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Automatic Annotation of Planetary Surfaces
With Geomorphic Labels
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Abstract—In this paper, we present a methodology for auto-
matic geomorphic mapping of planetary surfaces that incorpo-
rates machine-learning techniques. Our application transforms
remotely sensed topographic data gathered by orbiting satellites
into semantically meaningful maps of landforms; such maps are
valuable research tools for planetary science. As topographic data
become increasingly available, the ability to derive geomorphic
maps efficiently is becoming essential. In our proposed framework,
the mapping is achieved by means of scene segmentation fol-
lowed by supervised classification of segments. The two mapping
steps use different sets of features derived from digital elevation
models of planetary surfaces; selection of appropriate features is
discussed. Using a particular set of terrain attributes relevant to
annotating cratered terrain on Mars, we investigate the design
choices for both segmentation and classification components. The
segmentation assessment includes K-means-based agglomerative
segmentation and watershed-based segmentation. The classifica-
tion assessment includes three supervised learning algorithms:
Naive Bayes, Bagging with decision trees, and support-vector
machines (SVMs); segments are classified into the following land-
forms: crater floors, crater walls (concave and convex), ridges
(concave and convex), and intercrater plains. The method is ap-
plied to six test sites on Mars. The analysis of the results shows
that a combination of K-means-based agglomerative segmenta-
tion and either SVM with a quadratic kernel or Bagging with
C4.5 yields best maps. The presented framework can be adopted
to generate geomorphic maps of sites on Earth.

Index Terms—Classification, digital topography, Mars, object
recognition, segmentation.

I. INTRODUCTION

R EMOTE-SENSING instruments onboard spacecraft are
providing increasingly large volumes of data on various

aspects of Earth as well as surfaces of other planets. This
data-rich environment challenges the scientific community to
process, analyze, and ultimately turn into knowledge a signif-
icant portion of all collected data. In the context of planetary
science, most data need to be presented in the context of
geomorphic maps [48]—basic staples of any planetary geology
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research. A geomorphic map is a categorical (thematic) map
of topographical expressions (landforms). Traditionally, such
maps are drawn by analysts through visual interpretations of
images [42], [48].

In this paper, we present a methodology for automating
the process of geomorphic mapping. We are motivated by the
slowness and expense of the traditional mapping process. If left
to manual mapping, the percentage of planetary surface mapped
to the level of detail permitted by an increased resolution of
newly arriving data will continue to drop precipitously. Au-
tomating the mapping process can prevent this decline. We use
topographic data as input for machine mapping, because land-
forms can be better characterized by topographic features than
by image features. Our method relies on segmentation-based
classification of a landscape scene into constituent landforms.
Such an approach yields results that, in their appearance and
content, mimic manually derived maps.

A. Background

The overwhelming majority of previous work on automatic
annotation of remotely sensed data was devoted to classification
of multispectral images into different types of land covers. A
standard approach to classification of raster data [images or
digital elevation models (DEMs)] is to use pixels as objects for
classification [22], [23]. However, a pixel is not an ideal surface
unit from the point of view of classification. Real-life objects
are characterized by a similarity of color and texture rather than
a similarity of color alone. This observation led to the tech-
nique of segmentation-based classification wherein an image is
first subdivided into meaningful objects that are subsequently
classified [27], [45]. As a general rule, the segmentation-based
approach produces better maps from images than the pixel-
based approach [20]. The segmentation-based approach is even
more attractive when working with topographic instead of
imagery data. Pixels are just too small to constitute reasonable
landscape elements; larger patches of surface better reflect
local topographic expressions. This is important for supervised
classification, where a domain expert must label each unit in
a training set. Furthermore, geometric and statistical properties
of landscape elements, such as shape, neighborhood properties,
and statistics corresponding to terrain attributes calculated over
an ensemble of member pixels, provide additional information
that can be incorporated into classification.

The topic of automapping landforms from topography has
received little attention in the past, but with the introduction of
segmentation-based classification methods, there is now a re-
newed interest in such mapping [13], [15]. However, published
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approaches rely on hand-made rules for classification and fail
to take advantage of machine-learning techniques.

B. Related Work

In the past, automapping of planetary surfaces was restricted
to identifying particular targets of interest, namely, impact
craters [2], [3], [9], [10], [17], [21], [24], [25], [30], [34],
[35], [47]. Machine crater identification could be considered an
example of machine mapping, albeit a simple one, containing
a single landform. In contrast, this paper has been directed
toward the automatic generation of geomorphic maps that
contain several landforms. Our efforts have concentrated on
planet Mars because Mars is the only planet besides Earth for
which global topographic data are currently available [38]. In
[8] and [39], we explored pixel-based unsupervised learning
for mapping landforms. Such an approach required a significant
manual postclustering processing phase to interpret the output
clusters and produce a map amenable to interpretation by a
planetary analyst. The analyst had no control over the classes
of landforms expressed in the resulting map, and the interpreted
classes lacked customary geomorphic meaning, thus limiting
the practical use of the map. This occurs because a reasonable
cluster derived under a proximity measure may not constitute a
customary landform as perceived by a human analyst. Recog-
nizing that appearance and content of automatically generated
maps must mimic manually derived maps; we have started to
explore the concatenation of a segmentation-based technique
with supervised learning [40], [41] as a framework for geomor-
phic mapping.

C. Preface

In this paper, we propose a unifying framework for anno-
tating planetary surfaces with geomorphic labels. This frame-
work is based on segmentation-based supervised learning. We
utilize such framework for annotation of a particular surface—a
cratered terrain on planet Mars. We assess and discuss the use
of two different segmentation algorithms designed to procure
small segments required for accurate classification. We also
assess three supervised learning algorithms for the purpose of
classifying segments into desired landform classes. Landform
classification is challenging because different landforms of in-
terest may be characterized by similar local terrain features but
have different semantic meanings due to their spatial context.
We address this issue by incorporating neighborhood informa-
tion as segment-based features.

The rest of this paper is organized as follows. Section II de-
scribes the input data and feature-selection step. In Section III,
we present our approach to scene segmentation; Section IV
describes the classification techniques. Experimental results are
shown and discussed in Section V, followed by conclusions and
future research directions in Section VI.

II. DATA SET AND PIXEL-BASED FEATURES

Our method is contingent on the availability of topographic
data. In the near future, such data will become available for

Fig. 1. Topography of the Tisia test site on Mars.

the Moon and planet Mercury, but presently, Mars is the only
planet (other than the Earth) for which global topography is
available. Raw data used in this paper were gathered by the
Mars Orbiter Laser Altimeter instrument [38] onboard the Mars
Global Surveyor spacecraft. The data are organized in the form
of a DEM, a raster data set where each pixel is assigned an
elevation value. The global Martian DEM has a resolution of
128 pixels per degree (∼460 m at the equator).

We demonstrate the performance of our method by gener-
ating geomorphic maps for several sites on Mars referred to
as Tisia, Al-Qahira, Dawes, Evros, Margaritifer, and Vichada.
The Tisia site, centered at 46.13◦ E, 11.83◦ S, is our primary
study area; it will be used to demonstrate the components of
our framework and will serve as the training site. It was chosen
as the primary site because it contains all the landforms of
interest in a relatively small area. Moreover, the same site
was previously studied in [39], [41], and [44], so our present
mapping can be directly compared with previous results. The
DEM of Tisia site has dimensions of 385 rows and 424 columns
and is shown in Fig. 1.

We generate a geomorphic map expressing the following
landforms: crater floors, crater walls, ridges, and intercrater
plains. Crater walls and ridges are further categorized into con-
vex and concave depending on their curvature. Lower regions of
walls and ridges have positive curvature and are termed convex.
On the other hand, higher regions of walls and ridges have
negative curvature and are termed concave. Overall, we aim at
mapping six landform classes: crater floors, convex crater walls,
concave crater walls, convex ridges, concave ridges, and inter-
crater plateau. The choice of these particular landform classes
stems from our interest in the automatic characterization of
cratered surfaces. Other landforms could be chosen depending
on the application of interest.

The DEM carries information about terrain elevation, z(x, y)
at the location (x, y) of each pixel. However, elevation is not a
variable well suited to discriminate between the aforementioned
landform classes. Instead, we use the DEM to calculate other
terrain attributes.
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1) Slope—Slope s(x, y) defines the rate of maximum
change of z on the 3 × 3 neighborhood of a pixel. A slope
is a useful feature for delineating crater walls and ridges.

2) Curvature—The tangential curvature [28] κ(x, y) mea-
sures the change of the slope angle in the direction of
tangent to contour and is calculated analytically from a
fourth-order polynomial fitted to a patch of surface com-
posed of a 3 × 3 neighborhood centered on a focus pixel.
Curvature is used for distinguishing between convex and
concave crater walls and ridges. κ > 0 corresponds to
convex topography, whereas κ < 0 corresponds to con-
cave topography.

3) Flood—Flood f(x, y) is a binary variable such that pixels
located inside topographic basins have f(x, y) = 1, and
all other pixels have f(x, y) = 0. The flood variable is
particularly useful to distinguish between two flat land-
forms, intercrater plateaus, and crater floors, because
crater floors are usually enclosed basins, and plateaus
are not.

A pixel-based feature vector, v(x, y) = {s, κ, f}(x, y), de-
scribes the topography of the landscape at the level of an
individual pixel. The raster of vectors v offers a mathematical
representation of a site’s landscape. Pixel-based feature vectors
are used in the segmentation stage of our proposed method.

III. SEGMENTATION

Segmentation is an intermediate data-preparation stage in
our framework. The segmentation procedure subdivides the
landscape into mutually exclusive and exhaustive segments
containing pixels having approximately uniform feature vec-
tors. These segments constitute topographic objects, which are
classified and merged into coherent physical landforms by the
supervised learning algorithms applied in the later stages of
our framework. Raster segmentation has been the subject of
intense study in the domain of image analysis. In the context
of image analysis, a variety of techniques have been proposed
[1], [4], [11], [14], [29], [37], [46], all of which could, in
principle, be extended to landscape segmentation. However,
requirements for an effective segmentation for the purpose of
classification are different from those encountered in the field of
computer vision. In particular, for the purpose of classification,
it is desirable to have relatively small approximately equal-
sized segments (a requirement at odds with typical problems
in image analysis). Having small segments eliminates the dan-
ger of a particularly large segment being misclassified, which
would avoid producing a grossly incorrect map. Additionally,
a misclassification of a small segment carries a small impact
in the overall map accuracy. Moreover, having approximately
equal-sized segments assures that statistics of terrain attributes
are calculated from comparable ensembles of member pixels.

We investigate two different segmentation algorithms. The
dividing algorithm splits the landscape on the basis of abrupt
discontinuities in pixel-based feature vectors. The agglom-
erative algorithm initially treats each pixel as an individual
segment. These initial segments are combined into larger seg-
ments as long as a user-defined criterion for the uniformity of

constituent pixel-based feature vectors holds. Both algorithms
use the same pixel-based feature vectors v(x, y).

A. Watershed-Based Segmentation

Our first approach to segmenting a landscape incorporates
the watershed transform [5] applied to a grayscale image that
encapsulates gradients of pixel-based feature vectors. This im-
age is calculated using a (computationally simple) homogeneity
measure H [18]. The homogeneity measure H is calculated
using a moving square window of width 2L + 1 (where L is
user-defined) applied over the raster of feature vectors v(x, y).
Consider a focal pixel (xc, yc) having a single feature (a compo-
nent of a feature vector), for example, slope s(xc, yc). For every
pixel in the window, we calculate a separation vector di =
(xi − xc, yi − yc). From the separation vector, we construct a
gradient vector

gi = (s(xi, yi) − s(xc, yc)) × di

‖di‖ (1)

and we use gradient vectors calculated for all pixels in the
window to calculate the homogeneity measure H

H =

∥∥∥∥∥∥
(2L+1)2∑

i=1

gi

∥∥∥∥∥∥ . (2)

A pixel located in a region that is homogeneous with respect
to s has a small value of H . On the other hand, a pixel located
near a boundary between two regions characterized by different
values of s has a large value of H . A raster constructed by
calculating the values of H for all pixels in the landscape
can be interpreted as a grayscale image and is referred to as
the H-image. We denote the H-image by H . White areas on
H represent boundaries of homogeneous regions, whereas the
dark areas represent the actual regions. The extension of the
H-image concept to encapsulation of gradients in a field of
multidimensional feature vectors is straightforward. In order to
calculate H for our 3-D feature vectors v(x, y), we calculate the
three individual H values separately for each pixel and combine
them to obtain the overall value of H at that pixel

H =
√

wsH2
s + wκH2

κ + wfH2
f (3)

where ws, wκ, and wf are weights introduced to offset different
numerical ranges of the attributes. An example of the H-image
is shown in Fig. 2(a). The watershed transform of H results in
an over segmentation of the H-image (and, thus, the landscape),
an undesirable feature in computer vision, but a desirable
feature in the context of segmentation-based classification.

B. K-Means-Based Segmentation

Our second approach to segmenting a landscape is agglom-
erative and incorporates a contiguity-enhanced variant of the
standard K-means clustering algorithm [43], which uses—in
addition to terrain attributes—spatial coordinates of pixels
as features. In this approach, the pixel-based feature vector
is given as v = (s, κ, f, x, y). The additional spatial features
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Fig. 2. Tisia site segmentation. (a) H-image used for watershed-based segmentation. (b) Watershed-based segmentation. (c) K-means-based segmentation.

(x and y) control the size of the segments while providing
the resultant segments with very desirable geometric properties.
For example, in areas where terrain features are approximately
uniform, the local gradient of v is dominated by changes in
x and y, leading to the formation of round-shaped segments.
On the other hand, in areas where change of terrain features
dominates the local gradient of v, segments tend to exhibit an
elongated shape in the direction perpendicular to the gradient
of the terrain-only subvector. These properties constitute addi-
tional knowledge that could be exploited by the classification
module.

The actual segmentation invokes a simple K-means algo-
rithm [33] applied to spatially enriched pixel-based feature
vectors. The size of the segments is controlled by the value of
k (which needs to be large to achieve oversegmentation). The
resulting k clusters do not correspond to k single-connected
spatial segments; instead, each cluster may contain a number
of segments. To derive the final segmentation (with K > k seg-
ments), we assign a unique segment identifier to each subset of
a cluster corresponding to a single spatially connected region.

C. Comparing Segmentation Results

We compare the two approaches to scene segmentation on
the Tisia site. The watershed-based algorithm with L = 1 pro-
duced 7708 segments with sizes ranging from 1 to 267 pixels.
The mean segment size is 26 pixels, and the standard variation
of segment size is 22 pixels. In the k-means-based algorithm,
we set k = 5000, resulting in 6593 single-connected segments
having sizes ranging from 4 to 117 pixels. The mean segment
size is 25 pixels, and the standard variation of segment size is
16 pixels. Fig. 2(b) and (c) shows the resultant segmentations.
Notice the different character of the two kinds of segmentation
with only the K-means-based segmentation reflecting closely
the site’s topography (compare to Fig. 1).

In order to quantitatively compare the two segmentations, we
use compactness and isolation [43], two internal measures of
clusters quality. Before we explain these measures, we describe
our notation. K stands for the total number of segments, with
j being the segment index (j = 1, . . . , K); vi is a pixel-based
feature vector in a segment with i being the pixel index; Ij

is the set of pixels in segment j, with nj being the size of
that set; N =

∑
j nj is the total number of pixels in the site,

and cj = (
∑

i∈Ij
vi)/nj is the mean feature vector in segment

j; c = (
∑

j njcj)/N is the mean feature vector calculated over
all pixels in the site.

In calculating compactness and isolation, we use only
the nonspatial part of the pixel-based feature vectors, v =
{s, κ, f}(x, y). The compactness Vj of a single segment is
defined as the within-segment variance of its feature vectors

Vj =
1
nj

∑
i∈Ij

(vi − cj)2. (4)

On each segment, we expect all feature vectors to be nearly
identical, so that small values of Vj are desirable. We calculate
compactness of the entire segmentation as a weighted average
(based on size) of each individual segment compactness

V =
1
N

K∑
j=1

njVj . (5)

A normalized version of V is obtained by dividing over the
variance of the pixel-based feature vectors on the entire site

V0 =

(
N∑

i=1

(vi − c)2
)

/N. (6)

Our final measure of segmentation compactness is defined as
follows:

V� = V/V0. (7)

A segmentation with a smaller value of V� is better inasmuch
as it has segments that, on average, are more uniform.

The isolation Sj of a single segment is defined as the ratio of
the feature-based distance between this segment and its closest
neighbor, and the segment’s feature-based size

Sj =

√√√√ minl(cl − cj)2(∑
i∈Ij

(vj − cj)2
)

/nj

(8)

where l indexes the neighbors of segment j. A large value
indicates that the difference between a segment and its closest
neighbor is significantly larger than the differences between
individual pixels within the segment. Such segment is well
isolated from its neighbors. We calculate the isolation of the
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entire segmentation as a weighted average (based on size) of
each individual segments’ isolation

S =
1
N

K∑
j=1

njSj . (9)

A segmentation with a larger value of S is better inasmuch as
it has segments that, on average, are more isolated from their
neighbors. For the watershed-based segmentation of the Tisia
site [Fig. 2(b)], V� = 0.068 and S = 0.061, whereas for the
K-means-based segmentation of the same site [Fig. 2(c)], V� =
0.022 and S = 0.087. These results indicate that K-means-
based segmentation is of significantly higher quality than the
watershed-based segmentation. In addition, the K-means-based
segmentation has a preferable (flatter) distribution of segment
sizes. Overall, the K-means-based segmentation shows better
performance with the only disadvantage of having higher com-
putational cost.1

IV. CLASSIFICATION

The classification module assigns a label (landform desig-
nation) to unlabeled segments based on patterns learned from
examples. In our framework, the subjects of classification are
segment-based feature vectors associated with individual seg-
ments. It is important to stress that these segment-based feature
vectors are not the same as the pixel-based feature vectors used
for segmentation. First, the location information, contained in
spatial coordinates for the K-means-based segmentation, is no
longer necessary or desirable in the segment-based vectors;
the landform designation should not depend on a specific
location of a landscape element. The major components of the
segment-based features are terrain parameters averaged over
an ensemble of member pixels (i.e., vectors cj). Additional
segment-based features are calculated from the shape of the
segments and properties of neighboring segments. The spatial
features describe the segment itself (i.e., its geometrical and
neighboring properties).

A. Segment-Based Features

Each segment is represented by a combination of physical
and spatial features. Physical features comprise segmentation
features averaged over the constituent pixels of the segments;
they are derived from components of the vector cj : s̄j , κ̄j ,
and f̄j , where the bar indicates averages over the segment’s
constituent pixels.

Spatial features are obtained using the segment’s shape mea-
sure and the neighborhood context measure. The shape measure
is computed in terms of the shape complexity index (SCI) [16]
for each segment as follows:

SCI =
P

2πr
r =

√
A

π
(10)

1In the computer vision community, K-means is generally perceived to be
faster and more efficient than state-of-the-art segmentation routines. However,
this is only true for small values of k. In our application where k ∼ 103−104,
k-means turns out to be computationally expensive.

Fig. 3. Comparison of segments elongation in the Tisia site. Gray-colored
segments indicate elongated segments with SCI ≥ 1.75. (a) Watershed-based
segmentation. (b) K-means-based segmentation.

where P is the perimeter of the segment’s boundary, A is
the area of the segment, and r is the radius of a circle with
the same surface area as the segment. SCI is a measure of
segment circularity. The closer the value of SCI to 1.0, the more
circular the object; on the other hand, thin ringlike shapes tend
to have SCI values of 2.5 and higher. The perimeter P and
area A of the segments are calculated using Minkowski func-
tionals [26].

We expect that the SCI to be a valuable feature for landform
identification. Note that this feature is only available in the
segmentation-based classification approach and not available
in the standard pixel-based classification approach. In order to
investigate the importance of the SCI in delineating landforms,
we have produce a binary image BSCI for the Tisia site,
according to the following transformation:

BSCI(j) =
{

BSCI(j) = 1, for SCI(j) ≥ SCIth

BSCI(j) = 0, for SCI(j) < SCIth
(11)

where j = 1, . . . ,K indexes the segments and SCIth is a
threshold value that decides when segments are considered
elongated. Fig. 3(a) and (b) shows the images BSCI for the
watershed-based and the k-means-based segmentations of the
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Fig. 4. Geomorphic maps of the Tisia site generated by different segmentation/classification methods. (a) Labeled regions; different landform classes are coded
by different colors as given by the legend. Unlabeled regions are displayed in gray. (b) Analyst-drawn map (“ground truth”). Maps based on the watershed
segmentation [(c)—Naive Bayes, (d)—Bagging, (e)—SVM]. Maps based on the K-means segmentation [(f)—Naive Bayes, (g)—Bagging, (h)—SVM] (for
interpretation of the references to colors in this figure, the reader is referred to the web version of this paper).

Tisia site using SCIth = 1.75. There is a striking difference
between the two images. Whereas, in the K-means-based
segmentation, the segments corresponding to ridges and crater
walls are elongated and have SCI > SCIth, no such pattern
is observed in the watershed-based segmentation, indicating
that most watershed-derived segments are fairly circular. This
difference stems from the way the two algorithms define seg-
ments. In the watershed algorithm, segments are defined by the
smallest “depressions” in the H-image, essentially by the noise
in the H-image, which leads to relatively circular shapes. On
the other hand, the contiguity-enhanced K-means algorithm is
particularly designed (see Section III-B) to produce segments
with shapes that reflect gradients of physical features. Thus,
SCI is helpful in distinguishing landforms only when used in
conjunction with the K-means-based segmentation.

As aforementioned in Section I-C, the automatic classifica-
tion of landforms is challenging because different landforms
may be characterized by very similar terrain attributes but
different spatial context. For instance, segments making up
craters’ walls and segments constituting ridges not associated
with craters may have similar values of slope, curvature, and
flood but located in different spatial contexts. Our method
takes into consideration spatial context by means of neigh-
borhood context measures. Ideally, we would like to know
classes of segment’s neighbors to establish its spatial context,
but such information is not available prior to classification.
However, even for unlabeled segments, a preliminary cate-
gorization of segments into low-, medium-, and high-slope
categories is possible on the basis of statistics of the values
of s̄j , j = 1, . . . ,K. Such categorization is used to calculate
the neighborhood property of a segment j, {as

1, a
s
2, a

s
3}j , where

as
l , l = 1, 2, 3, is the percentage of the segment boundary

adjacent to neighbors belonging to slope category l. Similar
neighborhood properties, {aκ

1 , aκ
2 , aκ

3}j , {af
1 , af

2 , af
3}j , are cal-

culated on the basis of curvature and flood values, yielding a
total of nine features corresponding to the spatial context of
a given segment. Segment-based feature vectors, denoted by

TABLE I
NUMBER OF LABELED SEGMENTS PER CLASS

u, are defined as follows when k-means-based segmentation
is used:

u=
{
s̄, κ̄, f̄ , SCI, as

1, as
2, as

3, aκ
1 , aκ

2 , aκ
3 , af

1 , af
2 , af

3

}
.

(12)

The definition is slightly modified when watershed-based
segmentation is used by removing the SCI component.

B. Labeled Training Set

The labeled (training) set of segments was generated by
manually labeling 30% (by surface area) of the Tisia site into
six classes corresponding to six landforms, as described in
Section II: intercrater plateau (class 1), crater floors (class 2),
convex crater walls (class 3), concave crater walls (class 4),
convex ridges (class 5), and concave ridges (class 6). Fig. 4(a)
shows the labeled part of the Tisia site. Depending on the
segmentation used, the labeled area results in a different number
of labeled segments. Table I provides details on the number of
labeled segments.

C. Classifiers

We applied different learning algorithms in our test sites
for segment classification and to generate geomorphic maps.
First, we tried a simple classifier as a baseline for comparison
to determine if a limited family of models could perform
satisfactorily in our particular domain. Naive Bayes belongs
to the class of generative Bayesian classifiers that estimate the
posterior probability of the class label given a feature vector
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TABLE II
ACCURACY FOR THE THREE CLASSIFIERS AND TWO SEGMENTATIONS TECHNIQUES (STANDARD DEVIATIONS ARE GIVEN IN PARENTHESES).

AN ASTERISK ON AN ENTRY REPRESENTS STATISTICALLY SIGNIFICANT IMPROVEMENT OVER THE NAIVE BAYES CLASSIFIER

(AT 95% CONFIDENCE LIMITS USING A T-STUDENT DISTRIBUTION)

representing the instance (segment) using Bayes’ theorem [19].
The computation of the likelihood is simplified by assuming
feature independence given the class label. The independence
assumption is false in our case as all the features are derived
from a single source of information—the site’s DEM.

Our second classifier imposes a flexible model over the
feature space and was used to test the importance of reducing
bias by employing a rich family of models. Support-vector
machines (SVMs) is a statistical learning algorithm that works
by finding an optimal hyperplane in a (transformed) feature
space [6]. The optimal hyperplane maximizes the separation
between classes. SVM exploits local data patterns and has been
found to be effective in spatial data-mining applications [36].

We finally employed a classifier that reduces variance
through model combination. The goal was to explore the
importance of reducing generalization error incurred through
model variability. Bagging is an ensemble learning algorithm
[7], [12]; it generates multiple models by running a single
learning algorithm multiple times over bootstrapped samples
of the training set. The final class label is the result of voting
over the contributing models (one from each bootstrap sample).
Bagging is known to work well for complex data sets and is
particularly attractive when the training set is noisy [12] as is
the case in our application. We use a decision tree (C4.5) as the
base learner.

We employed the algorithms earlier as implemented in the
software package WEKA [49]. We used default parameters
because our empirical assessment serves simply to illustrate the
potential application of this framework. Nevertheless, we per-
formed a parameter search over the Gaussian, linear, quadratic,
and cubic kernels in the case of SVMs at different values of the
slack variable. The best results were obtained using a quadratic
kernel with the slack value ranging between C = 1 and 2.

Accuracy of the three classifiers described earlier was com-
puted using ten runs of tenfold cross-validation on the Tisia
site training set (see Section IV-B). Accuracy is the percentage
of pixels that are labeled in agreement with the analyst-drawn
map. Results are shown in Table II. Both Bagging with C4.5 and
SVM show significant improvement in accuracy as compared
with Naive Bayes, which points to the importance of imposing
a rich family of models by the classifier in our domain. There
is no significant difference in performance between Bagging
and SVM.

V. RESULTS

The segmentation-based classification technique described in
Sections III and IV was applied to six sites on Mars. For each
site, we have calculated the watershed-based and the K-means-
based segmentations. Each segmentation solution was classified

using three learning algorithms (Naive Bayes, Bagging with
C4.5, and SVM) trained using the same labeled training set
(a subset of Tisia site) described in Section IV-B.

A. Tisia Site

For our primary test site (Tisia), we have generated six maps
shown in Fig. 4(c)–(e) and (f)–(h). Fig. 4(b) shows the hand-
labeled “ground-truth” map of Tisia. This is how a typical
domain expert would map the six landforms in this site. A
human-produced map does not really constitute a ground truth
because an analyst is likely to draw an idealized map that misses
details and projects a human conceptualization of the entire
landscape, even if it contradicts local measurements. Maps
based on the watershed segmentation [Fig. 4(c)–(e)] have a
“simple” look as they lack small-scale details, whereas maps
based on the K-means segmentation [Fig. 4(f)–(h)] look “busy”
as they exhibit more small-scale details. On the basis of a
casual visual inspection, one could conclude that maps based
on watershed segmentation look more like the analyst-drawn
map [Fig. 4(b)] than the maps based on K-means segmentation;
this is despite the higher quality of K-means segmentation
(Section III-C) and the fact that segment-based feature vectors
used to classify K-means-generated segments carry relevant
information. However, closer inspection of the generated maps
shows that maps based on K-means segmentation correctly
reflect some small-scale details that are absent from the water-
shed segmentation and the analyst-drawn map. Overall, maps
generated by Naive Bayes are inaccurate and inferior to maps
generated by Bagging and SVM. Maps generated by Bagging
and SVM have different character; the SVM-generated map
shows more detail, whereas the Bagging-generated map shows
better discrimination between crater walls and ridges.

Detailed information about the six maps calculated for the
Tisia test site are given in Table III. The two horizontal sections
of this table report on results obtained using the watershed-
based segmentation and the K-means-based segmentation.
Each section has six subsections. The first subsection gives
the names of the landforms. The second subsection gives the
number of segments in each landform class. The remaining
four subsections report on average values of different terrain
parameters in all six landform classes. These values are nor-
malized (a class with highest value receives a score of 100).
For example, in a map produced by SVM on the basis of
the watershed segmentation, the convex-crater-wall class is
characterized by the highest values of slope (a score of 100).
The slopes in the concave-crater-wall class are, on average, only
80% as steep (score 80). The convex- and concave-ridge classes
are both, on average, 41% as steep. The plateau class is 3%, and
the crater-floor class is the least steep; on average, only 1% as
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TABLE III
PROPERTIES OF TOPOGRAPHIC LANDFORM CLASSES AS GIVEN BY DIFFERENT CLASSIFIERS APPLIED TO THE TISIA SITE. FOR EACH CLASSIFICATION

SOLUTION (MAP) AND TERRAIN ATTRIBUTE, A COLUMN GIVES AVERAGE MAGNITUDE OF THIS ATTRIBUTE IN A GIVEN CLASS

(RANGING FROM ±100 TO 0). NB—NAIVE BAYES, B—BAGGING WITH C4.5, SVM—SUPPORT VECTOR MACHINES

TABLE IV
PERFORMANCE MEASUREMENTS FOR MAPS OF THE TISIA SITE GENERATED BY DIFFERENT CLASSIFIERS. THE ENTRIES FOR INDIVIDUAL

LANDFORMS ARE (PRECISION/RECALL). NB—NAIVE BAYES, B—BAGGING WITH C4.5, SVM—SUPPORT VECTOR MACHINES

steep as the convex-crater-wall class. For the curvature attribute,
positive values refer to convex regions, while negative values
refer to concave regions.

Table IV gives accuracy rates for maps of the Tisia site.
Disregarding maps produced by Naive Bayes, accuracy rates
are above 86%. Note that maps based on the watershed seg-
mentation have slightly higher rates than maps based on the
K-means segmentation. This reflects the watershed segmenta-
tion’s simpler character, more in line with the analyst drawing.
The table also shows precision and recall rates for six landform
classes. Results show that intercrater-plateau, crater-floor, and
convex-crater-wall landforms are designated with high accu-
racy. Concave crater walls are detected with less accuracy,
and ridges are essentially difficult to identify correctly. This is
because local ridges look like crater walls, even though they are
different landforms in the context of the entire landscape.

B. Other Sites

The remaining five test sites, Vichada, Al-Qahira, Dawes,
Evros, and Margaritifer, represent the same type of Martian
surface as the Tisia site. The same six landform classes are
present; one would then expect that models generated from the
Tisia site would be able to map these sites accurately. In general,

maps of these sites have the same relative character as maps
from the Tisia site. Fig. 5 shows a sample of the results. The top
row in this figure shows the topography of each site. The topog-
raphy helps to visualize the landscape and serves as a guide
for a visual assessment of map quality. The middle row shows
maps generated by the SVM classifier applied to the watershed
segmentation, and the bottom row shows maps generated by the
SVM classifier applied to the K-means segmentation. As in the
case of the Tisia site, maps originating from the watershed seg-
mentation lack small-scale details, whereas maps originating
from the K-means segmentation show more details but tend to
generate more misclassifications.

The Vichada site was hand labeled by an analyst. Table V
shows accuracy performance for maps of this site. Maps corre-
sponding to watershed segmentation have accuracy rates only
slightly lower than those of the Tisia site. However, these maps
are much less useful than Tisia because they miss most ridges.
The Vichada site is dominated by the plateau class, identified
correctly during prediction (which explains the high accuracy
rates). One gains more insight when evaluating precision/recall
rates for individual landforms; such evaluation shows poor
performance on all classes except the plateau class. Maps orig-
inating from the K-means segmentation have precision/recall
rates similar to those recorded for the Tisia site.
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Fig. 5. Automatically generated six-landform geomorphic maps of (a) Vichada, (b) Al-Qahira, (c) Dawes, (d) Evros, and (e) Margaritifer sites using the SVM
classifier. The top row shows sites’ topography, the middle row shows maps originating from the watershed segmentation, and the bottom row shows the maps
originating from the K-means segmentation. For the map legend, see Fig. 4 (for interpretation of the references to colors in this figure, the reader is referred to the
web version of this paper).

TABLE V
ACCURACY OF MAPPING INDIVIDUAL LANDFORMS IN THE VICHADA SITE USING DIFFERENT CLASSIFIERS. THE ENTRIES FOR LANDFORMS

ARE (PRECISION/RECALL). NB—NAIVE BAYES, B—BAGGING WITH C4.5, SVM—SUPPORT VECTOR MACHINES

VI. SUMMARY AND CONCLUSION

In this paper, we have proposed a machine-learning-based
method for annotating planetary surfaces with geomorphic
labels (i.e., for machine generation of geomorphic maps). This
is a challenging problem for the following reasons. First, land-
scapes are more difficult to label than multispectral images
because their characterization is based on fewer features. A
multispectral image has at least six channels (colors), whereas
landform characterization tends to be limited (this paper derives
three topographic features). Second, space-related data exhibit
less quality than terrestrial data. A Martian DEM is much
coarser and noisier than terrestrial DEMs. High-quality DEMs
facilitate extraction of additional features (such as several types
of surface curvature). Moreover, terrestrial topographic data can
often be supplemented by other data sets, such as, for example,

hydrological data. Such additional data sets are not available
in space applications. Developing an application for mapping
planetary surfaces, therefore, presents challenges not found in
the terrestrial domain. Our approach is based on a segmentation
step preceding classification; this is because segments offer the
opportunity to create additional features, taking into account
spatial context (albeit only local context). This paper is intended
to serve as a guideline for future work related to automated
planetary mapping. It is important to add that the particular
landform classes presented in this paper are examples of ge-
omorphic studies of cratered terrain on planet Mars. In order to
apply our framework to generate maps of different landforms of
interest on Mars, Earth, or other planets, different classes must
be identified by a domain expert (resulting in different train-
ing sets).
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As a result of our assessment of different segmentation and
classification algorithms, we offer the following design choices
for future machine-mapping applications. For a rough map
that needs to be generated rather quickly, a combination of
watershed-based segmentation with either Bagging or SVM
is preferable. An application based on such a combination
may be useful in cases where maps need to be generated on-
board a spacecraft. For a more detailed map, a combination of
K-means-based segmentation with either Bagging or SVM is
recommended. Since the K-means segmentation is slow, appli-
cations based on such a combination may be more appropriate
for an offline analysis. Bagging is more sensitive to small local
changes in topographic data and is preferable in applications
where high sensitivity is desired; an example is found in maps
designed to detect valley networks on Mars. SVM is less sen-
sitive to small changes in topography and produces smoother
maps (this is not so evident on the Tisia site but quite evident
on maps from other sites). SVM is preferable in applications
where smoother maps are desirable.

This paper also shows the necessity of using a representative
training set. Our six test sites are from roughly similar terrains
(same geological unit); one would expect that our training set,
extracted from a single site, should yield similar results on
other sites. This was not the case. A comparison of Tables IV
and V indicates that the Tisia site was mapped with higher
accuracy than the Vichada site. In addition, visual inspection of
Fig. 5 shows that the Margaritifer site is poorly mapped, even
though it bears topographic similarity to the Al-Qahira site (the
former resulting in a good map). Although different sites may
have similar landforms, particular characterizations may exhibit
different ranges of terrain parameters. As an example, ridges
in Al-Qahira and Margaritifer sites look similar, but exhibit
different slope magnitudes. Hence, in future applications, we
advocate flagging segments labeled with low confidence for
additional manual labeling.

We envision two types of spin-off applications. First is an
offline automated data-analysis module. Frequently, geological
analysis consists of a descriptive comparison among maps
(of two or more sites) in order to identify similarities and/or
differences in the presence and character of selected landforms.
Because our methodology produces digital thematic maps of
landforms, such maps can be subjected to machine-assisted
comparison (see, for example, [31] and [32]). Second is an
onboard application that generates geomorphic maps for the
purpose of data compression. Such maps can be cheaply trans-
mitted to Earth to assist ground controllers in decision making.
Future work will address faster algorithms for quality segmen-
tation (to replace the slow K-means algorithm), development of
additional topography-derived features, incorporating imagery
data to add texture information, and a robust approach to incor-
porate context information (e.g., using Markov random fields).
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