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A B S T R A C T   

Low-relief areas are not fully the main subject of geomorphometric analyses. The development of the automatic 
classification of landforms mainly focuses on landforms related to the fluvial morphogenetic cycle. Thus, the 
morphogenetic diversity of the plains is not reflected in the existing classification systems. The area of Poland 
where the low relief area exceeds 80 % of the country's territory and results in various morphogenetic processes 
was selected for the analysis. The purpose of the analysis was recognition of the differentiation of surface types. 
The first step includes selecting appropriate morphogenetic variables, the second unsupervised classification 
using the Gaussian Mixture Model, and the third one encompassing the interpretation, namely the labeling 
process. Twenty Land Surface Types were distinguished, five belonging to uplands, and the remaining 15 types of 
plains were divided into four subgroups: rolling plains, dissection plains, smooth plains, and near-flat plains. 
Compared with other classification systems, terrain forms, morphogenetic strides, and physiographic division. 
The comparison showed a strong correspondence between the morphogenesis of the area and the inventory of 
surface types, and the high consistency of the Land Surface Types patterns within physiographic units.   

1. Introduction 

Plains of various origins cover over 30 % of the Earth's surface and, 
depending on the morphoclimatic zone, are shaped by various pro
cesses: glacial, periglacial, fluvial, aeolian, to indicate only the most 
important. In low-relief areas, methods offered by automatic landform 
classification poorly reflect existing cartographic studies provided by 
classic geomorphology. Geomorphological studies developed various 
classification systems that are a compilation of information from many 
sources, including topography, lithology, aerial or satellite imagery, and 
spatio-temporal context and follow the morphogenic and chronological 
principles (Fenneman, 1917; Klimaszewski, 1956; Rączkowska and 
Zwoliński, 2015), which are not recorded in the topography itself. 

Early works of Hammond (1954, 1964) or Wood and Snell (1960) 
introduced methods of terrain classification through a spatial taxonomy, 
where decisions resulting from observation and personal knowledge 
have been replaced by rigorous rules applied over the entire study area 
in the same way. The increasing availability of Digital Elevation Models 
(DEMs) and growing computational power replaced manual calculations 
with much faster computer routines (Evans, 1972). Subsequent works 
led to the classification of landforms directly from DEM, based on 

neighboring relation between cells (Peucker and Douglas, 1975); first 
and second terrain derivatives (Dikau, 1989; Shary, 1995; Wood, 1996; 
Schmidt and Hewitt, 2004); the topographic position of a cell in the 
close and distant neighborhood (Weiss, 2001); or by employing a 
computer-vision system (Jasiewicz and Stepinski, 2013). All those 
methods allow recognizing the limited number of fundamental land
forms, typical of normal (fluvial) morphogenetic cycle (Mark, 1975), 
leaving variability of plains on the margin of classification systems. 

MacMillan et al. (2000) proposed a classification system addressed to 
both low- and high-relief areas based on the combination of compound 
terrain variables relative to local surface-specific points (Peucker and 
Douglas, 1975). Such adaptation was possible by confirmation of pa
rameters to the input data; however, the form inventory proposed by 
MacMillan et al. (2000) did not go beyond recognizing different parts of 
the watershed profile. A terrain signature (Pike, 1988) including widely 
understood textural properties was the first step to landscape-oriented 
analysis introduced later by Iwahashi and Pike (2007) in the form of a 
self-adapting hierarchical classification scheme. An system of Iwahashi 
and Pike (2007) includes 16 origin-agnostic forms defined by descrip
tion rather than by names and similar to that proposed by MacMillan 
et al. (2000), capturing the variability of both low- and high-relief areas. 
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Automatic landform classifications merely relate to the form's origin 
or age. Several attempts toward origin-oriented surface classification 
used a supervised approach (Brown et al., 1998; Hengl and Rossiter, 
2003; Prima et al., 2006). Those classifications require training areas 
where the surface genesis is inevitable and then use those areas to train 
an intrinsically complex classifier. Brown et al. (1998) explored super
vised classification of different types of post- and pro-glacial plains, but 
the performance of their method was not confirmed on a larger, over- 
regional scale. Jasiewicz et al. (2014) proposed a new method of land
scape classification based on the category co-occurrence matrix (Har
alick et al., 1973) and captured a regional diversity of post-glacial plains, 
obtaining a performance of 70 % over the entire territory of Poland. 
However, the most significant limitation of supervised methods is that 
they cannot reveal new patterns in the data (Iwahashi et al., 2021), and 
the measure of success is the degree of compliance with existing, usually 
manually created maps. For that reason, supervised methods, including 
deep learning (Torres et al., 2019; Shumack et al., 2020; Xie et al., 2020) 
focus on the search for most effective classification methods recon
structing the complicated ground-truth (Du et al., 2019; Li et al., 2020; 
Janowski et al., 2022) rather than searching for alternative designs. 

Unlike rule-based systems and supervised learning, unsupervised 
methods do not presuppose a closed inventory of landforms (Brändli, 
1996; Irvin et al., 1997; Burrough et al., 2000; Adediran et al., 2004). So 
clustering works best in searching for new patterns leading to better 
classification schemes. For this reason, unsupervised methods have 
gained some popularity primarily in the study of extraterrestrial 
morphometric systems (Stepinski et al., 2006; Bue and Stepinski, 2006; 
Stepinski et al., 2007; Dan Capitan and Van De Wiel, 2012; Wang et al., 
2017) and soil science (De Bruin and Stein, 1998). The weakest point of 
clustering is the dependency of results on numerous algorithms, free 
parameters, and variable selection, which makes unsupervised methods 
unsuitable for creating target cartographic works (Minar and Evans, 
2008). However, recent studies proved the usefulness of clustering in 
optimizing mapping procedures (Wieczorek and Migoń, 2014; Szypuła 
and Wieczorek, 2020) and spatial analysis of complex geomorphological 
processes (Szymanowski et al., 2019). 

The overview of previous studies concludes that despite the wide 
variety of plains, especially in post-glacial areas, no general methods 
have been made to consider the diversity of low-relief areas. In this 
article, we aim to present the quantitative variation of the geo
morphometric features of the plains including several morphogenetic 
zones as a step toward developing assumptions for the automatic clas
sification of plains. There is no clear definition of plains; therefore, we 
decided to use an area containing different surface types, expecting the 
plains to be separated in the analysis process as distinct from non-plain 
areas. As a study area, we selected the entire area of Poland as a lowland 
country dominated by plains of different origins (glacial, periglacial, 
fluvial, and locally coastal and aeolian), but also includes highlands and 
mountainous areas, which makes Poland a key area for such study 
(Jasiewicz et al., 2014; Szuman et al., 2021). 

We do not make any assumptions about the range of plains, 
morphogenetic zones, or genetic-stratigraphic separations in the anal
ysis process. The extent of the morphogenetic zones will be used only to 
assess the compliance of the proposed system with the existing concepts 
of relief development in Poland. We selected the unsupervised, uncon
strained approach and Gaussian Mixture Model (GMM) (Day, 1969; 
Dempster et al., 1977) as a central part of the analysis. The GMM is a 
clustering system that provides so-called soft clusters, dividing an area 
into discrete units and determining the probability of belonging to each 
cluster. The clustering results were subjected to heuristic categorization 
and allowed to propose an unsupervised, non-genetic system that relates 
to the main morphogenetic zones occurring in Poland. The results were 
compared with other automatic methods and with existing expert- 
driven geomorphological maps in selected areas. 

2. Materials and methods 

2.1. Study area 

Poland is a country in Central Europe, located between latitudes 
49◦–55◦N and longitudes 14◦–25◦E (Fig. 1A). Over 80 % of the area does 
not exceed 200 m a.s.l. and areas above 600 m a.s.l. occupy no more than 
4 % of the country's territory (Fig. 1B). The relief of Polish plains results 
from the repeatedly advancing the Pleistocene ice sheets and subsequent 
erosion and deposit processes (Galon, 1972; Starkel, 1980; Mojski, 
2005) resulting in a continuous cover of Quaternary deposits (Fig. 1C). 
Morphogenetic zones of Poland (Gilewska, 1991; Kondracki, 2002; 
Solon et al., 2018) form latitudinal strips (Lencewicz, 1937). Starting 
from the north extends Coastland, including a narrow strip of coastal 
plains, shaped by the transformation of post-glacial areas as a result of 
changes in the extent of the southern Baltic coastline (Mojski, 1995). 
Northern Poland is occupied by Postglacial Lakelands, formed during 
the last ice advance (Kozarski, 1986; Szuman et al., 2021) built of glacial 
and fluvioglacial deposits (Fig. 1C), slightly transformed during the 
Holocene. The southern range of the lake districts marks the Last Glacial 
Maximum line (Fig. 1D), the most important geomorphological bound
ary in the Polish Lowlands (Galon, 1972). To the south of the Last Glacial 
Maximum extend post-glacial Denudated Plains; a surface where 
denudation processes have heavily transformed older glacial deposits 
and the original post-glacial relief has been partially or completely 
removed (Dylik, 1969). The three northern stripes are entirely classified 
as lowlands, but plains, covered by quaternary glacial deposits and loess, 
still constitute a significant part of the surface in the Upland and Fore
land zones. Regardless of the latitudinal structure, plains areas (Fig. 1C) 
also include prevailing longitudinal river valleys shaped during the 
Pleistocene and Holocene, but often on older Tertiary assumptions 
(Starkel, 2001). Aeolian deposits include Holocene dunes that form 
narrow areas at the coastline. Older dune fields and single dunes appear 
in many places of Middle Poland formed at the end of the last glaciation 
outside the impact of the ice sheet (Nowaczyk, 1995). The loess covers in 
southern Poland, occurring in the uplands and foothills, are of a similar 
age (Badura et al., 2013). Regardless of inter-zonal differences, the relief 
inside the morphometric zones is also varied, resulting in various glacial 
denudation and fluvial processes. 

The topographic dataset for analysis is 30 m floating-point DEM, 
created from original integer-based Digital Terrain Elevation Data 
(DTED L2) by adaptive smoothing and resampling (Jasiewicz et al., 
2014). The DEM is projected to the PUWG92 coordinate system 
(EPSG:2180) and consists of 23,007 × 21,393 cells. The DEM is limited 
to the borders of Poland to avoid data inconsistencies caused by different 
techniques of DEM development and different original cartographic 
sources provided by other cartographic surveys. 

2.2. Selection and description of morphometric variables 

Even though several dozen geomorphometric variables have been 
proposed (Pike, 1988; Florinsky, 2017; Franklin, 2020) in the last fifty 
years, the complexity of the terrain surface is merely a composite of 
vertical and horizontal differentiation (Mark, 1975). The former is 
included in the term relief, the latter - texture, and the relation between 
vertical and horizontal irregularities are expressed in terms of relief 
distribution and inclination. The selection of variables is an essential 
step in geomorphometric analysis (Minar and Evans, 2008), but this step 
is not always analyzed in detail. In this study, variables were selected to 
represent the full spectrum of the morphometric diversity of plains 
dominating in Poland. The spatial pattern of variables was compared 
visually with our knowledge of the factors influencing the relief of the 
plains. We assumed that in low-relief areas, an important role plays the 
vertical and horizontal variability together with relief distribution. 
Based on the analysis of the occurrence frequency of landforms, we have 
designated two neighborhood scales applied in the variable calculation: 
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a regional scale, with an extension of about 54 km, including the trend of 
plateaus and large valleys, and a local scale with a size of 900 m (31 
pixels), adjusted to the width of medium valley forms. In the analysis, we 
omitted variables intended for modeling selected natural phenomena, 
such as solar radiation or hydrological processes, and variables that 
could not be correctly calculated for the entire study area. Finally, from 
more than 20 analyzed variables, we selected 10, presented in Table 1 
and Fig. 2, that, in our opinion, represent best the variability of factors 
describing the relief of postglacial plains and carry different 
information. 

The relative height of the terrain is expressed by Residual Elevation 
(RESE), Local Topographic Position (LTPI), Elevation above the 
erosional Base (EBAS), and Relief (RELF) supplemented by Absolute 
Elevation (ELEV). RESE and LTPI describe the position of a pixel against 
trends (Maxwell and Warner, 2015) calculated at the regional and local 
scale. The RELF variable is also calculated on the local scale and 

Morphometric zones 
Coaslands (plains)
Lakelands - last glaciation (plains)
Denudated plains - older glaciations
Highlands
Forelands
Mountains

Surface deposits
Holocene - fluvial
Holocene -  marine
Holocene and last glaciation - dunes
Last glaciation - loess
Last glaciation - fluvial
Last glaciation - glacial
Last glaciation - glaciofluvial
Older glaciations - fluvial
Older glaciations - glacial
Older glaciations - glaciofluvial
Quaternary - colluvial
Tetriary unconsolidated
Tetriary consolidated sedimentary rocks
Mesosoic and paleosoic sedimentary rocks
Paleosoic and older ignous and metamorphic rocks
Waters

Fig. 1. A) Location of Polish borders superimposed on the Europe relief; B) Relief of Poland; C) Geology of Poland - origin of surface sediments, based on Geological 
Map of Poland 1:500,000 (Marks et al., 2006), simplified; D) Main morphogenetic zones (after Gilewska (1991)), boundaries adopted to physio-geographic 
boundaries (Solon et al., 2018). 

Table 1 
Morphometric variables used in the study. See details in the text.  

Variable Symbol Range Mean value Unit 

Absolute Elevation ELEV − 0.3, 2483 170.9 ±
129.1 

m. 

Residual Elevation RESE − 328.2, 
1564.4 

− 0.24 ±
47.5 

m. 

Elevation above erosional 
base 

EBAS − 71.6, 2168.1 85.2 ± 94.6 m. 

Relief RELF 0, 1091.8 32.4 ± 50.1 m. 
Local Topographic Position LTPI − 349.2, 458.6 − 0.68 ±

11.5 
m. 

Ruggedness RUGN 0, 321.2 6.3 ± 10.3 m. 
Slope position SPOS − 0.5, 0.47 0 ± 0.13 norm 
Flatness FLAT 0, 1 0.61 ± 0.36 norm 
Surface noise SNIS 0, 1 0.03 ± 0.02 norm 
Mean convergence MCON 0, 72.2 12.6 ± 3.67 deg.  
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substitutes the slope inclination in low-relief areas. EBAS shows the 
relative height of each pixel above the hypothetical hydrologic surface, 
also known as isobase. It plays a similar role as HAND – Height Above 
Nearest Drainage (Rennó et al., 2008) but is not affected by watershed 
boundaries. That surface was interpolated from the 3rd and 2nd Strah
ler's order streams (Grohmann, 2005) for the stream network generated 
with r.stream package (Jasiewicz and Metz, 2011). The minimal basin 
size required to start the first-order stream was set to 1 km2. ELEV is 
rarely used in classification systems, mainly because its role in recog
nizing elementary forms is marginal. Only Brown et al. (1998) and 
Burrough et al. (2000) used this variable in supervised classifications. 
We include ELEV because it closely relates to the variation in the 
elevation and morphogenetic zones (Gilewska, 1991; Solon et al., 2018). 

The horizontal variability is a compound parameter of an elevation 
and distance (Pike, 1988) and is expressed in many forms, usually as a 
frequency of forms (Iwahashi and Pike, 2007). Due to the low frequency 
of forms in the plains, we use three variables to describe the texture 

features: Flatness (FLAT), Mean Convergence (MCON), and Surface 
Noise (SNIS). FLAT represents the percentage of near-flat cells in the 
local neighborhood and is closely related to the portion of near-level 
previously proposed by Hammond (1954). We assume the cell as near- 
flat if its slope inclination is below 1◦, which, for 30 m DEM, corre
sponds to 2◦ in actual surface (Schmidt and Hewitt, 2004). MCON and 
SNIS have not been used so far and represent minor variability of the 
terrain surface. The first is calculated as a mean convergence index 
(Böhner et al., 2008) in the local neighborhood, and the second is a 
density of isolated pits and peaks calculated at the same scale. Both 
variables are especially useful for distinguishing between areas of 
different morphogenesis, i.e., surfaces covered during the last glaciation 
and those extensively denuded during the last glacial period (Dylik, 
1969; Rotnicki, 1974). 

Two other variables illustrate relief distribution (Etzelmüller et al., 
2007). The Ruggedness (RUGN) is a mean difference between the central 
cell and each cell in the neighborhood of the local neighborhood (Riley 

-500
-100
-10
0
10
100
500
1000 m

-10
0
20
50
100
200
500
1000 m

0
20
50
100
200
500
1000 m

-350
-100
-50
-10
0
10
50
100
350 m

0
20
50
100
250 m

0.00
0.10
0.50
0.90
1.00

-0.50
-0.25
-0.05
0.00
0.05
0.25
0.50

0.00
0.03
0.06
0.10
0.20

0
9
11
15
30 deg

Fig. 2. Nine morphometric variables (ELEV is presented in Fig. 1), used in the analysis.  
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et al., 1999). Slope Position (SPOS) is the variable calculated as (ELEV) 
− (min(ELEV) + (max(ELEV)) / 2 and shows the position of the cell 
relative to the midpoint of the range and was used to describe dissection 
(Nir, 1957; Pike and Wilson, 1971) of the terrain. 

Finally, we discuss the departure from using popular variables based 
on the first (slope, aspect) and the second derivative of terrain, namely 
different types of curvatures (Evans, 1972). In lowland areas, the values 
of these variables are minimal. Schmidt and Hewitt (2004) and Vaze 
et al. (2010) discussed the impact of DEM scale on terrain derivatives 
and noticed that low resolution of DEM may lead to high uncertainty and 
incorrect estimation of these variables, especially in flat areas. To 
minimize the impact of DEM resolution, variables based on terrain de
rivatives were excluded in favor of the variables operating on height 
differences. We noticed that relief is correlated with slope, and slope 
position (SPOS) is correlated with profile curvature, both at least R2 >

0.96. Since both pairs of variables carry the same information, we used 
those with less uncertainty (Fig. 3). 

2.3. Clustering process 

Cluster analysis aims to simplify the complexity of a dataset by 
breaking the set into smaller units. The clusters obtained as a result of 
the analysis should be characterized by maximum internal cohesiveness 
and distinctiveness from other groups. This goal is easy to achieve when 
each of the variables describing the dataset has a regular distribution 
around the centers of the clusters, and the variables are not correlated. 
When these assumptions are met, simple and quick methods of hard 
clusterings, such as the popular k-means, are the best choice. However, 
such assumptions are difficult to meet in geomorphometric analysis. The 
terrain surface is a continuous phenomenon. It is difficult to expect the 
data structure to contain distinguished natural clusters, especially in 
lowland areas, where single forms smoothly pass into each other. In such 
a situation, the data structure manifests itself only in changes in density, 
and hard clustering cannot find natural clusters. K-means, for example, 
divide such the dataset into more or less regular units, which often 
provides abstracted information (Patel and Kushwaha, 2020). 

When the dataset is complex without clear clusters, methods based 
on the Gaussian process are recommended (Qiu, 2010). The GMM (Day, 
1969; Dempster et al., 1977) is the most popular variant of Gaussian 
clustering and is robust against the limitations mentioned above. GMM 
assumes that data structure is a mixture of normal distributions. This 
assumption is not fundamental but common in such a methodology 
(Day, 1969). When the number of variables is more than one, such a 
mixture becomes multivariate normal. A model-based clustering as
sumes that each observation (case) belongs to one of the components 
with a given weight, where each component is the density function of 
normal distribution, expressed by different mean and standard devia
tion. This algorithm allows the discovery of complex patterns by 
unmixing them into cohesive components that represent real patterns 
within the dataset. Weights assigned to each observation categorize 
GMM as so-called “soft clustering”. The minimum weight will occur 
when the observation belongs to each component with equal probabil
ity. The 1 − weight determines the uncertainty of this assignment; thus, 
the best situation occurs when observation belongs to one cluster with 
weight = 1. 

The GMM algorithm starts with randomly allocated Gaussian dis
tributions for each separate variable in multidimensional space. At each 
iteration, the data likelihood is maximized via the two steps, an expec
tation and maximization (Dempster et al., 1977). During the first step, 
the algorithm estimates the probability that observation belongs to a 
given component, and in the second step, each component is updated to 
fit best all the assigned observations. The soft clustering is more robust 
than the hard one, so when the data comes from the dataset where 
“clusters” are more changes in density than separate subspaces, the lack 
of clear boundaries is masked by “soft” assignment to individual groups. 
It means that the size of clusters adopts given variables, the method does 

not require prior data transformations, and clusters follow the local 
densities in the data. 

Despite strengths such as flexibility and the ability to handle un
certainty in data, selecting the optimal number of clusters is still a 
heuristic, supported by more or less formal criteria. The GMM supports 
Bayesian Information Criterion (BIC) (Schwarz, 1978) as formal support 
for determining the optimal number of clusters. The BIC limits the 
number of clusters by applying the penalty to too complex models. When 
data structure creates separate groups, the BIC allows finding the 
optimal number at the local minimum. However, when the dataset forms 
a continuous cloud with changes in density, the BIC values decrease 
monotonically, and the optimal number is somewhere where the BIC 
value becomes constant. An analysis of the differences in the BIC values 
between 2 and 30 clusters (Fig. 4) indicates that the data structure forms 
a cloud with densities rather than a series of clusters, and the optimal 
value is somewhere between 8 and 24. Thus, the formal criterion plays 
an auxiliary role, and the main factor becomes the understandability of 
the obtained patterns. The latter means that selecting the optimal 
number of clusters requires manual analysis of a series of maps, and the 
researcher's knowledge influences the result. 

2.4. Software and data processing 

We used the R programming language (R Core Team, 2021) for the 
analysis, in particular the following packages: sf (Pebesma, 2018) to 
manage vector data, stars (Pebesma, 2021) to manage raster data, mclust 
(Scrucca et al., 2016) to train the Gaussian mixture models, future 
(Bengtsson, 2021) to parallelize models training, and recipes (Kuhn and 
Wickham, 2021) to prepare a pipeline for data pre-processing. Addi
tionally, GRASS GIS (GRASS Development Team, 2020) was used to 
generate derivative products from the DEM. 

To avoid possible problems with non-normal distributions, all input 
data were standardized using Yeo-Johnson power transformation. Since 
it was impossible to perform the entire 5 billion cells, a representative 
sample of 3 million cells from the entire study area was selected, and 
GMM was fitted for this sample (Fig. 3). The model was then predicted 
over the entire area resulting in cluster and uncertainty maps with the 
same resolution as the input data. 

3. Results 

3.1. Number of clusters 

In order to define the optimal number of clusters, we analyzed maps 
from 4 to 24 clusters. Each map was compared with the extent of 
morphogenetic zones (Fig. 1) and the patterns of geomorphometric 
variables (Fig. 2) in terms of knowledge retrieved by the given pattern. A 
visual comparison between individual cluster patterns and variables 
(Figs. 2 and 5) shows that the 4-cluster model follows the variability of 
FLAT and, to a lesser extent of RELF. The 8- and 12-cluster models are 
related to MCON, while 16 and 20 clusters (Fig. 6A) disclose the role of 
SPOS and RUGN. The simplest 4-cluster model does not yet show the 
division into morphogenetic zones; this differentiation becomes 
apparent with an increasing number of variables. The 8-cluster pattern 
uncovers differences between Lakelands and Denudated plains, while 
the 12-cluster model also reveals the distinctiveness of Coastal plains. 
The 16-clusters model is close to the final, 20-cluster version of the 
clustering and marks off the bottoms of broad river valleys. The differ
ences between 16- and 20-cluster models concern mainly the presence of 
clusters that appear on edges between plateaus and valleys. Further 
increasing the number of clusters creates units whose distinctiveness is 
questionable and difficult to interpret. For this reason, further divisions 
have been omitted. 

The results presented in this way indicate that the optimal number of 
clusters is between 16 and 20. The smaller number does not reveal the 
distinctiveness of an important type of plains, which are the bottoms of 
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river valleys, while the larger number creates units that are difficult to 
interpret. The 20-cluster version reveals the next type of surface - 
associated with the edges between valleys and plateaus and narrow 
valleys cutting through the latter. Dissections are important types of 
terrain forms, the removal of which reduces the value of the classifica
tion. Thus, we considered the number of 20 clusters optimal from the 
point of view of the problem of the paper. Fig. 6A presents the finally 
accepted result. It also should be emphasized that the increment of 
clusters is not hierarchical, i.e., clusters of the higher tier are not just 
sub-clusters of lower-tier divisions. This is primarily the result of the 

“soft” nature of the GMM clustering, namely the overlapping of Gaussian 
components. 

3.2. Cluster labeling 

The second step of the unsupervised analysis is labeling, a posterior 
heuristic process intended to give meaning to clusters. We already 
noticed that the spatial distribution of clusters is not even, and surface 
types of the same class are spatially related to the surfaces with a similar 
genesis. Such an observation tempts us to label units according to their 
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prediction

Cluster
labeling

Cluster
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Fig. 3. Graphical summary of the data processing. For variable abbreviation, see Table 1.  
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dominant genesis to refer to the earlier cartographic concepts; however, 
we want to avoid situations where the result is only an imperfect 
approximation of the already existing expert-driven maps (Iwahashi 
et al., 2021). Thus, the labeling aims to find an origin-agnostic classifi
cation scheme by discovering the divisive rules and then using these 
rules for final labeling. The remaining question is, what is represented 
by clusters? Clusters are intentionally delineated solely on the hard data, 
namely elevation and its transformations, and not taking into account 
the morphogenesis or chronology because there is either an interpreta
tion or exists in the form of sparse data (Szuman et al., 2021). We 
observe that cells belonging to the same clusters create relatively ho
mogeneous groups (Fig. 6), often containing an agglomeration of minor 
units, and are bounded by areas where the homogeneity is disrupted 
(Minar and Evans, 2008). Such entities definitely do not correspond to 
the term “landform” sensu Mark and Smith (2004) or Evans (2012), so 
we define the units on a more general level as “Land Surface Types”. 
Following these assumptions, the labeling process (Fig. 7) includes the 
analysis of cluster variability in the principal components space and is 
supported by analyzing the relationship between individual morpho
metric variables. 

3.2.1. Surface variability inside the principal components space 
We applied Principal Component Analysis – PCA (Hotelling, 1933; 

Jolliffe, 2002) in the first step, reducing data complexity to a few gra
dients describing a significant part of variable space. Three first prin
cipal components (PC) applied to the scaled data explain almost 70 % of 
the data variability (Fig. 8A). The first PC explains that 39.7 % is 
negatively related to ELEV, RUGN, and EBAS and positively related to 
FLAT. It describes the gradient explained by local and regional vertical 
elevation variability, from most diverse (negative) to completely flat 
(positive). The second PC represents 15.9 % which is less than half of the 
first PC and is negatively related to all remaining variables representing 
both vertical and horizontal variability. The third PC represents 14.1 % 
of the variance (Fig. 8B), which is close to the second PC and is positively 
related to textural properties (MCON, SNIS) and negatively to local 
topographic position (RESE, LTPI, and SPOS). It means that areas with 
the highest positive third PC indicate high horizontal variation, while 
negative values represent low-lying, thus poorly textured areas. 

The relationships between PC and variables show an interesting 
situation. While the first gradient divides the study area into uplands 
and plains, the second PC reveals only local variability; the third 
gradient relates to the textural features and shows that those features 
depend on the local relief (second PC). The first PC can divide the study 
area into uplands and lowlands and the second one into rough and 
smooth surfaces. The remaining 30 % of the variability requires deeper 
insight and heuristic use of selected variables. Based on the analysis of 

the mutual relationship between all applied morphometric features, we 
found four variables that best describe the differentiation of Land Sur
face Types. The first pair includes RELF and SPOS (Fig. 8C), both vari
ables are parallel to the first PC and describe the vertical variability of 
the surface. The second pair (FLAT, MCON) is parallel to the second PC – 
and describes the details of the horizontal variance. It finally led to the 4- 
level classification scheme, where a surface type is a target unit, and the 
fourth level has only been applied to a few divisions (Fig. 6B). The labels 
are descriptive and hierarchical; the first capital letter refers to the 
group, the second to the subgroup, and the third to the land surface type. 
The fourth, optional lowercase letter, describes land surface subtypes. 

Five clusters with negative first PC and local relief above 50 m were 
labeled as Uplands (U), and the remaining 15 clusters were tagged as 
Plains (P). Four clusters with the highest values of the first PC and FLAT 
close to 1 were labeled as Near-Flat Plains (PF). Although the latter 
category is distinguished solely inside the first PC gradient, for the se
mantic reason, we decided to narrow its role as a subgroup of Plains 
rather than a third distinct group separated from both Plains and 
Uplands. 

3.2.2. Uplands group 
Inside the Uplands group, three clusters with relief above 100 m form 

a subgroup of mountains (UM). The further division within Uplands 
solely based on the SPOS variable is relatively straightforward. Positive 
values of SPOS identify the highest parts of the mountains and high
lands, mostly elevated parts or ridges (UME and UHE), while negative 
values indicate the inner part of the mountain (UMI) or, in particular, 
inter-mountain valleys (UMV) lower mountains and highlands (UMS). 

3.2.3. Plains group 
After separating the PF subgroup, and the remaining 11 clusters 

belonging to the Plains, we can distinguish two subgroups using the 
PCON variable: rolling (PR) and smooth (PS). We decided on the term 
“rolling” as an intermediate between “hilly” and “plain” (Pike and 
Wilson, 1971). Such division follows the second PC's gradient, but 
Fig. 8C reveals the existence of a transitional subgroup, which combines 
the features of both previous surfaces. Detailed analysis of spatial dis
tribution shows that the given subgroup connects with slope edges and 
deeply incised valleys. Thus, we labeled this as Dissections (on) Plains 
(PD). 

3.2.3.1. Rolling plains. The PR subgroup can be divided by the density 
of secondary landforms forming a surface noise into three Land Surface 
Types: high (density) (PRH), moderate (PRM), and low (PRL). This 
attribute is expressed by the pair FLAT-MCON (Fig. 8C), where the mean 
value of the convergence index increases within the LR group with the 
decreasing percentage of flat areas. Finally, the SPOS variable allows 
dividing the PMR and PRL type into upper (PRMu, PRLu) and lower 
(PMRl, PRLl) subtypes. 

3.2.3.2. Dissections on plains. The PD is a subgroup representing mostly 
elongated landform elements connected with valleys. The subgroup di
vides further into three types that correspond to deeply cut valleys 
(PDV) or represent upper edges (PDEu), more inclined and partially 
eroded, and lower parts (PDEl), of narrow slopes, usually almost flat. 

3.2.3.3. Smooth plains. Clusters belonging to PS arrange along FLAT- 
PCON gradients similar to PR and PD groups, but values of the MCON 
are significantly lower. All three clusters in this subgroup have very 
similar relief but vary with FLAT and SPOS. It allows for labeling them as 
inclined (PSI) and gentle (PSG). The third remaining cluster is very close 
to near-flat surfaces and was marked as PSF. 

3.2.3.4. Near-flat plains. The PF subgroup shows the variation primar
ily by MCON variable and includes the following Land Surface Types: 

Fig. 4. The changes of Bayesian Information Criterion between 2 and 30 
clusters. The red dashed line shows the final number of clusters. (For inter
pretation of the references to color in this figure legend, the reader is referred to 
the web version of this article.) 
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rough (PFR) with little secondary relief, dissected (PFD), and smooth 
(PFS) or completely flat. The latter divides further into upper (PFSu) and 
lower (PFSl) subgroups by the SPOS variable. 

3.3. Uncertainty of the clustering 

The GMM assesses the probability that the observation comes from 
the given cluster and thus assesses the uncertainty to what extent a given 
type of surface describes the actual terrain. Fig. 9 presents the spatial 
distribution of uncertainty and its relation to the Land Surface Types; 
namely, the pattern of uncertainty follows the spatial distribution of the 
classes. We observed that Land Surface Types have different un
certainties, and these differences affect the spatial distribution of un
certainty. A detailed analysis of these differences is beyond the scope of 
this paper; however, we notice that upland classes (UME, UMI, UMS, 

UMV) have uncertainty significantly lower than plains, except for the 
complete flat PFSl. Other classes have skewed distributions (Fig. 9C), 
with a minimum close to 0, or even uniform (PRMu and PRLl), which 
means that belonging to these classes is vague. This situation is not 
surprising and results from a low variation of geomorphometric vari
ables in lowland areas. 

For the same reason, the spatial distribution of uncertainties (Fig. 9B) 
at the surface type-level shows that the uncertainty increases at the 
boundaries between patches of Land Surface Types. The low uncertainty 
in the elevated areas results primarily from the high height variability 
and thus minimizes transition areas between land surface classes. In 
lowland areas, on the other hand, slight differences in altitude make the 
transition zones extensive and the boundaries between the forms fuzzy. 
This is particularly evident in rolling plains, where landforms inherent in 
the normal morphogenetic cycle have not developed, and thus 
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Fig. 5. Result of clustering with: A) four; B) eight; C) twelve; D) sixteen number of classes. Colors are meaningless, however partially relates to the symbology 
presented in Fig. 6. Blue line marks extend of Last Glacial Maximum (LGM). (For interpretation of the references to color in this figure legend, the reader is referred to 
the web version of this article.) 
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“transition zones” are the dominant element in the relief classification. 

4. Discussion 

The quality assessment of the unsupervised classification is a com
bination of understandability, usefulness, and novelty (Fayyad and 
Uthurusamy, 1996) that belong to the domain of subjective evaluation. 
The successful labeling (Fig. 6) fulfills the understandability test, and the 
next two will be evaluated by discussing the spatial distribution of 
surface types, especially concerning morphogenetic zones, and 
comparing the results with other mosaics. 

4.1. Spatial distribution of land surface types 

Fig. 10 shows that there is a strong correspondence between 
morphogenetic zones and land surface types, but it does not allow for the 
conclusion that Land Surface Types are assigned to particular zones. The 
correspondence is a matter of quantitative differences rather than a 
simple relationship between Land Surface Types and morphogenetic 
zones. The detailed regional analysis goes beyond the aims of this work; 

therefore, in the discussion, we will analyze to what extent the spatial 
distribution of surface types is related to the geomorphological processes 
and landforms taking place in a given zone. 

Table 2 contains a list of the distinguished Land Surface Types 
compiled with the landforms and morphogenetic zones. Only the 
Mountains have a distinct set of Land Surface Types (U) which are only 
partially present in the highest parts of the Highlands. The variability of 
the Plains to the north and south of the Last Glacial Maximum corre
sponds well to the concept of the morphogenesis of the Central European 
plains (Dylik, 1969; Mojski, 1995; Hughes and Woodward, 2009; Mur
ton, 2021) with the division into two zones, young post-glacial and older 
post-glacial, denudated under periglacial conditions. Plains belonging to 
the rolling subgroup, especially those with the highest density of irreg
ularities, represent very young surfaces related to the activity of the last 
ice sheet with a shallow impact of denudation. On the other hand, 
smooth (PS) and near-flat (PF) subgroups cannot be considered explic
itly as areas denudated in periglacial conditions (Dylik, 1969) because 
they appear both north and south of the Last Glacial Maximum. The 
Land Surface Types belonging to the PS subgroup north of the Last 
Glacial Maximum indicate various processes, including subglacial 

UME
UMI
UMV
UMS
UHE

PRH
PRMu
PRMl
PRLu
PRLl

PDV
PDEu
PDEl
PSI
PSG

PSF
PFR
PFD
PFSu
PFSl

Fig. 6. Result of clustering with 20 clusters. See the Fig. 7 for detail classification and Table 2 for full land surface types names.  
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exaggeration and ice sheet sideslips (Szuman et al., 2021). On the con
trary PR subgroup south of Last Glacial Maximum appears mainly on 
highly carved valley edges and indicates intense erosional processes. 

All classes belonging to the dissection plains (PD) subgroup appear 
both north and south of the line of PGM. Surfaces belonging to this 
subgroup form mostly relatively linear forms. Near-flat (PF) surfaces 
include terrains where areas inclined more than 1◦ appear across all 
plains. The most unusual appears in flat areas named rolling (PFR). Its 
extent coincides with boggy surfaces in river valleys and higher plains. 
The PFD (dissected) class encompasses flat but deep valley bottoms, and 
in practice, the class is limited only to the Forelands. Near-flat areas 
occur throughout Poland and are mainly associated with the bottoms of 
river valleys or boggy plains dominated by organic deposits developed 
during the Holocene. Surfaces PDSl and PRLl dominate in broad valleys 

in the Lakelands area, while smaller watercourses exist as deeply 
indented forms (PLDF). The PFS and PFR surface types dominate in wide 
river valleys cutting periglacial plains. The rough near-flat plains result 
from its frequent renewal during Holocene floods and the presence of 
numerous oxbow lakes. 

Regardless of compliance with the extent of morphogenetic zones, 
we also observe a strong relation to the physico-geographical units 
(Solon et al., 2018) at the mezo-region level (Fig. 10). The physico- 
geographical division of Poland is an implementation of the European 
Landscape Convention. Mesoregions are the basic division unit 
belonging to higher-order units: macroregions, provinces, and mega
regions. The division is an update of the original division by Kondracki 
and Rychling (1994), adjusted to the new geological and geomorpho
logical data. The course of the borders was made by hand on a scale of 
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Fig. 7. Classification process (labeling) into land surface types Detail description of the process contains Subsection 3.2. See the SEC:acronyms section for full names.  
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1:50,000 and took Poland's topographic geological, geomorphological, 
and hydrological diversity. Thus, it becomes the best source for 
comparing the convergence of the classification results with the expert 
understanding of this phenomenon. Such a comparison confirms that the 
concept of classification, including the selection of variables and the 
method of grouping and labeling the variables, creates a pattern 
recognizable to those familiar with the geographic division of the 
country. 

Within the Lakelands zone, there is a visible difference between the 
northern and southern parts. The PRH surface type dominates north, and 
to the south, it passes into rolling plains but with minor texture (PRM, 
PRL) mixed with smooth (PS) and near-flat (PF) plains. The diversity of 
Land Surface Types is mainly an effect of the differences in the dynamics 
of the Weichselian ice sheet, associated with the activity of the Baltic Ice 
Stream Complex (Punkari, 1997) with branches operating over a soft 
substratum of relatively gentle topography. The northern part was 
shaped during the Pomeranian phase, a regular part of the Baltic ice 
sheet (Punkari, 1997), and was subject to glacial thrusting and 

accumulation processes. The southern part is a zone of the influence of 
numerous but short-term and reduced advances of ice lobes that left a 
thin cover of glacial deposits (Szuman et al., 2021). 

A variety of patterns also characterizes the denudated plains, and the 
lowest part of the Highlands zone. There is a difference between the 
western and central parts, which are dominated by smoother surfaces 
(PSF, PSG), and areas that dominate the eastern part with more textural 
features (PSI, PDV). The quantitative differences between the surface 
types in the western and eastern parts have a complex genesis, resulting 
from regional climatic differences affecting the intensity of denudation 
during the Plenivistulian and differences in the older, post-glacial relief 
(Rotnicki, 1974). The locally occurring inland dune fields are not asso
ciated with any distinctive Land Surface Type but are a mixture of 
different types of PD and PR, mostly PDV and PRH. 

4.2. Comparison with other mosaics 

The validity of spatial patterns resulting from clustering is usually 

Fig. 8. Cluster distribution: A–B) against principal components (red arrows indicate variable's loadings); C–D) relief variables representing vertical variability (RELF 
and SPOS) and textural variables representing horizontal fluctuations (FLAT and MCON). Arrows on chart D show the position relation between lower (l) and upper 
(u) subtypes. Dots represent centers of clusters. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.) 

K. Dyba and J. Jasiewicz                                                                                                                                                                                                                     



Geomorphology 413 (2022) 108373

12

determined by comparison with previous concepts, namely existing 
geomorphological or geological maps (Iwahashi et al., 2018, 2021). 
Although this approach does not assess the quality of clusters, such 
comparison gives an indirect answer to which of the existing divisions 
can be approximated by the morphometric parameters used in the 
clustering process. We compare the results of clustering with other 
mosaics (Fig. 11), including the classification made by the Hammond 
(1964), Terrain Position Index (Weiss, 2001), Iwahashi and Pike (2007) 
and geomorphons (Jasiewicz and Stepinski, 2013). Each of the auto
matic classifications was made in one step for the entire country based 
on the default set of input parameters, using the same elevation model 
that was used in the project. The classification results for the Hammond 
system and Terrain Position Index are not compared with the test areas, 
as their inventory of forms other than plains is minimal. 

Additionally, as an expert-driven map, we use four test areas from a 
pilot project of a digital geomorphological map of Poland (Rączkowska 
and Zwoliński, 2015). Those testing areas include 1) Coastal plain 
(Wolin Island), 2) Lakelands (Chełmno-Dobrzyń Lakeland), 3) Peri
glacial plains (Kutno plain), and 4) Highlands (Roztocze) (Fig. 12, Ap
pendix A). 

A detailed comparison of mosaics shows that all surface patterns, 
regardless of the different number of classes, are similar and relate to 
expert-driven maps, but the extent of forms and exposed details differ in 
each case. The differences result primarily from a different approach to 

defining the boundaries in manual and automatic approaches. Manual 
delineation usually starts with setting main boundaries and iterative 
division into successive units. In an automatic case, each cell is labeled 
separately, and the spatial coherence of units results from the contin
uous nature of the Earth's surface. Moreover, the different extent of 
exposed forms is a consequence of calculating variables, such as textural 
parameters or relief by focal analysis that leads to the averaging of 
values in the neighborhood defined by the size of the window is one of 
the factors influencing the granulation of the distinguished classes 
(Drăguţ and Eisank, 2011). 

Each of the presented in Fig. 12 has strengths and weaknesses. 
Expert-driven maps use complex chronological and morphogenetic units 
to differentiate surfaces containing similar landforms. For that reason, 
our method preserves different surface types, for example, various types 
of near-flat surfaces on Wolin Island (row 1). On the other hand, the 
proposed approach does not allow easy identification of ridge-valley 
systems, especially in upland areas (row 4), which is very easy for 
geomorphons, designed initially for such landscape types. Immature 
surfaces of postglacial areas (Lakelands, row 2) are the most significant 
challenge for automatic methods, especially those that use only fluvial 
landforms. Our approach distinguishes the surface of the valley bottom 
(green on the geomorphological map) from the Lakeland plateau (pur
ple) and partially the variability of the plateau; the remaining methods 
recognized only river channels and valley slopes. In the periglacial 

Uncertainty 
 
0.00
0.05
0.15
0.30
0.60
0.80

Fig. 9. The distribution of uncertainty: A) over entire study area; B) detailed, inside selected areas (location are marked on plate A); C) inside land surface types 
(violin plot). 
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plains (row 3), all three automatic methods recognize simple landforms, 
but only our method can distinguish between three types of planar 
surfaces, Except the size of slopes, which are more extensive compared 
to reality. 

5. Conclusions and future works 

The paper presents an unsupervised classification of surface types in 
low-relief areas, using Poland as a key test area. The procedure aims to 
define rules valid for the geomorphometric analysis of plains by various 
morphogenetic processes. As part of the procedure, we analyzed 

Morphogenetic zones
Mesoregions

Fig. 10. Results of classification, compared with the extent of morphogenetic zones (see Fig. 1). A) Cluster distribution on the background of morphogenetic zones 
and physico-geographical mesoregions of Poland (Solon et al., 2018); B) Correspondence between morphogenetic zones and designated land surface types. LGM - Last 
Glacial Maximum. 
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geomorphometric variables with great potential to differentiate between 
different types of plains. During the analytical process, we did not 
introduce any morphogenetic constraints leaving the determination of 
the extent of the plains and the surface types to the algorithm. We 
showed that the basis of an adequate classification is the balance be
tween the variables describing the vertical and horizontal variability of 
the terrain. New variables describing secondary surface features (MCON 
and SNIS) have been proposed and shown to play an important role in 
distinguishing between different plains of glacial, periglacial, or fluvial 
origin. The Gaussian Mixture Model was used as a clustering algorithm. 
The Gaussian Mixture Model unmixes natural clusters and provides a 
soft clustering coupled with an assessment of the uncertainty of 
assignment to a given cluster. The obtained clusters were successfully 
labeled, recognizing four types of plains: rolling, smooth, near-flat, and 
dissections. Despite the application of the unsupervised classification 
and the use of different variables, the result refers to the Hammond 

(1954) rule system but is adapted to the postglacial plains of the Euro
pean Lowlands. 

The map of Land Surface Types is an additional effect of the research 
and was made using the limited cell-oriented method, but it proved to be 
very effective. The designated groups of surface types correspond 
partially to the range of the main morphogenetic zones; however, sur
face types cannot be used as direct indicators of morphogenesis. The 
relation is rather quantitative than qualitative and limited by the equi
finality principle (Haines-Young and Petch, 1983; Beven, 1996), espe
cially when the number of descriptors is limited. Nevertheless, our 
analyses open the way to detailed geomorphometric analyses of the 
plains, primarily carried out on a large spatial scale. Future work will 
include the implementation of recognized principles in cartographic- 
oriented research using object-oriented analyses (Drăguţ and Blaschke, 
2006) and computer vision approach (Jasiewicz and Stepinski, 2013). 

Fig. 11. Morphometric mosaics obtained with different methods. A) Hammond (1964) system; B) Topographic Position Index (Weiss, 2001); C) Iwahashi and Pike 
(2007); D) Geomorphons (Jasiewicz and Stepinski, 2013). Rectangles on Plate B marks location of testing areas presented on Fig. 12. 

K. Dyba and J. Jasiewicz                                                                                                                                                                                                                     



Geomorphology 413 (2022) 108373

15

Acronyms 

General 

DEM Digital Elevation Model 
DTED L2 Digital Terrain Elevation Data Level 2 
GMM Gaussian Mixture Model 
BIC Bayesian Information Criterion 
PCA Principal Component Analysis 
PC Principal Component 

Morphometric variables 

ELEV Absolute Elevation 
RESE Residual Elevation 
EBAS Elevation above erosional base 
RELF Relief 
LTPI Local Topographic Position 
RUGN Ruggedness 
SPOS Slope Position 
FLAT Flatness 
SNIS Surface Noise 

MCON Mean Convergence 

Land Surface Types 

UME Uplands, medium Mountains, Elevated 
UMI Uplands, medium Mountains, Inner parts 
UMV Uplands, Mountains, Valleys 
UMS Uplands, low Mountains, Slopes/highlands 
UHE Uplands, Highlands, Elevated 
PRH Plain, Rolling, High density 
PRMu Plain, Rolling, Medium density, upper 
PRMl Plain, Rolling, Medium density, lower/dissected 
PRLu Plain, Rolling, Low density, upper 
PRLl Plain, Rolling, Low density, lower 
PDV Plain, Dissection, Valleys 
PDEu Plain, Dissection, Edges, upper 
PDEl Plain, Dissection, Edges, lower 
PSI Plain, Smooth, Inclined 
PSG Plain, Smooth, Gently inclined 
PSF Plain, Smooth, near-Flat 
PFR Plain, near-Flat, Rough 
PFD Plain, near-Flat, Dissections 

Fig. 12. Detailed comparison of expert-driven maps (Column A) with geomorphometric mosaics. Column B – our classification; Column C – Iwahashi and Pike 
(2007); column D – Geomorphons. Location of testing areas 1–4 is presented on Fig. 11, plate B. For expert-driven maps legend see Appendix A. 
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PFSu Plain, near-Flat, Smooth, upper 
PFSl Plain, near-Flat, Smooth, lower 
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Rączkowska, Z., Zwoliński, Z., 2015. Digital geomorphological map of Poland. Geogr. 
Pol. 88, 205–210. https://doi.org/10.7163/GPol.0025. 
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