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Abstract
We introduce a novel method for classification and mapping of landform elements from a DEM based on the principle
of pattern recognition rather than diﬀerential geometry. At the core of the method is the concept of geomorphon (geomorphologic phonotypes) - a simple ternary pattern that serves as an archetype of a particular terrain morphology.
A finite number of 498 geomorphons constitute a comprehensive and exhaustive set of all possible morphological
terrain types including standard elements of landscape, as well as unfamiliar forms rarely found in natural terrestrial
surfaces. A single scan of a DEM assigns an appropriate geomorphon to every cell in the raster using a procedure
that self-adapts to identify the most suitable spatial scale at each location. As a result, the method classifies landform elements at a range of diﬀerent spatial scales with unprecedented computational eﬃciency. A general purpose
geomorphometric map - an interpreted map of topography - is obtained by generalizing all geomorphons to a small
number of the most common landform elements. Due to the robustness and high computational eﬃciency of the
method high resolution geomorphometric maps having continental and even global extents can be generated from
giga-cell DEMs. Such maps are a valuable new resource for both manual and automated geomorphometric analyses.
In order to demonstrate a practical application of this new method, a 30 m cell−1 geomorphometric map of the entire
country of Poland is generated and the features and potential usage of this map are briefly discussed. The computer
implementation of the method is outlined. The code is available in the public domain.
Keywords: Geomorphological mapping, Landforms, Unsupervised classification, Pattern recognition, DEM
1. Introduction
Advances in remote sensing have led to broad availability of digital elevation models (DEMs). High resolution DEMs (∼ 1 m cell−1 ) of an increasing number
of local areas are provided by the laser ranging technology (LiDAR). Medium resolution DEMs (10-100 m
cell−1 ) are available for the entire terrestrial landmass.
Coarse resolution DEMs (∼ 1 km cell−1 ) are available
for the entire ocean floor, the entire surface of the Moon,
and the entire surface of the planet Mars. DEM data
needs to be further processed in order to provide an insight to an analyst. There are two fundamentally diﬀerent computational approaches to gaining insight about a
given terrain from its DEM. One approach is to calculate a shaded relief map (Robinson, 1946) or a contour
map. Such maps provide visual representation of topography; actual knowledge comes from an analyst who examines and annotates the map. Another approach is to
numerically segment and classify a terrain into its conPreprint submitted to Geomorphology

stituent landforms or landform elements (Evans et al.,
2009; MacMillan and Shary, 2009; Evans, 2012). In the
resultant map an interpretation of topography is builtin by the rules of the classification. Such maps are in
demand because, unlike a shaded relief map or contour
map, they could be algorithmically parsed to gain additional knowledge. If the terrain of interest is large, or the
DEM is at a high resolution, the only practical method
of its analysis is through algorithmic means, hence a
significant interest in developing computationally eﬃcient techniques for auto-classification and mapping of
landform elements.
Because of this interest, there exists a significant
body of literature (Tamura, 1980; Pennock et al., 1987;
Skidmore, 1990; Dikau et al., 1995; Blaszczynski,
1997; Irvin et al., 1997; Schmidt and Dikau, 1999;
MacMillan et al., 2000; Burrough et al., 2000; Schmidt
and Hewitt, 2004; Saadat et al., 2008) on automated
mapping of landforms from a DEM. The existing methods classify landforms on the basis of “geomorphomeNovember 7, 2012

tric variables” (Evans, 1972; Pike, 1988; MacMillan
et al., 2004; Olaya, 2009). These variables are realvalued numbers calculated from the DEM; most variables used in classification of landforms are local - they
are calculated using the first and second derivatives of
terrain surface. Thus, most existing methods of automated landform classification have their roots in diﬀerential geometry. The diﬀerences between diﬀerent existing approaches focus on how to best utilize the information contained in geomorphometric variables, and
on the choice of target units of classification. Methods can be divided into those which are cell-based and
those which are object based (Dragut and Blaschke,
2006, 2008; van Asselen and Seijmonsbergen, 2006;
Ghosh et al., 2009). They can be also divided into
those which use a classifier designed manually on the
basis of expert knowledge and empirical evidence (Pennock et al., 1987; Skidmore, 1990; MacMillan et al.,
2000; Minar and Evans, 2008; Gallant et al., 2005; Iwahashi and Pike, 2007) and those which use a classifier generated by a machine learning algorithm (Brown
et al., 1998; Hengl and Rossiter, 2003; Prima et al.,
2006; Ghosh et al., 2009). Finally, methods can be divided with respect to target units of classification (Minar
and Evans, 2008); considered units include: landforms,
landform elements, and physiographic units (Adediran
et al., 2004; Iwahashi and Pike, 2007; Stepinski and
Bagaria, 2009; Dragut and Eisank, 2012).
In this paper we introduce a novel approach to classification and mapping of landform elements, one that departs significantly from existing methodologies. A starting point is the observation that an analyst who manually classifies landforms from a DEM (using a map of
shaded relief or a contour map) does not make decisions
based on geomorphometric variables, but instead identifies the whole topographic patterns corresponding to
specific landforms. Our method capitalizes on this observation; we classify landform elements using tools of
computer vision rather than tools of diﬀerential geometry. Thus, our algorithm attempts to mimic the classification process carried out by a human analyst.
Texture classification is an active research topic in
the field of computer vision because of high priority applications, such as content-based image retrieval (Datta
et al., 2008). Recall that image texture refers to the spatial arrangement of grayscale intensities in a selected region of an image. Similarly, landform elements can be
thought of as a specific spatial arrangement of elevation
values in a selected region of a DEM. With this analogy in mind, we modify tools originally developed for
texture classification and apply them for landform classification. In particular, we utilize the concept of Lo-

cal Ternary Patterns (LTP) (Liao, 2010) to identify local
landform elements. The set of all possible LTPs is finite;
taking into account rotational and reflectional symmetries there are only 498 diﬀerent LTPs. We call these
patterns (and their associated landform archetypes) geomorphons by analogy to textons (Julesz, 1981). Textons refer to fundamental micro-structures in an image
and thus constitute the basic elements of visual perception (Julesz, 1984). Analogously, geomorphons are fundamental micro-structures of landscape. Geomorphons
are extracted from an original DEM at a small computational cost. Because of their finite number (up to
498, but much less in DEMs pertaining to real terrestrial
landscapes) the geomorphons are both terrain attributes
and landform types at the same time. Thus, a single
scan of a DEM yields a map of geomorphons. An important innovation is the way we determine a local pattern. Instead of using a fixed-size neighborhood to collect elevation values for determination of LTP, we use
a neighborhood with size and shape that self-adapts to
the local topography. This self-adaptation technique utilizes the line-of-sight principle (Lee, 1991; Nagy, 1994;
Yokoyama et al., 2002) and ensures that landforms are
identified at their most appropriate spatial scale.
Most applications call for a map featuring only a few
of the most commonly recognizable landform elements.
A single common landform element can be expressed
by a number of diﬀerent geomorphons. We demonstrate
how to generate a map of the 10 most common landform elements (peak, ridge, shoulder, spur, slope, hollow, footslope, valley, pit, and flat) using geomorphons.
The process of generating such a map amounts to the reclassification of geomorphons based on a lookup table.
We explain how to construct an appropriate lookup table
and obtain a geomorphometric map - a general purpose
map of interpreted topography that is robust to length
scale and eﬃcient to compute.
The rest of the paper is organized as follows. In
Section 2 we give a full description of our method for
pattern-based classification and mapping of landforms.
This includes details on construction of LTP utilizing
the line-of-sight principle, reduction of all LTPs to the
set of 498 geomorphons, construction of lookup table
for mapping of common landform elements, and details
on computer implementation of our method. In Section
3 we compare a geomorphometric map generated by
our method to analogous maps generated by two popular methods based on diﬀerential geometry. We also
demonstrate the scale flexibility of our method. In Section 4 we demonstrate the feasibility of our method for
the generation of high resolution, large extent geomorphometric maps by calculating a 30 m cell−1 map for the
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Figure 1: Applying concept of Local Ternary Patterns (LTP) to landform elements classification. (A) A DEM around the cell of

interest. (B) Ternary representation of relative elevations between the cell of interest and its neighbors. (C) Three diﬀerent forms
of ternary pattern. (D) Assignment of LTP to a cell in the raster. See text for details.

entire country of Poland. Conclusions and future work
directions are given in Section 5.

DEM in the neighborhood of the central cell. From visual inspection it is clear that the central cell belongs to
a valley landform element. Panel B shows only the 8 immediate neighbors of the central cell - they are labeled
with diﬀerent colors to indicate whether their elevation
values are higher, lower, or of the same elevation value
as the central cell. Panel C shows a ternary pattern derived from neighbor labels. This pattern can be shown in
three diﬀerent ways. First, visually as an octagon with
each vertex colored in accordance with convention used
in Panel B. Second, as a string of three symbols (+ =
“higher”, − = “lower”, and 0 = “same”); the first symbol
in the string corresponds to the east neighbor and subsequent symbols correspond to the neighbors in counterclockwise order. Notice that a pattern in the form of
a string can also be considered as a ternary number (a
number represented in the base 3) which can be converted to a decimal number. Thus, the final representation of the pattern is its corresponding decimal number
(2159 for the pattern shown in Fig. 1). This compact
representation serves as the label of the pattern, but it
is important to stress that the entire structure of the pattern can be recovered from such a label. Finally, panel
D indicates that the central cell has been classified as
geomorphon #2159.
In practice, a ternary pattern characterizing terrain
type in the neighborhood of the central cell is determined not from simple diﬀerences in elevations (as illustrated in Fig. 1 for conceptual purposes), but rather
from a quantity Δ which is derived through characterization of the local surface using the line-of-sight principle. This principle, originally proposed by Yokoyama
et al. (2002) in connection with the notion of terrain
openness, relates surface relief and horizontal distance
by means of so-called zenith and nadir angles along the
eight principal compass directions. To calculate zenith
and nadir angles at a central cell, eight elevation profiles

2. Pattern-based classification of landforms
Grayscale images and DEMs are similar inasmuch as
they are both single-valued rasters. Moreover, grayscale
images consist of intricate patterns of gray levels, much
like DEMs consist of intricate patterns of elevation values. In the field of computer vision it has been long
recognized that an image is best segmented into its constituent structures on the basis of texture similarity (Malik et al., 2001). The texture descriptors that proved to
be the most eﬀective are all based on local patterns of
gray level contrasts. Ojala et al. (2002) introduced the
Local Binary Patterns (LBP) as descriptors of texture.
The LBP is constructed from a 3x3 local neighborhood
over a central cell; the 8 neighbors are labeled either 0
if the gray level of a neighbor is smaller than the gray
level of the central cell, or 1 otherwise. Local Ternary
Patterns (LTP) (Liao, 2010) extend LBP to 3-valued patterns by allowing small levels of contrast to be considered as lack of contrast. Thus, a neighbor is labeled 1 if
its value exceeds the value of the central cell by at least
t where t is a specified value of threshold. A neighbor is
labeled -1 if its value is at least t smaller than the value
of the central cell. Otherwise, the neighbor is labeled 0.
The original LBP are too simple to be of value for DEM
analysis, where notions of higher, lower or level are all
important, however, the LTP, although still simple, provides enough structure to be utilized for the identification of a DEM’s constituent landforms.
2.1. Local Ternary Patterns and Geomorphons
Fig. 1 illustrates the concept of applying LTP to classification of landforms. Panel A shows a portion of a
3

Figure 2: Illustration of the concept of zenith and nadir angles and their relation to quantity Δ. See text for details.

starting at the central cell and extending along the principal directions up to the “lookup distance” L are extracted from the DEM. An elevation angle is the angle
between the horizontal plane and a line connecting the
central cell with a point located on the profile. An elevation angle is negative if the point on the profile has an
elevation lower than the central cell. For each profile a
set of elevation angles D SL is calculated; the symbol denoting this set indicates a dependence on direction (D)
and lookup distance or scale (L). The zenith angle of a
profile is defined as D φL = 90o - D βL , where D βL is the
maximum elevation angle in D SL . Similarly, the nadir
angle of a profile is defined as D ψL = 90o - D δL , where
D δL is the minimum elevation angle in D SL . Thus, the
zenith angle is an angle between the zenith and the lineof-sight, and the nadir angle is an angle between the
nadir and a hypothetical line-of-sight resulting from reflecting an elevation profile with respect to the horizontal plane. Both zenith and nadir angles are positively
defined and have a range from 0o to 180o.
The value of a slot in a ternary pattern corresponding
to direction D and lookup distance L is denoted by a
symbol D ΔL and given by the formula:
⎧
⎪
1
if D ψL − D φL > t
⎪
⎪
⎨
0
if |D ψL − D φL | < t
D ΔL = ⎪
⎪
⎪
⎩ −1 if ψ − φ < −t
D L
D L

that, in principle, choosing an infinitely large value of
L should result in identification of landform element regardless of its scale. In practice, by using larger values
of L, we can simultaneously identify landform elements
on a wider range of scales than it would be possible with
the grid-based neighborhood.
Fig. 2 illustrates the concept of zenith and nadir angles and explains the need for utilizing both of them in
the definition of Δ. This figure shows a hypothetical
elevation profile across west-east line. The two points
of interest are selected and denoted by A and B respectively. Visually they could be characterized as a peak
and a pit (or a ridge and a valley, if we imagine the same
elevation profile to extend in the third dimension). For
each point of interest elevation profiles in two principal
directions (west and east) are available and their corresponding zenith and nadir angles are shown. The values
of Δs at point A are both negative, indicating a peak or a
ridge, whereas the values of Δs at point B are both positive, indicating a pit or a valley. Note that if we only
use zenith angles to determine Δ, the absolute values of
Δs at point A would be very small - below the flatness
threshold - indicating flat terrain. This is because, in this
particular terrain configuration, the line-of sight from a
ground level at point A is determined by an immediate
neighborhood. Using both zenith and nadir angles in
our criterion eliminates such problems.

(1)

There are two free parameters in the above formula, one
is the lookup distance L and the other is the flatness
threshold t. The advantage of using a line-of-sight based
neighborhood instead of a grid-based neighborhood in
calculating ternary patterns becomes clear by observing

Considering that our LTPs have 8 slots each, there
are 38 = 6561 theoretically possible diﬀerent patterns.
However, many of them are the result of either rotation
or reflection of other patterns, so eliminating such multiples we end up with a set of 498 patterns. As pre4

Figure 3: Symbolic 3D morphologies and their corresponding geomorphons (ternary patterns) for the 10 most common landform
elements.

viously noticed, we refer to these patterns as geomorphons. Geomorphons constitute a comprehensive and
exhaustive set of idealized landform elements. We scan
a DEM cell-by-cell; at each cell we calculate values
of D ΔL for all eight principal directions. These values
are inserted into equation (1) to obtain a ternary pattern and a decimal label of the pattern is stored in the
cell corresponding to its location. In a typical fluvial
landscape only about 60% of all theoretically possible
geomorphons are actually present. Moreover, the abundances of diﬀerent geomorphons are very uneven; the
30 most common geomorphons account for 85% of all
cells. The resulting landform element classification and
its corresponding map is useful for tasks such as querying specific landform types in a study area. However,
for a general purpose the number of landform elements
in a geomorphometric map needs to be reduced. This
is achieved by grouping geomorphons into classes that
correspond to the most commonly recognizable landform elements.

as all ternary elements in their patterns are the same.
Shoulder, spur, hollow, and valley have 2 transitions,
while ridge, valley, and slope have 4 transitions. Geomorphons with more complicated morphologies, for example, a “saddle,” have more transitions (up to 8) and
are relatively rare.
In order to create a geomorphometric map containing the top 10 most commonly recognizable geomorphons in an exclusive and exhaustive fashion we need
to reclassify the whole set of 498 geomorphons into
10 selected forms. There is no a unique reclassification formula able to accomplish this task perfectly. Any
formula will result in a small number of cells that are
misclassified due to the uncertainty of how to reclassify
some rare geomorphons into the common forms. We
have chosen a reclassification formula based on a particular lookup table constructed on the basis of similarity
between ternary patterns representing the geomorphons;
patterns are similar if they have similar number of different ternary elements. Fig. 4 shows our lookup table;
rows indicate the number of (-1) elements in the pattern and columns indicate the number of (1) elements
in the pattern. For example, the archetypal “flat” geomorphon, like the one shown on Fig. 3, consists exclusively of (0) ternary elements therefore its number
of (-1) elements is zero and its number of (1) elements
is also zero. This geomorphon will fall in the upper
left corner of the lookup table. We have also chosen
to classify as “flat” those geomorphons which depart
slightly from this archetype, as indicated by additional
four “flat” slots in the lookup table.

2.2. Mapping the most common landform elements
In a typical terrestrial landscape the most frequent
and commonly recognizable geomorphons are: flat,
peak, ridge, shoulder, spur, slope, hollow, footslope,
valley, and pit. Their symbolic 3D morphologies and
corresponding LTPs are shown in Fig. 3. Note that these
common geomorphons are characterized by a low number of transitions between ternary elements (1, 0,-1) in
their patterns. This reflects relatively high degree of
terrain autocorrelation (Fisher, 1998) even at the local
scale. While traversing a LTP in order of principal directions a “transition” is a change in ternary element.
Thus geomorphons flat, peak, and pit have 0 transitions,

In order to further explain the idea behind the lookup
table Fig. 5 shows a sample of terrain dominated by a
valley. We have calculated geomorphons at four diﬀer5

ent locations (denoted by letters A,B,C, and D, respectively) located along this curving valley. The geomorphons at locations A and C have ternary patterns identical to the “valley” archetype as shown on Fig. 3. A geomorphon at location B has a slightly diﬀerent ternary
pattern but with the same number of (-1) and (1) ternary
elements as geomorphons at locations A and C. A geomorphon at location D has not only a somewhat diﬀerent pattern but also a slightly diﬀerent number of ternary
elements (it has one (-1) element). Thus, there is more
than one archetypal terrain morphology that semantically corresponds to “valley.” In our lookup table we
have identified 7 slots (covering 31 diﬀerent geomorphons) which correspond to diﬀerent instances of valleys. Overall, 15 geomorphons are reclassified as “flat”,
31 as “ridge”, 63 as “shoulder”, 50 as “spur”, 193 as
“slope”, 50 as “hollow”, 63 as “footslope”,and 31 as
“valley.” In addition, single geomorphons correspond to
“peak” and “pit” forms respectively. Therefore, the procedure for obtaining a geomorphometric map showing
the 10 most common landform types is to scan the raster
containing previously calculated labels of geomorphons
and to replace a label at each cell by one of the 10 landform types using the lookup table.

Figure 4: Lookup table for reclassification of geomorphons into

the 10 common landform types. Rows/columns in a table indicate number of (-1)/(1) ternary elements in geomorphon pattern. Abbreviations for common landform elements are: FL flat; PK - peak; RI - ridge; SH - shoulder; HL - hollow; SL slope; SP - spur; FS - footslope; VL - valley; PT - pit.

2.3. Computer implementation of geomorphons
The design of our computer implementation for geomorphons method follows from a desire to have a robust and eﬃcient tool capable of generating geomorphometric maps from giga-cell DEMs (DEMs with ∼ 109
cells). The method is implemented as GRASS GIS
(Neteler and Mitasova, 2007) extension r.geomorphon
(requires GRASS v.7) and is written in ANSI C utilizing
GRASS API. The GRASS GIS platform was chosen because: (a) it is open source software, (b) it makes working with very large datasets (even in excess of available
RAM) possible, (c) it allows on-the-fly calculation of
true geodesic distances in a latitude-longitude projection. An important feature of our code is its ability
to be applied to a very large DEM - this is achieved
by careful memory management. As the calculations
aimed at assigning a proper geomorphon to a cell are local, only a relevant, small portion of the entire DEM is
read to computer memory at any given time during the
calculation. The code is available for download from
http://sil.uc.edu/.
The code requires one raster dataset and two scalar
parameters as inputs. The raster is a DEM with no size,
map projection, or data type limitation. The two free parameters are lookup distance L (in meters or cell units)
and flatness threshold t (in degrees). If the DEM is given
in the latitude-longitude projection, as is frequently the

Figure 5: Illustrating how multiple diﬀerent geomorphons correspond to a single semantic landform element. A, B, C, and D
are geomorphons calculated at diﬀerent points along a curving
valley. See text for details.

6

Figure 6: Comparison of geomorphometric maps obtained using diﬀerent landform classification methods. (A) Shaded relief depiction of a test site represented by a 428×380 cells DEM with the resolution of 30m/cell. (B) Map of the test site produced by
geomorphons method with L = 30 cells and t = 1 degree. (C) Map of the test site resulting from classification based on maximum and minimum curvatures (window size = 7 cells). (D) Map of the test site resulting from classification based on profile and
tangential curvatures (window size = 7 cells).
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case for global or continental-size datasets, and L is
given in cell units, an actual metric lookup distance is
set automatically using a uniform, latitudinal metric dimension of a raster cell. The metric value of L is then
applied over the entire extent of the DEM. The code returns two raster outputs, both with the same dimensions
as the input DEM. The first raster stores decimal labels
of geomorphons assigned to each cell; this output is tantamount to a map showing the spatial distribution of all
(up to 498) geomorphons; it can be utilized to query the
dataset for a highly specific landform type. The second
raster stores the geomorphometric map - the map of the
10 most common landform elements - the lookup table
defined in section 2.2 is used to obtain this output.

planar slope, hollow, spur foot, foot slope, and hollow foot (Dikau et al., 1995; Schmidt and Andrew,
2005). All areas of zero gradient are grouped into a single additional landform element, which we refer to as
“flat,”. We calculated the two curvature-based classification schemes using the GRASS module r.param.scale
which is based on work by Wood (Wood, 1996). This
module implements Wood’s classification scheme directly. The Dikau’s scheme was implemented using
profile and cross-sectional curvatures as calculated by
r.param.scale. In both cases we used the following parameters: slope tolerance equal to 1 degree, curvature
tolerance equal to 0.0001, size of processing windows
equal to 7 pixels.
Fig. 6 shows a comparison of the three classification
schemes. Panel A depicts the topography of the test
site through a shaded relief map; the test site was obtained using a 428×380 cell DEM with resolution of 30
m cell−1 . Panel B shows a map generated by our geomorphon methods. Visual comparison of this map with
the shaded relief confirms that our method classifies topography well, with all important landform elements
present and corresponding to what is seen in the shaded
relief. Panels C and D show maps generated by Wood’s
and Dikau’s schemes, respectively. Visual comparison
of these maps with the shaded relief indicates that the
two methods delineate well their respective landform elements, but each map by itself is incomplete and does
not depict the entire terrain in a satisfactory manner.
Of course, it is possible to merge (Schmidt and Hewitt,
2004) Wood’s and Dikau’s classification schemes into a
single scheme showing all 15 landform types. However,
in order to perform such merged scheme, Schmidt and
Hewitt had to resort to fuzzy classification technique
(at high computational cost) to take into account considerable uncertainty in the slope tolerance parameter.
On the other hand, our geomorphons technique yields a
complete and satisfactory classification of landform elements at relatively low computational cost.

3. Geomorphometric maps: geomorphons vs. differential geometry
As mentioned in Section 1, most methods for the automated mapping of landform elements rely on diﬀerential geometry. In such methods a landform element of a
local surface is determined from the signs and values of
the slope and curvature of a surface (Dikau et al., 1995;
Wood, 1996). This popular method is suﬃcient for relatively small rasters, but its computational eﬃciency is
too low for its application to giga-cell DEMs. These ineﬃciencies stem from the following: (a) a necessity to
calculate quadratic approximation to the surface at each
cell; (b) relatively complex algorithm for assignment of
all major landform elements; (c) a necessity to apply a
multi-scale approach. The geomorphons-based method
does not have such built-in computational ineﬃciencies
and can be used for classification of giga-cell DEMs.
A map resulting from reclassification of all 498 geomorphons into the 10 most common forms depicts all
important landform elements in a single map. In contrast, popular classification schemes based on curvaturederived features depict only a subset of important landform elements. In order to illustrate this point we compare the map obtained using geomorphons with the
maps resulting from the two most common curvaturederived classification schemes.
The first such scheme (Wood, 1996) classifies the
surface into six landform elements: peak, ridge, plain
(which we refer to as flat), saddle, channel, and pit.
This classification does not include various types of
slopes. In order to classify the slopes, a diﬀerent
scheme (Dikau et al., 1995), based on the signs of profile and tangential curvatures, classifies all non-zero
gradient parts of the surface into nine landform elements: nose, shoulder slope, hollow shoulder, spur,

3.1. Scale flexibility
An important issue encountered during the autoextraction of landform elements using diﬀerential geometry is the problem of length scale (Wood, 1996;
MacMillan and Shary, 2009; Dragut et al., 2009). Landforms occur on variety of diﬀerent scales and are frequently nested. However, a calculation of geomorphometric variables requires a use of “window” - a
square neighborhood around the focus cell over which
a quadratic function is fitted to the elevation values. As
the size of the window is uniform over the entire DEM
all landforms are identified at a single pre-defined length
8

Figure 7: Illustrating scale adaptation of geomorphons. (A) Depiction of terrain having a broad valley and narrower side valleys.
Focus points are denoted by a and b, respectively. Purple octagons indicate extent of lookup distance L = 15 cells, inner octagons
indicate a scale of landform element to be extracted. (B) A geomorphometric map of this terrain; points a and b are in the centers
of circles which indicate the extent of lookup distance. See text for details.

Figure 8: Dependence of geomorphometric map on lookup distance L (geomorphons) and window size (diﬀerential geometry). For
legends see Fig. 6.
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scale. A change in window size results in a diﬀerent
map. In order to address this problem Wood (2002),
Fisher et al. (2004), and Schmidt and Hewitt (2004) proposed to use a variety of diﬀerent window sizes and to
assign a dominant landform type to each cell. From a
computational point of view this is a very ineﬃcient solution as it requires a calculation of multiple maps (each
one at a diﬀerent scale) before the final map can be obtained.
The geomorphons method does not use a fixed-size
neighborhood, instead the size and the shape of a neighborhood from which the landform element is determined adjusts automatically to the geometry of the local terrain (see section 2.1). This allows our method to
determine the most appropriate landform element (and
its scale) in a single scan of a DEM. Fig. 7 illustrates
how geomorphons adapt to the actual scale of local terrain. Panel A depicts a terrain dominated by a relatively
broad valley which also has few narrower side valleys.
We have chosen two specific points (cells); point a is located in the middle of the broad valley and point b is located in one of the narrow valleys. The purple octagons
(having the same size at points a and b) show the extent to which we examine the terrain; this is determined
by the lookup distance L (see section 2.1). The value
of L determines the maximum scale at which we can
find the landform element; it needs to be set to a relatively large value in order for the map to show landform
elements at a broad range of scales. The inner, irregular octagons (having diﬀerent sizes at points a and b)
are determined by the line-of-sight principle in the eight
principal compass directions - they determine the actual
scale over which the landform element is detected. At
both points the ultimate landform element detected is a
valley (lookup table shown in Fig. 4 assigns both patterns to valley type), but the detection at point a is made
over a larger scale and the detection at point b is made
over a smaller scale. Panel B shows a geomorphometric
map of terrain depicted in panel A; points a and b are
located in the middle of the circles that indicate the size
of L. The map correctly delineates valleys (as well as
other landform elements) at range of scales.
A desirable property of geomorphons method is that
maps created with diﬀerent values of lookup distance
L quickly converge with increasing value of L. This
means that although L is a free parameter, it can be set to
an optimal value (this value may depend on the resolution of the original DEM and spatial variability of landform scales across its extent) which is large enough to
map landforms at most relevant scales but small enough
for rapid computations (increasing the value of L increases computational cost). Fig. 8 demonstrates such

convergence for a small DEM having resolution of 30
m cell−1 . We have created geomorphometric maps using values of L equal to 5, 10, 15, 20, 30, and 50 cells
respectively. It is clear that L = 20 cells is suﬃcient
to map this particular type of landscape at that resolution; further increasing the value of L would increase
the cost of calculation without meaningful change to the
map. There is no equivalent “optimal” window size for
the methods based on diﬀerential geometry; increasing
the window size completely changes the character of the
map (Fig. 8), so the only way to get a multi-resolution
map is to follow a computationally costly multi-window
approach (Wood, 2002; Fisher et al., 2004; Schmidt and
Hewitt, 2004). Note, however, that even the multiwindow approach does not guarantee a unique map as
the result may depend on a particular choice of window
sizes.
4. An example - geomorphometric map of Poland
In order to demonstrate a practical application of geomorphons method we applied it to generate a geomorphometric map of the country of Poland. Poland is
one of the larger countries in Europe, having an area of
312,685 km2 approximately equal to the area of the US
state of New Mexico. The input is a 1” DEM which has
been reprojected to PUWG92 coordinate system with
the final resolution of 30 m cell− 1. The final DEM has
the size of 21,696 × 24,692 cells or ∼0.5 giga-cells. The
two free parameters in the geomorphons method were
set as follows: L = 50 cells (1500 meters) and t = 1
degree. Thus, the generated map contains landform elements having length scale of up to 1500 meters; larger
scale landform elements are not detected, instead they
are divided into their smaller constituent parts. The generation of the map took approximately 3 hours using a
2.66GHZ single processor computer running the Linux
operating system.
Because of its size and relatively high resolution, the
map is best examined within a GIS software environment using pan and zoom tools. A static illustration
cannot simultaneously convey the large and small scale
features of the map. As the detailed analysis of the
utility of this map to geomorphological analysis is beyond the scope of this paper, we will focus on pointing
out some large scale features. Fig. 9 shows the entire
generated map of Poland. The territory of Poland exhibits a number of diﬀerent landscapes including coastal
plains in the northmost part of the country, fresh and
denuded postglacial lowlands of diﬀerent ages in the
northern and central parts, and uplands and mountains
in the southern part. The spatial extents of these varied
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Figure 9: Geomorphometric map of Poland generated using the geomorphons method with L = 1500 m and t = 1 degree. White
letters indicate diﬀerent physigraphic units: W - poorly denuded young postglacial morainic and sandur plains of Weichselian age;
L - moderately to strongly denuded old postglacial plains of Saalian and Elsterian age; g - maximum extend of Weichselian (last)
glaciation; U - uplands, M -mountains.
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Figure 10: Geomorphometric map vs. shaded relief map. (A) Shaded relief map of North-Eastern Poland. (B) Geomorphometric

map of North-Eastern Poland. Blue line indicates maximum extend of the last glaciation according to Marks (2005).
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landscapes are identifiable on Fig. 9 as diﬀerent patterns
of colors representing major landform elements. Delineation of these patterns coincides with physiographic
partition of Poland (Kondracki, 2002).
One possible application of a geomorphometric map
is for visual delineation of landscape units. We submit that a geomorphometric map - the interpreted map
of topography - is a better tool for such analysis than a
map of a shaded relief - a 3D visualization of topography. Fig. 10 shows a North-Eastern portion of Poland
in the form of shadow relief and a geomorphometric
map respectively. This part of Poland is a lowland covered by glacial deposits. The northern portion of this
region (above the blue line) results from glacial morphogenesis during the last glaciation and is poorly denuded, whereas the southern portion of this region (below the blue line) results from glacial activity during
the previous glaciation and has been extensive denuded
in periglacial condition during the Weichselian (Dylik,
1967; Rotnicki, 1974; Starkel, 1986). As a result, the
landscape of the northern portion of the region is characterized by sharp incisions leading to the domination
of ridge and valley landform elements (prevalence of
red and blue colors) and relative paucity of shoulder and
footslope landform elements (suppression of green and
orange colors). On the other hand, the landscape of the
southern portion of the region is characterized by broad
incisions leading to domination of shoulder and footslope landform elements (green and orange colors) over
ridge and valley landform elements (red and blue colors). Thus, the two diﬀerent landscapes are easy to recognize on the geomorphometric map as the two areas
contain visibly diﬀerent color patterns (Fig. 1B), but are
diﬃcult to recognize on the basis of the shaded relief
alone (Fig. 1A).

In the machine vision approach the landforms are identified holistically from the pattern of a local terrain. The
key breakthrough was the realization that a finite number of elementary patterns is suﬃcient to encapsulate
all possible forms of terrain. Another breakthrough was
the realization that a local elementary form can be determined at a locally optimal spatial scale. Scale selfadaptation contributes to computational eﬃciency because only a single scan of the DEM is required to detect landforms at a range of spatial scales. In this paper
we have described the details of geomorphons method
and demonstrated its advantages in terms of robustness
as well as in terms of computational eﬃciency.
Future work on the geomorphons algorithm will concentrate on two main extensions. First, we will experiment with the addition of a third free parameter exclusion distance. A function of exclusion distance
is to further restrict a range of scales at which landform elements are identified. The lookup distance L
determines the maximum scale of a landform element,
but the present implementation of geomorphons method
does not have a parameter to set a minimum scale of an
element. An exclusion distance, which sets the minimum scale of a landform element, is meant to prevent the immediate neighborhood of a focus location
from determining an element at that location. It offers flexibility in filtering out terrain forms at scales that
are too small to be of interest. Furthermore, a combination of lookup and exclusion distances can be used
to identify only landform elements at narrowly defined
spatial scales. Secondly, we will experiment with different lookup tables,which will make the geomorphons
method more appropriate for exotic terrains, such as
Martian and lunar surfaces or the surface of the ocean
floor. Future research will also identify novel practical
applications for giga-cell geomorphometric maps generated using our method. In particular, these maps could
provide an input for pattern-based query tool capable of
identifying all local landscapes similar to a given reference. A query tool could also be used for the comprehensive assessment of synthetic landscapes (Howard
and Tierney, 2012).

5. Conclusions and future work
Geomorphons oﬀer a novel perspective on how to approach quantitative terrain analysis. The method grew
from our desire to develop a robust and computationally eﬃcient tool for classification of landforms from
giga-cell DEMs. It became clear that standard methods,
based on geomorphometric variables, fall short of the
computational eﬃciency required to tackle such large
DEMs.
Geomorphons represent a paradigm shift in DEM
classification. First, the method is underpinned by principles of machine vision rather than diﬀerential geometry. Second, it classifies landforms at diﬀerent spatial
scales simultaneously. Both of these innovations contribute to the robustness and eﬃciency of geomorphons.
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