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the Training the Rule Set Section. Classi�cation metrics such 
as user’s and producer’s accuracy (Congalton, 1991) were 
used to quantify the performance of the rule set in the speci�c 
areas, see the Validation of the Rule Set Section for details. 

The data sources consisted of (a) a lidar data set from 2011 
from which the raw point data were acquired, �ltered, and 
interpolated using linear squares interpolation into 1 m reso -
lution lidar raster DTMs by TopScan ( http://www.TopScan.
de/ ); and (b) a Color Infrared ( CIR) orthoreciti�ed mosaic with 
0.25 m resolution produced from aerial photographs acquired 
in 2001. The CIR data set is comprised of bands in the near-
infrared ( NIR), green and red light. Based on the lidar dataset 
several LSPs have been calculated using ArcGIS ® 10.2 and 
python/GDAL: Shaded Relief, Slope Angle, Relative Elevation 
(REL, i.e., percentage of grid cells lower than a center grid cell 
in a given moving window), and Topographic Openness (Yo -
koyama et al ., 2002). The main steps of the analysis are based 
on the approaches of Anders et al . (2011). 

The GEOBIA work�ow is presented in Figure 2 and was car -
ried out using eCognition ® Developer 8.8. The numbers in the 
�ow chart refer to processing steps which are explained in the 
following section.

Training the Rule Set
The Gargellen-West area was selected as training area because 
of the well-developed glacial features and the small size of 
the study area. Based on visual interpretation of the lidar LSPs 
and CIR imagery of the Gargellen-West area, three training 
samples per cirque component were manually digitized (Step 
2 in Figure 2; see Plate 2). Only two training samples of cirque 
lakes were digitized due to the absence of more representative 
features in the area.  

The training samples were used to calculate frequency dis -
tribution matrices of LSP values within the enclosed polygon 

boundaries (Anders et al. 2011; Anders, 2013, step 3 in Figure 
2). The selection of LSPs used for the frequency distribution 
matrices was based on expert knowledge, so that unique prop -
erties of the three main components for this particular land -
form are captured. For cirque lake NIR values were used, as NIR 
images clearly show water bodies due to high absorption of 
the NIR light wavelengths. Slope Angle and Relative Elevation 
(measured within a 51 m × 51 m window) were used to create 
frequency distribution matrices of cirque divides, because 
divides are only found high in the landscape and landform 
units/elements are well separated by slope units. Slope Angle 
and Topographic Openness (measured within a 251 m × 251 m 
window) were used to create frequency distribution matrices 
of the cirque �oor and headwall components, because both 
components can be differentiated by slope angle (relatively 
steep slopes at the cirque headwalls, and relatively gentle 
slopes on the cirque �oors) and Topographic Openness clearly 
depicts boundaries between different landforms (Anders, 
2013; Anders et al. 2013). The window sizes were manually 
selected to provide the required detail and texture for the scale 
of the landforms (i.e., Topographic Openness) or to provide the 
required regional information (i.e., Relative Elevation). 

Subsequently, eCognition Developer (8.8) was used to cre -
ate sets of image objects using the multi-resolution ( MR) seg-
mentation algorithm described by Baatz and Schäpe (2000). 
The MR segmentation algorithm is a region-growing procedure 
where neighboring grid cells and objects are merged (Baatz 
and Schäpe, 2000). The merging is rejected if the standard 
deviation of the objects before and after merging is higher 
than a given threshold. This threshold is set by a “scale” 
parameter. The theoretical range of scale parameter values is 
from 1 to in�nity, where a value of 1 produces objects of one 
or few grid cells, and a large value results in the clustering of 
all grid cells into a single object. Due to the nature of the MR 
segmentation algorithm, the actual relation between the scale 
parameter value and object size depends on the spatial resolu -
tion and standard deviation of values in the data set. Multiple 
sets of image objects were created with different scale param -
eters (step 4 in Figure 2), which greatly affects the number of 
grid cells being clustered thus the size of individual objects. 
The sets of objects were created with scale parameter values 
of 10, 15, 20, 25, 30, 35, 40, 45, 50, 75, 100, 125, 150, 175, 
200, 225, 250, 300, 500, and 999, respectively. This range 
was found large enough so that the optimal object size could 
be identi�ed for each cirque component. The MR segmenta-
tion algorithm also requires the de�nition of a “shape” and 

�)�L�J�X�U�H���������$���V�F�K�H�P�D�W�L�F���R�Y�H�U�Y�L�H�Z���R�I���W�K�H���V�W�U�D�W�L�À�H�G���*�(�2�%�,�$���Z�R�U�N�Á�R�Z��

TABLE 1. SUBSET AREA CHARACTERISTICS

Area 
nr Area name

Mean elevation 
[m.a.s.l.]

Area size
[km 2]

Altitudinal 
zone

1 Gargellen-West 2285 1 +

2 Hochmäderer 2421 15 ++

3 Zitterklapfen 1676 29 -

4 Winterstaude 1349 20 --

PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING June 2015 509

http://www.TopScan


“compactness” parameter, which determine the degree of 
roundness and compactness the objects shape are forced into 
(ranging from 0 to 1), thus in�uences the geometry of objects. 
We manually selected a shape and compactness parameter 
value of 0.3 and 0.5, respectively, for all segmentations to 
prevent the generation of very irregularly shaped objects, but 
allowing objects to form primarily on the basis of the underly -
ing raster data sets. 

The frequency distribution matrices of the training samples 
were compared with the frequency distribution matrices of 
the overlapping image objects at �ve different point locations 
within each training sample. Based on the sum of absolute 
error between both matrices, a segmentation score is calcu -
lated. The average score out of �ve comparisons per training 
sample was used to evaluate segmentation accuracy of each set 
of objects and to determine an optimal scale parameter value 
(step 5 in Figure 2). Many segmentation evaluation methods 
exist with each their strengths and weaknesses to evaluate 
different kinds of segmentations of different kinds of data sets, 
and for different purposes (Zhang, 1996). The method used 
in this study can be justi�ed by our goal to capture the same 
topographic signatures of cirque components by the segmented 
objects in the different areas, which are the basis of subsequent 
object classi�cation. For details on the parameter optimization 
used in this study Anders et al. (2011) are referred.

Because each cirque component has different segmenta -
tion parameters, all components need to be extracted sepa -
rately. First objects are calculated in the entire area using the 

optimized segmentation parameters of the �rst component 
(step 6 in Figure 2) to create high-quality objects for one 
speci�c component. Subsequently, classi�cation criteria were 
formulated based on expert knowledge (step 7 in Figure 2), 
and topographic signatures derived from the training samples 
served as inspiration and for determining threshold values of 
the classi�cation criteria. Examples of classi�cation criteria 
are “low NIR values” for cirque lake objects, “high relative 
elevation values” for cirque divide objects, and “high Slope 
Angle values” for cirque headwall objects. Manual heuristics 
are used to determine and �ne-tune the threshold values of 
the classi�cation criteria (steps 8 and 9 in Figure 2). After the 
classi�cation rules are applied to the image objects, the cirque 
components are extracted (step 10 in Figure 2). 

The remaining unclassi�ed area is re-segmented with 
feature-speci�c segmentation criteria of the subsequent cirque 
component, and the procedure starts over from step 6 on -
wards, until all components are extracted (step 11 in Figure 
2). As a consequence, the cirque components are extracted 
in a strati�ed fashion, where distinct and easy to identify 
components are extracted �rst (cirque lake and divide), and 
features with potential gradual or fuzzy boundaries last 
(cirque headwall and �oor). Left-over objects are merged with 
neighboring classi�ed objects when 100 percent enclosed by 
a single component, or labeled as “unclassi�ed” so they are 
considered as not being part of the cirque complex. Classi�ed 
objects were exported as Esri shape�les for further analysis 
and visualization. 

Training samples
Divide

Headwall

Floor

Cirque lake

Validation points
No compoment

Divide

Headwall

Floor

Lake

LSP composite
Slope angle

TO25

TO251

0 200
m

�3�O�D�W�H���������7�U�D�L�Q�L�Q�J���V�D�P�S�O�H�V���D�Q�G���Y�D�O�L�G�D�W�L�R�Q���S�R�L�Q�W�V���Z�H�U�H���P�D�Q�X�D�O�O�\���G�L�J�L�W�L�]�H�G���D�Q�G���O�D�E�H�O�H�G���D�I�W�H�U���L�Q�W�H�U�S�U�H�W�D�W�L�R�Q���R�I���W�K�H���&�,�5���L�P�D�J�H���D�Q�G���D�Q���/�6�3��
composite layer (with Slope Angle and Topographic Openness parameters (25 × 25 and 251 × 251 m search radius). The latter is shown 
in the background.
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�9�D�O�L�G�D�W�L�R�Q���R�I���W�K�H���5�X�O�H���6�H�W
All classi�cations were evaluated systematically to determine 
the performance of the rule set in the different areas. In each 
area 200 random points were generated which were manually 
classi�ed and labeled as Divide, Headwall, Floor, Lake, or “not 
part of a cirque.” Where required, additional points were added 
so that all classes are suf�ciently covered (i.e., at least 15 points). 

The manual data set served as reference to validate the 
automated classi�cation results. Here, point labels were 
compared with underlying classi�ed polygons and as such 
a confusion matrix and derived user’s accuracy, producer’s 
accuracy, average accuracy, and KHAT statistic (Congalton, 
1991) have been calculated. The classi�cation scores served 
as measure to evaluate the performance of the classi�cation 
rule set in each test area.

Results and Discussion
The Cirque Rule Set
The three main cirque components, and cirque lake are 
segmented based on the parameters presented in Table 2, and 
classi�ed based on the criteria presented in Table 3. Cirque 
lakes are relatively small and divides are relatively narrow 
and are therefore segmented using relatively small scale 
parameters (respectively, 100 and 225). Elements of a cirque 
headwall and �oor are generally larger and are therefore best 
outlined by larger objects, thus segmented using a larger scale 
parameter value (400). 

The components are classi�ed based on 13 individual rules, 
where cirque headwalls and �oors are separated into core 
objects, which have a distinct morphological characterization, 
and surrounding objects. The surrounding objects may share 
characteristics of the core component, but show signs of dis -
turbance or are in a transition towards another landform type 
or cirque component. When these neighboring objects border 
the core cirque component and share the topographic signa -
ture to a satisfying degree, they are also classi�ed as such. 

The rules have been summarized based on geomorphologi -
cally meaningful criteria. More speci�cally, cirque lakes are 
classi�ed with low NIR values, due to the high absorption of 
near-infrared light by water. A second criterion is a low mean 
slope angle. Divides are commonly the highest landforms 
in the landscape, which was the motivation to formulate 
rules with relative elevation (measured over 51 × 51 meters 
and 251 × 251 meters). In addition, divides are normally not 
directly located next to cirque lakes which was formulated as 
a second rule, in order to prevent misclassi�cations of local 
maxima elsewhere in the area. Cirque �oors can be character -
ized with relatively low slope angles, and are usually found 
within a certain distance from a cirque divide. Cirque head -
walls are also found near divides, but have generally steeper 
slope angles than cirque �oors. 

Figure 3 presents the topographic signatures of the cirque 
components, based on the digitized training samples. The 
aforementioned descriptions can be recognized, and thresh -
old values for the classi�cation rules can be extracted. For 
example, divides are the only features with a mean relative el -
evation (over 251 × 251 meters) of more than 70 percent. Also, 
cirque headwalls and �oors can be differentiated based on 
threshold slope angle value of 25 to 30 degrees in the training 
area. Cirque lakes generally have a mean slope angle of less 
than 10 degrees (including adjacent banks), and NIR values of 
less than 120 units. Figure 3 also shows that often the same 
criteria can be used to distinguish the different components, 
but that absolute threshold values are different between the 
areas. In area 2 and 3, cirque �oors have generally steeper 
slope angles compared to �oors in area 1 and 4. 

Performance of the Rule Set
Plate 3 presents the classi�ed objects in the four areas. Table 
4 presents the accuracy metrics of the four areas. The rule set 
was trained based on Area 1, which also shows the highest av -
erage accuracy of 81 percent; 90 percent of the divides are cor -
rectly picked up, and 76 percent of the total (manually labeled) 
divides are classi�ed, which are represented by the user’s and 
producer’s accuracies, respectively. Headwall and �oor receive 
lower accuracy scores; they are more often confused with one 
another. While slope angle is the major criterion to differenti -
ate both components, Figure 3 suggests that the topographic 
signatures of cirque headwalls and �oors partly overlap and 
explains the confusion in the classi�cation. All cirque lakes 
present in the area have been correctly classi�ed.

Area 2 is located in a comparable altitudinal zone as Area 
1, and so a comparable length of glacier occupation can be 

TABLE 3. OVERVIEW OF THE CLASSIFICATION RULES

Rule nr Component Classi�er Data range Value Unit

1 Cirque lake Mean NIR 0-255 < 100 DN

2 Mean slope 0-90 < 10 °

3 Divide Distance to Cirque lake 0-inf > 400 Pixels

4 Mean REL251 0-100 > 60 %

5 Mean REL51 0-100 > 60 %

6 Floor A (core) Mean Slope 0-90 < 21 °

7 Distance to Divide 0-inf < 900 Pixels

8 Floor B (surroundings) Border to Floor A YES/NO YES -

9 Mean slope 0-90 < 30 °

10 Headwall A (core) Mean slope 0-90 > 29 °

11 Distance to Divide 0-inf < 700 Pixels

12 Headwall B (surroundings) Mean slope 0-90 > 29 °

13 Enclosed by Floor + Headwall YES/NO YES -

TABLE 2. OVERVIEW OF THE OPTIMAL SEGMENTATION PARAMETERS

Component Raster for segmentation Scale parameter  �  [1-inf]

Cirque lake NIR 100

Divide Slope & REL51 225

Floor Slope & TO251 400

Headwall Slope & TO251 400
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expected. Overall accuracy (71 percent) is acceptable and in 
agreement with Area 1. However, there are several notice -
able differences. For example, only 59 percent of the labeled 
divides are classi�ed, thus many divides are missed, which 
negatively in�uences the rest of the classi�cation. Figure 3 
shows lower values of relative elevation (within 251 × 251 m) 
which hints at the existence of wider divides, next to the nar -
row and sharp divides in Area 1. The widest divides are most 
likely missed and may explain the low producer’s accuracy. 
In Area 2 �oor and headwalls are also more often confused 
with each other than other components. All classi�ed cirque 
lakes are correct, but a few are missed, likely due to higher 
NIR values in shallow water bodies (see also Figure 3). 

Area 3 and 4 follow the same trend, but with decreasing ac -
curacies due to further morphological deviation from the com -
ponents of Area 1, particularly in Area 4 (the lowest test area) 
where only 29 percent of the classi�ed cirque �oor components 
are correct. Plate 3 shows the same trend where too great an 
area is incorrectly classi�ed as cirque �oor. In most cirques 
in the tested areas the cirque �oor is separated from the main 
glacial valley bottom by a steeper slope, possibly part of the 
cirque threshold. This threshold is a hard boundary for the rule 
set to prevent classifying �oor components. In Area 4, cirque 
thresholds are likely overlain by new sediments, have eroded 
away, or have never fully developed morphologically, which 
means that cirque �oor components gradually merge with the 
main glacial valley without a threshold, resulting in glacial val -
ley �oors being misinterpreted as cirque �oors by the rule set. 

On the Transferability of Object-Based Rule Sets
This study focuses on the transferability of rule sets for the 
extraction of detailed and complex geomorphological features 
that contain information on their genetic history. Topographic 
signatures of the cirque components and the classi�cation 
results indicate that when rule sets are adapted to local mor -
phological conditions, higher classi�cation accuracies can be 

achieved, and rule sets are transferable. This is in agreement 
with Rokitnicki-Wojcik et al. (2011), who mentioned that inter -
nally parameterized rule sets to map coastal marsh habitats per -
formed only slightly better, in terms of classi�cation accuracy, 
than rule sets that had been externally parameterized in nearby 
areas. Also Tiede et al. (2010) successfully applied a master rule 
set for the extraction of dwellings from satellite imagery data. 

Yet, although our rule set was transferable to one other area, 
it was not producing accurate results in the other two test areas 
due to fundamental differences with the expression of land -
forms. In the following section, issues considering the transfer -
ability of the proposed rule set are addressed, followed by a dis -
cussion on the transferability of object-based rule sets in general.

First, cirque complexes in this study area have formed in 
locally different geological settings. When cirques form on 
initially steeper slopes, cirque headwall and �oor compo -
nents will show steeper slope signatures than in areas with a 
geological setting with initially more gentle hillslopes. Since 
slope angle was an important classi�er to differentiate cirque 
headwall and �oor, the boundary conditions are trained based 
on the local geological setting. To solve this, locally adapted 
boundary conditions can be introduced by using local training 
samples and may dramatically improve classi�cation accuracy.

Second, the training areas are selected at different altitu -
dinal zones, which introduces variation in the duration of 
glaciation, thus the degree to which glacial landforms have 
evolved, and the extent to which post-glacial landscape 
processes have modi�ed the topographic signatures of “pure” 
glacial landforms. In other words, the topographic signatures 
of the cirque components contain different degrees of noise 
due to post-glacial landscape evolution. 

Third, a strati�ed GEOBIA approach was applied where clas -
si�cations of a second component were dependent on the clas -
si�cations of a previous component. This means that classi�ca -
tion error in an earlier step is transferred to a subsequent step 
to create even more error. For example, cirque divide are often 

Figure 3. Topographic signatures of the cirque components in the different areas, on the basis of Slope Angle, Relative Elevation within 
15 × 15 m and 251 × 251 m, and NIR values. 
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classi�ed correctly (high user’s accuracy) but many (parts) of 
the divides are also missed by the classi�cation (low produc -
er’s accuracy). Yet, cirque �oor and headwall components are 
dependent on the existence of a cirque divide. This means that 
whenever the mean relative elevation values of cirque divides 
do not match the training signatures, for example when di -
vides have evolved into more rounded or wider shapes than in 
the training area, a large portion of the classi�cation fails.

In summary, the results suggest that to a certain extent, 
our rule set is transferable to nearby areas that share common 
geological and geomorphological history, if crucial classi�cation 
thresholds are adapted to local topographic conditions. Yet, the 
rule set fails when geological differences, pre-glacial topography, 
or post-glacial geomorphological processes signi�cantly changed 
or disguised topographic signatures of cirque components.  

As a consequence, the rule set cannot be applied to, for 
example, the entire European Alps, to automatically map 
all cirque complexes. The question that arises is: “what is 
the largest area that can be analyzed with a single object-
based rule set?” There is not a straightforward answer to this 

question, as it greatly depends on the diversity of the land -
scape, but should be considered when using Object-Based 
Image Analysis for landscape classi�cations.

Also, data sources and scale are important points of 
concern when it comes to transferability of rule sets. For 
example, the MR segmentation algorithm can work with mul -
tiple gridded data sets, with a different spatial resolution, at 
the same time. The scale parameter values are linked to the 
gridded data set with the smallest cell size, which is in this 
paper is 0.25 m for the CIR data set. This means that differ -
ent scale parameter values are required if different resolution 
data is used, and as a result, parameter values cannot directly 
be compared with, or transferred to those from other studies 
which have used different resolution data. In addition, the 
value of LSPs is different when using different cell sizes. For 
example, Eisank et al . (2010) used curvature derived from a 
10 m DTM as a basis for the extraction cirque divides. With 
10 m grid cells, curvature is a meaningful parameter since 
the cirque divide is only one or few grid cells wide. In other 
words, the curvature is measured at the same scale as the 
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Cirque lake
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�3�O�D�W�H���������)�L�Q�D�O���F�O�D�V�V�L�À�F�D�W�L�R�Q���U�H�V�X�O�W�V���V�K�R�Z�L�Q�J���W�K�H���G�L�V�W�U�L�E�X�W�L�R�Q���R�I���F�L�U�T�X�H���F�R�P�S�R�Q�H�Q�W�V���L�Q���W�K�H���W�H�V�W���D�U�H�D�V�����2�E�M�H�F�W���E�R�X�Q�G�D�U�L�H�V���K�D�Y�H���E�H�H�Q���U�H-
�P�R�Y�H�G���W�R���L�Q�F�U�H�D�V�H���W�K�H���U�H�D�G�D�E�L�O�L�W�\���R�I���W�K�H���P�D�S�V�����&�O�D�V�V�L�À�F�D�W�L�R�Q���P�H�W�U�L�F�V���D�U�H���G�H�V�F�U�L�E�H�G���L�Q���7�D�E�O�H��������

TABLE 4. OVERVIEW OF THE CLASSIFICATION ACCURACY METRICS

User’s accuracy [%] Producer’s accuracy [%] Overall accuracy [%] KHAT

Divide Headwall Floor Lake Divide Headwall Floor Lake

Area 1 90 68 69 100 76 83 63 100 81 0.73

Area 2 84 72 60 100 59 92 70 63 71 0.58

Area 3 93 58 49 67 96 91 76 67 66 0.55

Area 4 86 78 29 0 71 69 89 0 51 0.33
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geomorphological feature of interest. In this research, eleva -
tion data with 1 m grid cells was used as main source. Ap -
plying rule sets of Eisank et al . (2010) on 1 m resolution data 
will not produce accurate results, as curvature is measured at 
a different scale (1 m) than the geomorphological feature of 
interest (10 m). This promotes an interesting discussion for 
future research on the optimal spatial resolution for speci�c 
geomorphological features, and applying multi-resolution 
data sets for whole landscape classi�cations. 

In terms of the transferability of segmentation parameters, 
there is likely less concern, as long as objects are not too large 
and the data sets used have a similar standard deviation. 
Slightly under-segmented features compensate for potential 
segmentation errors (Dragut et al , 2014) as long as the same 
features in different areas are not too different from each other 
in terms of size and shape (Anders, 2013). 

Expert knowledge remains a crucial step in the design of 
the rule set and the assessment of the transferability to other 
areas. We therefore encourage experts from different geoscien -
ti�c disciplines to translate detailed �eld knowledge into arith -
metic or relational concepts, which in turn can be translated as 
classi�cation rules. In that way, common patterns can be used 
to optimize existing classi�cation rules or designing more ge -
neric rules for the classi�cation of true morphogenetic features.

Conclusions
The focus of this paper was to create and test the transferabili -
ty of an object-based rule set for the semi-automated extraction 
of cirque components in Vorarlberg using airborne lidar data 
and CIR imagery. The rule set successfully extracted cirque di -
vides, cirque headwalls, cirque �oors, and the subcomponent 
cirque lake with an overall accuracy of 81 percent in the train -
ing area. In addition, the presented rule set was transferable to 
nearby areas that shared a common geological and geomorpho -
logical history if crucial classi�cation thresholds were adapted 
to local topographic conditions. However, this failed when 
geological differences, pre-glacial topography or post-glacial 
geomorphological processes signi�cantly changed or disguised 
topographic signatures of cirque components. These �ndings 
hinder straightforward upscaling by application of rule sets to 
larger research areas. Expert knowledge remains a crucial step 
in the design of the rule set, size of the study area, and assess -
ment of the transferability to other areas. 
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