixel. We explain the aggregation algorithm in §2.1.
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was developed by geographers to nd similar land cover patterns for ecoregionalization (Nowosad and Stepinski, 2018). In that
case, the pixels represent land cover classes. The aim is not homogeneity of land cover, rather, homogeneity of the land cove
pattern within some analyst-de ned area. The relation to a soil cover pattern is obvious, and corresponds well to concepts such

as the catena or soil associations.

expecta regularpattern of contrastingeilsatthelevelef-seoil-soil typesforming a soil associationor a ne-scale pattern

Segmentation requires that DSM maps of continuous predictions be classi ed, i.e., sliced according to analyst-de ned class
limits. The classes can correspond to meaningful classes for soil management, or can be based on laboratory precision. The
can be wider (more general) or narrower, roughly corresponding to cartographic detail. Clearly, the classi cation can greatly
in uence segmentation. This is also the case when segmenting land cover classes. We explain the segmentation algorithm ir
§2.2.

Once a segmentation has been performed, the segments can be clustered according to their similarity of internal pattern, i.e.

projects at various resolutions and extents. Finally, we dis@&sow these methods can be useddstinethe evaluation of
DSM products.
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2 Methods

properties (82.1), and segmentation based on patterns of classi ed properties within segments (§2.2).

2.1 Aggregation

or multivariate. This is implemented by teapercells R package (Nowosad, 2025), which uses the Simple Linear Iterative
Clustering (SLIC) image-processing algorithm (Nowosad and Stepinski, 2022), with the improvement that an appropriate data

be a distance measure de ned iim-multivariate space. A common choice, used here, is the Jensen-Shannon divergence
{Eir-1991)-(Lin, 1991) which quanti es the distance between two histograms by the deviation between the Shannon entropy
of the combination of two uni- or multivariate histograms and the mean of their individual entropies.

Thesupercells  function is controlled by several parameters that have a large effect on the results. First and most impor-
tant iscompactnessvhich trades off internal homogeneity of the supercells with their geometric compactness. The absolute
compactness value depends on the range of input pixel values and the selected distance measure. A large value prioritizes spati
distances between pixels and superpixel centres (more geometric compactness), whereas a smaller value prioritizes distance
in feature space (more property homogeneity). Second is the approximate number of supenidaisshould correspond to
the number of landscape segments expected in the study area, at the design scale of the corresponding polygon map. Third
the minimum supercell sizepinarea This should correspond to a minimum mappable area or a minimum size needed for an
application, e.g., land management or strati ed sampling.

The quality of the aggregation can be evaluated by the standard deviation or coef cient of variability of each property in the

supercell. As supercells decrease in size, these measures will necessarily have smaller values.
2.2 Segmentation

Segmentation seeks to nd contiguous groups of blocks of grid cells with similar internal patterns of pixels, which represent
soil classes or propertiegieseeither univariate or multivariat@atternsarecomputedwithin-The GeoPATImplementatioro

Segmentation proceeds as follows. The rst step is to select classi ed soil properties and their depth slices to represent
soil individuals at each pixel. The second step is to nd the co-occurrence pattern of the pixels within pre-de ned grid cells.
The third step is to aggregate grid cells with similar internal spatial patterns into larger units, suf ciently distinct from neigh-
bouring units in terms of their internal spatial patterns. Finally, the result is evaluated by its segmentation statistics, namely,
inhomogeneity within the segment and isolation of the segment from its neighbours. The segmentation can be inspected by



170

175

180

expert judgement, perhaps comparing with conventional soil maps, to evaluate how well it represents the soil landscape at the
selected cartographic scale.
For segmentation, we use the GeoPAT suitstefdalonestand-alondJnix programs (Jasiewicz et al., 2015). These are

invoked in sequence, via thedystem function, to obtain a segmentation and an evaluation of its quality. GeoPAT has been
used successfully to segment categorical rasters such as land cover maps (Jasiewicz et al., 2018) and for global ecoregionaliz:
tion based on multiple environmental factors (Nowosad and Stepinski, 2018). Fif2jeshows the segmentation work ow
using GeoPAT.

Several parameters control the signature computation afhe gridhis “createa binarygrid of signatures” program.

Two related parameters asize andmotifel . The rst is the size of the output grid cell of the segmented map. This

must be at least 10 x 10 pixels of the source DSM. Thus, the segmentation is of similar patterns within an output grid cell
and its neighbours. This dictates the largest equivalent map scale at which soilscape patterns (groups of output grid cells) car
be discerned. The second is the “Motif Element”, referred to asrbifel de ned as the size of the window within which

the pattern will be computed. This must be at least as large asizbe, but could be larger to account for edge effects in

Ithreshold to control the sizes of segments amtireshold  to prevent the growth of inhomogeneous segments.
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Another important option fogpat_gridhis is the signature type within each grid cell, defaudbc , “Spatialspatial co-
occurrence of categories”. This characterizes signatures with a “colour” co-occurrence histogram, a variant of the Gray-Level
Co-occurrence Matrix (GLCM) used to characterise texture in greyscale images (Haralick et al., 1973; Hall-Beyer, 2017). In
GeoPAT, discrete greyscale numbers, as in GLCM, are replaced by cell classes. A separation of one pixel is used to calculate
the co-occurrence histogram, which then represents the spatial pattern within a grid cell. Related to this is the normalization
type, defaulpdf “probability distribution function”, which is recommended for tb@oc signature type. This harmonizes the
signatures from different motifels.

Grid creation requires the selection of grid sizes. To evaluate DSM products we select these based on their correspondenc:

to nominal map scales, using the Vink de nition of a minimum legible delineation (MLD), i.e., the smallest area that can

patternis on averageableto be shownby OL D-sizedpolygons.In segmentinddSM productswe hopethatmostsegmentgre

the scale number (denominator of the scale ratio). For example, at 1:200 000 the MLA is 100 ha, with a side of 1 km. Signature
computation requires at least 100 pixels from the DSM map in order to produce a reliable signature, i.e., the minimum edge of
the segmentation grid (the “shift” parameter) must be 10 times the original DSM resolution. For example, a 25 x 25 m DSM

product can only be segmented at 250 x 250 m or coarser (6.25 ha), corresponding to the MLA of a 1:50 000 scale map. To

groups grid cells based on their motifel signatures computeddat_gridhis . Segments have a “brick” topology, in
which square grid cells are arranged in alternating layers with each layer is shifted by one-half the size of the motifel. Thus,
the analysed area (i.e., the MLA) is four times the motifel size.

Segment homogeneity is characterised by their normalised Shannon eftrdgyned as:

Ry
H = pi log,, pi 1)

i=1
wherep; is the proportion of the segment in clas:, is the number of possible classes, and these are summed over all
ny pixels in the grid cell. Using the logarithm to basg normalizes the entropy to the unit range regardless of the number
of possible classes, so that 0 indicates complete homogeneity, i.e., one class for the entire segment. By contrast, 1 indicate
maximum heterogeneity, i.e., all classes are equally represented in the segment. This only depends on class composition, nc
on pattern, even though the latter is the basis for segmentation.
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Segmentation quality is measured with tgat_segquality “computequality metricsof a segmentation” program.

This produces two quality measures: (1) the inhomogeneity within each segment, and (2) the isolation of each segment from its

neighbours. Inhomogeneity measures the degree of mutual dissimilarity between a segment's motifels; dbfsaale, where

2.3 Clustering

Once segments are created, their internal patterns can be characterised by the same signature methods used to perform the s
mentation. Figure%?3) shows the work ow for clustering in GeoPAT. Tigpat_polygons  “calculatenumericalsignatures

puted by thegpat_distmtx  pregram;’computea distancematrix betweena collectionof scenes’program Here we used

the default Jensen-Shannon divergerimgauset is easily interpretableon a [0:::1] scaleandis_not sensitiveto extreme

hclust using Ward's linkage with squared distances to produce a dendrogram. This is cut at an analyst-determined num-

10
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squaredlistancede-minimizewithin-clustervarianee herewe wantto illustratethe clusteringconceptnot compareclustering

methods.

BIS-4D (“Bodeninformatiesysteem 4-Dimensional”) (Helfenstein et al., 2024) is a high-resolution (25 m horizontal, six depth
slices vertical) soil modelling and mapping platform for the Netherlands. The 3D are geographic space and depth along the
soil pro le. The fourth dimension is time, applied only to soil organic matter (SOM), which we ignore here by using only
the most recent SOM map. Predicted properties are clay, silt, sand and SOM concentrations %, bulkgaemstypH

in KCI, total N mg kg *, oxalate-extractable fimol kg *, and cation exchange capacitynol(c) kg *. Depth slices are

the GlobalSoilMapstandard 0-5, 5-15, 15-30, 30-60, 60—-100 and 100-200 cm (Science Committee, 2015). Each map is
accompanied by uncertainties (quantiles and 90% prediction interval). We did not use these in this analysis, only the mean
predictions. Coverages in th@eoTIFF format are free to download and use, and can be directly read inttettee R

package (Hijmans et al., 2025).

of 0.72pH, anda median

with traditional 1:50 000 scale polygon soil maps (Steur and Heijink, 1980; Brouwer et al., 2021) and expert views of the soil
landscape.
We selected a 40 x 40 km test area (Figé#d), because of its diverse soil-forming environments, including river clays of

various ages and compositions, sandy push moraines, organic soils in glacial depressions, and coversands.
3.1 Aggregation

The supercells algorithm can work directly on raster stacks of teera package. All 54 maps#(propertiesé-nine

properties gachwith six depthlayers) were combined in @patRaster raster stack. Since the values and ranges are not
compatible, the Jensen-Shannon divergence was used to evaluate the distance in feature space between pixels and superc
centres. In this landscape there are non-compact (extended) features parallel to the river, in the fen areas and along the pus
moraines, so after some experimentation a tmmpactnessgalue (0.2) was selected. We selected a minimum mappable area

of 10 ha, equivalent to the 1:50 000 design scale of the Dutch conventional soil map, using the Cornell de ritiborot

11
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Figure 4. Semi-detailed soil map of the Netherlands, design scale 1:50 000 (part).

Source and detailed legend: Ministerie van Volkshuisvesting en Ruimtelijke Ordening (2024).

General legend: Dark and medium green: river clays with different clay concentrations; Light green: glacial depression sediments; Brown,
pink: push moraines with varying sand and gravel sizes; Yellow: wind-blown sands; Purple: peat.

of 25 m x 25 npixels.

Figure?25 shows the supercells (outlined in black) with several properties as a background. Note that the supercells in all
maps are the same, bafteoursethe mean values of each property within the supercells are different. The median size of the
270 supercells was 433 ha, ranging from 104 to 5 044 ha, with a strongly right-skewed distribution. Aggregation clearly shows
the differences between soil bodies, with some properties being more prominent in certain supercells.

To evaluate the quality of the aggregation, we computed the standard deviation of each property within each supercell (Figure
2726). These are quite low for clay and SOM, and for pH with some sinélareaswith notable exceptions. Bulk density is

12



Figure 5. Results for selected properties of aggregatiosigyercells  algorithm using all properties and layers

3.2 Segmentation
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