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ABSTRACT 
Urban areas are characterised by a high heterogeneity of surfaces. In the context of urban surface 
mapping, hyperspectral imagery proved to be a valuable data source in discriminating different 
materials. However, there are limitations in the identification of urban surface material types. These 
are e.g. caused by the fact that some surfaces consist of spectrally similar materials (like street 
asphalt and bitumen on roofs). Supplementing hyperspectral data with elevation information is 
used to help separate roof from ground surface materials with similar spectra.  

Two classification approaches are compared: a pixel-based classification using a binary building 
mask created from the laser scanning data to distinguish buildings from non-buildings and a hier-
archical classification. The latter utilises various information sources for different decisions within a 
fuzzy classification scheme and is part of a project to quantitatively assess pollutants on urban 
surfaces by chemical analysis and image processing methods (1, 2). A hyperspectral dataset of 
high spectral resolution and a DSM from laser scanning data (high geometric resolution) are com-
bined to create a detailed map of roof materials. Results of the project indicate that the additional 
information derived from height data can help in the classification of urban areas.  

INTRODUCTION 
In this study, the result of a pixel-based and an object-based classification are compared, using 
hyperspectral and laser scanning data to classify roof surface materials in the city of Karlsruhe, 
Germany. In general, pixel-based and object-based classification approaches can each be subdi-
vided into hierarchical and non-hierarchical methods. In the literature, there are examples for all of 
these methods: (3) e.g. presents a pixel-based, non-hierarchical approach for mapping the city of 
Rome and (4) analyse an object-based, hierarchical approach for classification of an urban area. 

The aim of this study is to compare a classification with the Spectral Angle Mapper (SAM) to a 
segment-based classification with eCognition. The laser scanning data provides additional informa-
tion to help identifying roof materials. Several different approaches have so far been used in litera-
ture to derive material maps from hyperspectral image data combined with digital elevation data. 
(5) use AVIRIS data to improve the 3D profile reconstruction of buildings obtained from IFSAR 
data, using the hyperspectral data mainly to differentiate between vegetated and non-vegetated 
areas. (6) fuse HYDICE data and a DEM obtained photogrammetrically from airborne photography. 
They aim to identify and delineate building roof-tops using the hyperspectral data to classify 
ground and rooftop materials and the height information to discriminate roof and ground. (7) fuses 
HyMap data with high spatial resolution digital orthophotos for endmember selection and classifica-
tion of urban surfaces. The segmented high resolution dataset is used to select endmembers for 
thematic classes using the SAM score. 

In contrast to (4), who investigated a classification of urban surfaces on signal level (with SAM) 
and on decision level using a decision tree, the mask used in the pixel-based approach does not 
contain height information but just differentiates between building and non-building. This will there-
fore provide the information to distinguish surfaces on the ground from those on buildings. 
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STUDY AREA AND DATASETS 
The study area is located in the city of Karlsruhe, Germany, and is the central campus area of the 
University. The area is approximately 1km × 0.5km (Fig. 1a) and is characterised by a mixture of 
urban surface materials including various roof materials of different age and condition, as well as 
buildings with planar or inclined roofs. The main materials are red tile roofs (brick), stone slab, 
gravel, copper, aluminium, slate and roofing felt (bitumen).  

For the classification of the roof materials, a DSM and hyperspectral data were used in combina-
tion. The DSM was acquired in March 2002 with the first pulse and last pulse modes of the  
TopoSys system, processed to 1m × 1m raster datasets (Fig. 1b). The hyperspectral HyMap data 
were acquired on July 2003 during the HyEurope campaign by the German Aerospace Centre 
(DLR). The dataset has a spatial resolution of 4m × 4m. The HyMap sensor acquires data in 128 
individual bands with a nominal bandwidth of 15-20 nm covering a spectral range of 400 to 2500 
nm. The data were geocoded using the DSM and atmospherically corrected and converted to radi-
ance by the DLR. In the pre-processing, bands 21 and 23 were excluded from the dataset. To al-
low for the utilisation of the hyperspectral dataset with the DSM, it was resampled to 1m resolution 
using Nearest Neighbour interpolation. 

For the accuracy assessment of the classification results a campus model (Fig. 1c) showing the 
roof materials was used as reference data which was generated from aerial images taken in spring 
2002. Additionally to the visual inspection of the aerial images, ground truth was acquired by a field 
check to verify the material map.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: a: Hyperspectral data (RGB 25/15/10); b: nDSM from laser scanning data (first pulse 
mode); c: campus model of selected roof materials 

METHODS 
In the following chapter, the two classification methods will be compared. Therefore, the process-
ing steps of each method are described. The pixel-based approach using the SAM for classifica-
tion will be explained first followed by the hierarchical approach using eCognition. 
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Classification with SAM 
The hyperspectral dataset was first masked with a binary building-mask derived from the laser-
scanning data. It was thus ensured that only roof-tops were classified, helping in the classification 
of roof spectra that are similar to ground surface spectra (like bitumen on a roof and asphalt on a 
road). The pixel-based classification was performed with SAM. Every pixel and every endmember 
spans a vector in feature space starting at the origin. The pixels are assigned to respective end-
members according to their closeness to the endmember vectors. This method has the advantage 
of being independent of illumination conditions and shadowing effects. In the heterogeneous urban 
environment this proves advantageous where e.g. gabled roofs show a side facing towards the 
sensor and one away from it.  

To determine the inherent dimensionality of the data, an MNF transformation was performed yield-
ing that the largest amount of the information is contained in the first 40 bands. The endmembers 
where selected manually by choosing training sites. To include only the spectrally purest pixels, if 
possible, a pixel purity index was applied to the first 40 bands. To assist in the selection process, 
aerial images were consulted to ensure that endmembers were chosen from uniform areas of the 
roofs. This was verified by field checks. The following main material classes can be distinguished: 
gravel, stone plate, red brick tiles, slate, copper, aluminium, zinc, roofing felt (bitumen), roof vege-
tation as well as other various sheet metals.  

In this mapping method, the angle plays a role in that it determines whether a pixel falls in one 
class or the other. The wider one angle of a class is allowed to be, the more pixels will be assigned 
to this class. A wide angle gives good results if the within-class variability is high but will lead to 
unclassified pixels if it is low. After testing of several angles, the angle of 0.30 gave the best classi-
fication. An angle of e.g. 0.10 left too many pixels unclassified, whereas 0.50 overmapped the 
class “stone slab”. It was further tried to assign different angles to each class and not to use the 
same angle for all the classes. This is useful if the image scene consists of classes with different 
within-class variabilities, as can be expected in an urban area. However, after testing several an-
gles for each class,  it was found that this did not lead to significant improvements in the classifica-
tion. The fixed angle of 0.30 still yielded the best classification results. Therefore, the 0.30 SAM 
classification was selected for further analysis. 

Classification with eCognition 
The hierarchical, object-based classification approach by (1,2) is part of a joint project with the 
chair of water chemistry at the Engler-Bunte-Institute (EBI), to quantitatively assess the pollutants 
of urban surfaces by chemical analysis and image processing methods. To characterise urban roof 
materials, the software package eCognition is used. The geometry of surface patches is derived 
from the DSM, whereas both the hyperspectral and the laser scanning data are used for the sur-
face material information. This is explained by the fact that the surface geometry restricts the sur-
face material and vice versa (e.g. gravel will only occur on flat roofs, brick tiles on inclined roofs). 

The analysis was done in two parts: first a geometrical segmentation of the data was carried out 
using an IPF algorithm (8). This algorithm allows for the segmentation of inclined roofs, a proce-
dure not possible with the eCognition algorithm as it does not accept inclined surfaces as homoge-
neous by its region growing algorithm. The segmentation was further improved by introducing 
spectral information to help split up the initial segments. This is useful for parts of the image scene 
where a transition between two roof materials occurs while the geometric properties (slope) remain 
the same. The second part consists of the classification. A subset of 20 hyperspectral channels 
and 3 geometric channels (height information from first and last pulse data and slope information) 
is used to classify according to indices specific to the roof materials thereby classifying materials 
with significant spectra first. The class hierarchy and indices can be seen in Fig. 2, the classifica-
tion result in Fig. 3, applying the colour scheme of Fig. 2. The methods used for this classification 
method are described in depth by (1, 2).  
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Figure 2: Indices and hyperspectral channels used in classification (left) and class hierarchy (right)  

 
 

Figure 3: Classification result with eCognition (from (1)) 
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Figure 4: Classification result with SAM, using an angle of 0.30 

RESULTS OF THE PIXEL - BASED APPROACH 
An urban environment consist of many different materials: various vegetation types, road surface, 
roofing materials, even bare soil. This naturally leads to some problems in classification and espe-
cially to a mixing-up of classes if roof and ground surface materials show similar spectra. In an 
urban environment there are some materials that are spectrally similar. In the case of roofing mate-
rials resembling ground surface materials, an improvement can be made by including height infor-
mation in the classification. As mentioned before, this was done by a building mask. That way it 
was also possible to distinguish roof vegetation. Brick, copper and zinc sheet were materials which 
show good classification results (see Fig. 4). Slate was also represented well but shows a slight 
overmapping at the disadvantage of bitumen. As can be seen in the comparison with the reference 
data, there is a confusion of gravel and stone slab. Fig. 5 shows the very similar spectral curves of 
stone plates and gravel, as well as slate and bitumen.  

 
Figure 5: Spectral curves of roofing felt (bitumen) and asphalt (left), gravel, stone slab, bitumen 
and slate (right) 
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The urban environment is a very heterogenic one. The campus has a lot of additional structures on 
the roofs as can be seen in Fig. 6 below. This leads to many mixed pixels. The search for “pure” 
endmembers is therefore difficult. The problem of mixed pixels can be seen on the aerial image 
(Fig. 6). Some building depict the heterogeneity of the roofs. In the case of the spatial resolution of 
the hyperspectral data of 4m this means that every chimney, skylight, ventilation vent or antenna 
e.g. contribute to the pixel spectra, which leads to extremely mixed pixels and makes spectral un-
mixing difficult. 

 
Figure 6: Aerial image of university buildings with additional roof structures 

Another apparent effect is that in some areas pixels at the margin prove difficult to classify. A look 
at a building with a red tile roof (brick) shows this clearly. The 4m resolution of the original data can 
be seen in the resampled 1m data (Fig. 7). The pixels at the margins show a mixture of the spec-
tral curve of the roof material and ground surface signatures. The position of the building is also 
important: the upper building shows a clear delineation, where the mask has cut the original data-
set. The segmentation used in the object-based classification leads to a clearer delineation of the 
building margins. Therefore the “4m - problem” of the building margins is minimised.  

 
Figure 7: Classification result showing the problems of marginal pixels (red brick buildings) and of 
errors in the building mask (yellow building with gravel roof and courtyard). 

There are several classes in the image scene whose spectra show specific features (Fig. 8). The 
spectrum of brick shows a distinct, increasing curve. The curve of copper has a pronounced peak 
at around 0.55 µm, a feature that galvanized zinc shows as well, but with the peak being less high 
and at around 0.55 µm. Aluminium is characterised by a very high reflectance and some absorp-
tion bands. As can be seen in Fig. 5 as well, gravel and stone slabs have similar curves. This is 
valid for the spectra of roofing felt (bitumen) and slate as well. The classification reveals these 
problems with a mix-up between the corresponding two classes. 

One of the main problems is the separability of the classes gravel, stone slab and slate, bitumen. 
This can be attributed to the fact that the spectral signatures are very similar. Additionally, the 
curves are relatively flat and do not depict specific absorption bands.  

There are several buildings with metal roofs on the campus. They proved difficult to classify. Five 
main classes of metal can be distinguished by their spectral curves (Fig. 8). Well defined classes 
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are aluminium and zinc sheet. The others, although showing distinct mean spectral curves show 
many incorrectly classified pixels. A certain pattern can be observed. There is a horizontal division 
on the roofs where each part is classified as another metal sheet. A look at the aerial image (Fig. 
9) confirms that this line strongly corresponds to the gable of the roof. The geometry of the roof 
therefore plays an important role because the reflectance of metal is very high. This leads to an-
other problem: In the case of a certain building the reflectance was so high that it exceeded the 
recording capabilities of the sensor, illustrated in Fig. 8. The curves end abruptly at a value of 
9000. For the SAM classification this means that classification is made difficult because the curve 
is distorted and therefore also the pixel vector in feature space.  

 
Figure 8: Spectral curves of sheet metal roofs (left) and the main classes (right) 

 
Figure 9: Hyperspectral data (left), aerial image (center) and classification (right) of metal roofs. 

Errors inherent to this approach derive from the building mask, which was extracted from laser 
scanning data. This led to some misclassifications. Ideally, the vegetation and features below three 
meters of height are masked out in the processing of the building mask. Two examples show that 
this is not always the case. In the first example, a building has a raised inner courtyard (Fig. 7), 
exceeding the limit of 3m height. Therefore it is included in the mask. The inner courtyard consists 
of stone plates, the roof of gravel. As the classes have been confused (the courtyard should show 
a rectangular geometry), the necessity for discriminating between buildings and non-buildings is 
shown. The other example is in the northern part of the campus where several buildings show 
vegetation pixels on the roof margins, clearly indicating that high trees are partly shadowing the 
roof and therefore leading to wrong class assignments.  

COMPARISON  
In the following, an accuracy assessment of the classification results will be presented. This will 
first be done visually, followed by a comparison of the confusion matrices. As has been mentioned 
before, the object-based approach is part of a project to assess the influence of pollutants on roofs. 
It was found that the bitumen layer contributes strongly to the pollution. As stone slab and gravel 
surfaces in general have a bitumen layer underneath, these three classes (gravel/stone 
slab/bitumen) were merged for practical reasons. The merged classes were also used in the accu-
racy assessment. To allow a comparison of the pixel-based approach with this classification, the 
classes of the SAM classification were merged as well. Additionally, the metal classes were com-
bined to one class “sheet metal/aluminium”. Figures 10 and 11 display these classification results. 
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Qualitative Comparison by visual inspection 
By comparing the results with the reference data displayed at the beginning of this paper (Fig. 1), it 
can be seen that the eCognition method has overmapped the class “slate” whereas the SAM ap-
proach has overmapped the class “stonelike/bitumen”. The classes “copper” and “brick” show good 
correspondences with the reference data, the SAM method managed to distinguish the copper roof 
area of a brick building (see Fig. 10, building at the centre bottom of the map), and the small brick 
roof  on the slate building just north of the first one. However, the general look of the SAM classifi-
cation shows many scattered misclassified pixels in a uniform roof class. This is of cause ex-
plained by the pixel-based approach. This effect is eliminated by a classification of segments as 
was done with eCognition. 

 
 Figure 10: Aggregated classification result (SAM)  

Quantitative Comparison by confusion matrices 
Both classification results were compared with the reference data. Table 1 and 2 display the con-
fusion matrices. The SAM classification has a relatively low overall accuracy of 64.5 %. The high-
est producer accuracy levels (around 67%) can be found for the classes brick, metal/aluminium 
and stonelike/bitumen. Slate shows the lowest accuracy of 35% and has been most confused with 
stonelike/bitumen. This tendency can also be seen in the object-based classification. However, the 
situation is reversed with the stonelike class being the lowest (31.9 %) and mostly confused with 
slate (79.3 %). The overall accuracy is 58%, depicting the highest producer’s accuracies for brick, 
metal/aluminium and slate. 
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Figure 11: Aggregated classification result (eCognition)  

 
Figure 12: Aggregated classification with slope information (eCognition) 

The SAM classification allows for unclassified pixels. The amount of unclassified pixels is relatively 
high. This is partly due to the way the classification and the reference data were overlaid. The ref-
erence data (vector format) were exported from a GIS to a tif-file. This led to slightly enlarged ref-
erence areas. This effect can clearly be seen at the margin of the buildings (black areas in Fig. 10). 

To improve the classification, especially to solve the confusion of the classes “slate” and “stone-
like/bitumen”, slope information was included in the eCognition classification: the pixels were not 
only spectrally assigned to the classes, the inclination of the roofs was taken into account, too. 
Stonelike/bitumen materials occur only flat roofs, slate on inclined roofs. For a detailed description 
of this methods, see (2). Figure 12 displays this improved result. The accuracy assessment (Table 
3) gives an overall accuracy of 91.2 %. The classification of stonelike/bitumen could be signifi-
cantly improved. 
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Table 1: Confusion matrix of classified areas (in square meters) (SAM classification)  

Table 2: Confusion matrix of classified areas (in square meters) (eCognition classification without 
slope information) 

 

Table 3: Confusion matrix of classified areas (in square meters) (eCognition classification including 
slope information) 
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CONCLUSIONS 

Two classification approaches were compared, both using height information derived from laser 
scanning data to improve classification. The pixel-based approach used the spectral angle mapper 
and a building mask derived from laser scanning data. The object-based classification used hyper-
spectral data for classification and laser scanning data for segmentation and classification.  It was 
shown that in both results, the classes “brick”, “copper” could be well classified. Because of the 
similarity of the spectral curves of bitumen, stonelike materials and slate, these classes were con-
fused. The main problems lie in the variability of the materials across the scene and the similarity 
of some material spectra. The inclusion of slope information in the classification process by the 
object-based approach showed that the classification results can be significantly improved, namely 
by allowing the clear separation between gravel/stone slab on flat roofs and slate on inclined roofs. 
The next task will be to include slope information in the SAM classification as well. It will then be 
seen if the classification accuracy can be improved. 
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