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Abstract 
 
There are several environmental issues in urban areas that are caused by the unintentional consequences of past activities. One of 
these issues is the wide application of asbestos cement in roofing materials in the 2nd half of the 1900s. In this study, our goal was 
to identify different roof types and to determine those with asbestos components using high-ground (1 m) and spectral (126 
bands) resolution airborne hyperspectral imagery (AISA Eagle II) and several classification approaches. In addition, we aimed to 
identify those wavelengths that play a significant role in distinguishing the different roof types. In the image analysis, the SAM, 
MLC and SVM classification methods were used to evaluate the different types of roofs. These methods resulted in accurate 
maps of the roof types, and asbestos cement roofs were identified with over 85% accuracy. 
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1. Introduction 
 
During the second half of the 20th century, 

asbestos was a popular material as an additive in 
building materials (roofs, insulation) due to its good 
characteristics regarding resistance to heat (Bassani et 
al., 2007; Pascucci et al., 2010). Later, asbestos was 
determined to be composed of microscopic mineral 
fibers that are dangerous to people's health, causing 
asbestosis, lung cancer, and mesothelioma when 
inhaled into the lungs (Mándi et al., 2000; Petja et al., 
2010). Accordingly, several European countries, 
including Hungary, have banned the usage of asbestos 
in all parts of life. Although a decree (EüM-KöM, 
2000) prohibited the distribution of asbestos roofing 
materials starting in 2001, there was a long grace 
period on the selling of stored stock: the final ban 
occurred in 2005. 

Despite of the legal background, most people 
are unaware of the problem; thus, they may not 
properly handle the waste when they renovate their 
roofs. Accordingly, a thorough and exact register is 
required to determine the roofs that pose a risk of 
asbestos pollution (Field, 2009; Sokal and Rohlf, 
2009). 

Remote sensing provides effective tools to 
identify different urban surfaces, including roofing; 
furthermore, it can be used to identify asbestos 
materials. Most of the researchers who have applied 
remote sensing technology in an urban environment 
have focused on land cover, especially on green areas 
and their relevance in the ecological network (Chen et 
al., 2013; Rogan and Chen, 2003; Yang et al., 2003; 
Yang, 2011) or on monitoring the changes in the 
growth of towns by observing the built-in areas (Chen 
et al., 2000; Yang, 2011).  
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Urban surface analysis is a recent application 
of remote sensing data that is aimed to extract data on 
the artificial objects of cities. Differentiating roofing 
types using remotely sensed data can be an efficient 
means of establishing a register in a settlement. In 
addition to the asbestos issue, this register of roofs 
can have further practical applications, e.g., in fire 
risk assessment, it may provide direct information 
about the flammability of components and the 
possibilities of the spread of fire.  

The spectral reflectance of materials is widely 
used in analytical procedures because this technique 
does not require expensive preparation (e.g., 
digestion), a process that may alter the analyzed 
materials itself. These non-destructive investigations 
can be conducted in the laboratory or in the field 
(Csillag et al., 1993; Bassani et al., 2007; Foudjo et 
al., 2013; Hărmănescu et al., 2012; Szalai et al., 2013) 
and are important in exploring the spectral features of 
“clear” substances and providing experience about the 
useful spectral ranges for aerial surveys. 

There have been several successful attempts to 
identify roofs with remote sensing technology. 
Nagyváradi et al. (2011) applied aerial images in the 
visible spectral range to identify buildings and their 
age (presuming that the roofs of older buildings had a 
darker red color); however, this type of data was not 
appropriate for the classification of different roof 
types. Taherzadeh et al. (2012) found Worldview-2 
images to be useful in roof type detection; however, 
hyperspectral data provided better results. Cavalli et 
al. (2008) tested ALI, Hyperion, LANDSAT ETM+ 
and MIVIS data in an urban area and found that a 
resolution of 30 m was only able to identify the main 
land cover materials, whereas hyperspectral data 
(even with a coarse cell size) enabled more classes to 
be discriminated. 

The best results were obtained using 
hyperspectral data. Shafri et al. (2012) summarized 
the possible applications of the hyperspectral data 
sources, and roof type classification was mentioned as 

a reasonable application. Hyperspectral images are 
becoming increasingly available in the last few years 
and are slowly being used in several applications. 
However, there are limitations to obtaining clear 
results of roofing classification due to some 
independents factors.  
  (1) Different-aged roofs exhibit different 
colors (including all types of roofs) as they are 
exposed to weathering processes and UV radiation. 
(2) All roofs become covered by lichens and mosses 
(Bassani et al., 2007). (3) Almost all roofs have parts 
of different materials, such as valley gutters (metal), 
and sometimes there are windows (glass with plastic 
or wooden frame) with plastic or metal rolling 
shutters, making the pixels diverse and decreasing the 
homogeneity of the surface. (4) Roofs (except flat 
ones) have different geometrical shapes, which 
divides them into differently lightened regions. These 
regions can be very small, i.e., smaller than the 
resolution of the applied images. Due to these issues, 
roof classifications always have errors. 

Our hypothesis was that roofs can be 
distinguished based on their spectral features; 
therefore, we aimed to produce a roof register with 
special regard to the identification of the AC roofs in 
a test area using hyperspectral imagery. Different 
classification algorithms were compared to reveal 
which one exhibited the best performance with 
special regards to the identification of asbestos 
materials in the roofs. 

 
2. Methods 

 
2.1. Data collection 
 

We used airborne hyperspectral imagery of a 
7-km2 area of Debrecen, East-Hungary (Fig. 1). The 
city is the second largest in Hungary, with 
approximately 200,000 residents (Kozma, 2009) and 
has a diverse set of roofing types, ranging from the 
traditional red tiles to AC panels. 

 

 
 

Fig. 1. Overview map of Debrecen city highlighting the area of the aerial survey 
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We used airborne hyperspectral imagery of an 

area of 7 km2 of Debrecen (Fig. 1) that was captured 
using a push-broom type Aisa EAGLE II 
hyperspectral camera (www.specim.fi) during an 
aerial survey, which is capable of imaging in the 
visible to near-infrared spectral range (VNIR). 

The acquisition of the images occurred 
between 08:12 and 08:46 GMT on 9th July, 2013. We 
applied 5-nm sampling in the full spectrum (400-1000 
nm) such that each pixel contains 126 spectral 
channels. A high-accuracy OxTS RT 3003 GPS/INS 
system was used for recording the navigation data. 
The hyperspectral camera was mounted on the Piper 
Aztec type airplane. The image frames were merged 
into a mosaic after preprocessing; afterwards, we 
could use one image for the entire test area.  
 
2.2. Image processing 

 
Image analysis was performed using the 

ENVI+IDL 4.8 software. Because roofing types can 
be identified visually, we performed field 
observations; based on the observations, we extended 
our ground truth database to objects captured from 
aerial photographs. The coordinates of the 
observations were recorded with a pair of RTK GPS 
devices (one was used as a permanent station). The 
goal of the data collection was to provide the accurate 
teaching and monitoring areas required for the image 
analysis (Table 1). Training data were used in the 
classifications (teaching areas for the algorithms), 
whereas the ground truth data were the control in the 
accuracy assessments. The user’s accuracy (UA), 
producer’s accuracy (PA), overall accuracy (OA) and 
Kappa index were calculated (Congalton, 1991). 
 

Table 1. Sizes of the training and ground data  
(number of pixels) 

 
Roof types Ground truth Training area 
Brown tile 56 114 
Green tile 49 112 
Asbestos 54 355 

Light brown tar 12 29 
Top, block of flats 
without insulation 

90 443 

Top, block of flats 
with insulation 

115 139 

Red tile 164 337 
 

We collected data of all of the representative 
roofing types within the test area (Table 1). The most 
popular roofs were red tiles; however, especially in 
the case of newer houses, brown tiles were also 
widespread. Tar roofs denote a cheaper solution, but 
their life expectance is shorter than that of tiles. 
Currently, according to the legal rules, the proportion 
of AC panels is not high, but several houses with 
these panels were observed. Using high-resolution 
aerial images (15-cm resolution), we discriminated 
between the surface of red tile roofs in sunlight and in 
shadows.  

Several advanced feature extraction techniques 
have been developed to reduce the dimensionality of 
data. MNF transformation (Green et al., 1988) was 
applied to achieve noise reduction, and the new 
artificial bands, having the largest explained variance, 
were used in the classifications.  

One of the most popular and useful 
hyperspectral image classification methods is the 
support vector machine (SVM) algorithm, which 
requires less prior knowledge to classify the high-
dimensional nature of hyperspectral data (Camps-
Valls and Bruzzone, 2005; Plaza et al., 2009). During 
image classification, we subjected the data to MNF 
transformation and applied pair-wise SVM and 
Maximum Likelihood (MLC) methods to 9 and 15 
MNF bands. SVM classification was performed using 
the Gaussian Radial Basis Function (RBF) kernel 
with the following parameters: C=100 and γ=0.003. 
Furthermore, the spectral angle mapper (SAM) 
classifier was used in the analysis.  

All classifications were conducted with a mask 
layer derived from a normalized Digital Surface 
Models (nDSM) and NDVI image of the same area. 
The nDSM was created by the simple subtraction of 
the DEM and DSM models (DSM-DEM). The NDVI 
was calculated using narrow bands in the red (677 
nm) and near-infrared (801 nm) wavebands. An 
object-oriented image segment was delineated using a 
multi-resolution segmentation algorithm with 
eCognition 8. The segmented layer was classified 
such that segments with low NDVI values 
(NDVI<0.1) paired with high nDSM (nDSM>3 m) 
denoted a building with high probability.  

 

3. Results 
 
The spectral curves had unique features within 

the roofing types (Fig. 2); all of the curves within the 
types had distinct sections that can be used in 
multivariate classification algorithms. The best 
wavelength range to discriminate asbestos from the 
other materials was within the range of 580 800 nm; 
misclassification errors were caused by red tiles in 
shadows and by grey tar roof. 
 

3.1. Roof classification and identification of asbestos  
 

We experienced the weakest classification 
performance with the SAM method (OA: 59.83%, 
kappa: 0.54; Table 2). A relevant proportion of the 
control area remained unclassified due to the higher 
variance of the roofs of the test area (different age, 
roof aspect and slope) compared to the training are. 

SVM provided better results, even when we 
used the original band set (OA: 79.93%. kappa: 0.77). 
MLC cannot be applied to the original dataset due to 
its limitations: we require a larger training pixel 
number than the number of investigated bands (i.e., 
the original band set). To reduce the dimensions, we 
applied the MNF transformation; thus, the first 
transformed bands contain most of the variance of the 
entire information ensured by the hyperspectral 
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survey. The use of the first 9 MNF bands with the 
MLC classifier was quite accurate (OA: 76.35%, 
kappa: 0.72), whereas the SVM results were similar 
to the results obtained for the original dataset (OA: 
79.45%, kappa: 0.76%; Table 3; Fig. 3). The MLC 
and multiclass SVM methods resulted in almost the 
same accuracy using the MNF bands. The SVM 
method produced the best classification accuracy 
(OA: 79.9%) using the original (126) wavebands. 
Asbestos was identifiable with all of the methods 
(except the SAM): both the PA and UA were above 
85%.  

4. Discussion 
 
The differentiation of roofing types using 

remotely sensed data is a straightforward method of 
establishing cadasters in a settlement. Our hypothesis 
was proven regarding the ability of the roofing types 
to be separated based on remotely sensed data; also in 
addition, asbestos cement tiles can be identified with 
an acceptable accuracy (~85%, according to 
Anderson et al., 1976). 

 
 

 
 

Fig. 2. Spectral curves of some representative roofing types in the study area (bands: 0=400 nm; 120=961 nm) 
 

 
 

Fig. 3. Roofing types in the test area based on the SVM classification (using MNF-transformed data) 
 

Table 2. Results of the accuracy of the classifications using the original 126 bands 
 

SAM (%) SVM (%) 
Class 

PA UA PA UA 
Brown tile 5.4 11.1 82.5 68.6 
Green tile 60.0 100.0 86.6 100.0 
Asbestos 23.0 90.2 50.4 93.1 

Light brown tar 100.0 37.3 96.6 68.3 
Top, block of flats without insulation 91.4 46.4 90.7 52.9 

Top, block of flats with insulation 96.6 80.5 94.6 89.4 
Red tile 1.0 65.2 85.2 91.1 

Blue metal 63.2 95.0 88.0 91.2 
Red tile in shadow 23.2 83.9 64.8 46.8 

Grey tar 34.9 29.3 82.5 68.6 
Overall accuracy (OA) 59.8 79.9 

Kappa index 0.54 0.77 
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Table 3. Results of the accuracy of the classifications using MNF-transformed data 

 

SVM with 15 MNF bands (% ) MLC with 9 MNF bands (%) 
Class 

PA UA PA UA 
Brown tile 97.6 71.3 54.5 88.4 
Green tile 100.0 100.0 100.0 100.0 
Asbestos 86.9 98.4 92.9 82.4 

Light brown tar 96.6 100.0 3.6 100.0 
Top, block of flats without insulation 89.2 99.2 92.1 88.3 

Top, block of flats with insulation 98.6 85.3 77.7 79.6 
Red tile 94.5 82.2 1.0 98.7 

Blue metal 56.4 83.2 56.5 50.0 
Red tile in shadow 47.7 55.4 26.8 60.0 

Grey tar 28.7 22.1 36.1 38.5 
Overall accuracy (OA) 79.5 76.3 

Kappa index 0.76 0.72 
 

The finer the spatial and spectral resolution of 
the data, the better the algorithms perform (Herold et 
al., 2002; Herold and Roberts, 2010; Taherzadeh et 
al., 2012; Tobak et al., 2012). According to Welch 
(1982), the minimum resolution for urban studies is 
at least 5 m; accordingly, our dataset had a resolution 
of 1 meter. However, we dealt with several issues 
that resulted in classification errors: despite the fine 
spatial resolution, roofs had complex geometrical 
shapes; as a result, the reflectance was spectrally 
mixed. 

We applied hyperspectral data analysis using 
the original dataset and then analyzed the MNF-
transformed data with the SAM, MLC and SVM 
algorithms. The SVM algorithm, with both the 
original dataset and the MNF-transformed data, 
exhibited the best performance. Brand (2012) also 
applied the SAM and SVM algorithms, and in her 
study, the SAM classifier performed better (OA was 
70.5% for SAM and 59.06% for SVM).  

Our results showed that the SVM algorithm 
exhibited better classification accuracy (OA: 79.9%), 
whereas the performance of SAM was the poorest 
(OA: 59.8%). Li et al. (2010) reached a similar 
conclusion, i.e., the SVM algorithm appeared to be 
the best algorithm for classifying impervious 
surfaces; presumably, SAM would provide better 
results with more types of roofing and better defined 
training areas. 
 
5. Conclusions 
 

In general, almost all roof types were 
identifiable with high accuracy from a hyperspectral 
image. The hyperspectral data provided sufficient 
accuracy for the mapping of asbestos materials using 
the SVM method with both the original band set and 
the MNF-transformed data; MLC was applied only 
with the MNF-transformed data, and its accuracy was 
almost the same as that of SVM.  

Although SAM is regarded as a good 
classifier, it exhibited poor performance in this study.  
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