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ABSTRACT: 

 

This paper presents a methodology for recognizing, identifying and classifying built objects in dense urban areas, using a morpho-

spectral approach applied to VNIR/SWIR hyperspectral image (HySpex). This methodology contains several image processing steps: 

Principal Components Analysis and Laplacian enhancement, Feature Extraction of segmented build-up objects, and supervised 

classification from a morpho-spectral database (i.e. spectral and morphometric attributes). The Feature Extraction toolbox 

automatically generates a vector map of segmented buildings and an urban object-oriented morphometric database which is merged 

with an independent spectral database of urban objects. Each build-up object is spectrally identified and morphologically characterized 

thanks to the built-in morpho-spectral database.  

 

 

1. INTRODUCTION 

Urban areas are characterized by a large variety of geographic 

objects and spatial forms: communication infrastructures such 

as roads, highways, ports and airports, agricultural areas, 

industrial or commercial zones, collective or individual 

housing, green areas, etc. All these objects, which structure 

urban territories, generate a spatial and spectral heterogeneity 

characterized by a large panel of forms, textures, geometries 

and spectral signatures that are recovered by the remote 

sensing techniques. In urban context, the complexity of 

spectral signatures is due to the heterogeneity of roofing 

materials, built areas, density, open spaces, tree cover, 

gardens, building height, type of architecture, etc. The spatial 

and spectral heterogeneity in urban context makes the 

recognition of urban objects even more complex. 

 

For many years, the recognition and identification of 

buildings as housing was often difficult using spectral 

classification due to the limited spectral resolution of the 

sensors (e.g. Herold et al., 2002; Kärdi, 2007; Herold and 

Roberts, 2010), but with the emergence of the hyperspectral 

sensors many studies exposed the efficiency of these type of 

sensors in the urban materials recognition (e.g. Heiden et al., 

2001; Heiden et al., 2007; Heldens et al., 2011). Moreover, 

the use of texture characters into urban objects can improves 

the level of recognition, extraction and identification of build-

up areas (e.g. Ober et al., 1997; Myint et al., 2006; Plaza et 

al., 2007). In this study we wanted to take advantage of both 

spectral and morphological aspect of remote sensing objects 

to better identify and characterize them in a dense urban 

context. For this purpose a HySpex hyperspectral image of 

408 spectral bands and a spatial resolution of 1.6m is used, the 

study zone is located in France (city center of Toulouse). 

 

The use of spectral attributes (e.g. Chein-I Chang, 2000; 

Behling et al., 2015) in addition to morphometric ones (Gadal, 

2011) or to morphological operators (e.g. Shaban and 

Diskshit, 1999; Longley and Mesev, 2000) makes it possible 

to recognize, differentiate and identify accurately discrete 

buildings. The methodology presented here is based on two 

major process; 1) objects identification using a spectral library 

and 2) objects identification using a morphological library. 

The morphological library could be generated by intermediate 

symbolic representation (ISR) (e.g. Gauthier, 1999; Mohan 

Kumar and Nagendraswamy, 2011) or using morphological 

toolbox (i.e. Feature Extraction, ENVI exelisvis 2008). In this 

study the Feature Extraction toolbox is used to generate the 

morphological attributes, the method as applied to the 

recognition and identification of build-up land makes it 

possible to generate two object-oriented databases: (1) a 

vector database of each recognized object, and (2) a geometric 

attributes database (i.e. morphometric database) in which, to 

each recognized built object are associated a number of 

geometric measurements such as texture, compactness, 

connectedness, voids, surface area, number of edges, 

boundaries, etc. The morphometric database (Gadal, 2012) 

will be enriched with a spectral one containing a variety of 

urban objects spectral attributes (e.g. spectral resolution/rate, 

temporal resolution, ground sample distance). 

 

2. Method 

The goal of this novel image processing approach is to 

propose an accurate identification and characterization of 

urban objects in dense urban context using a morpho-spectral 

database (Figure 1). The first sequence of image processing 
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consists in enhancing the visual recognition of the build-up 

areas by a pre-processing step (optional), the second step 

consists in generating a morpho-spectral database, the third 

sequence consists in identifying urban objects by 

morphological and spectral classification. The fourth step 

consists in merging the 2 objects identification methods to 

have an efficient characterization of the socio-economic urban 

classes. 

 

 
 

Figure 1. Image processing sequence 

 

3. Morphological objects identification 

 

3.1. Structural segmentation 

 
We have used structural segmentation, to divide the image 

into polygons of connected pixels; each polygon can be 

affected to a certain class or a certain material.  

The segmentation algorithm (Jin, 2012) consists in: 

computing the gradient of the image, computing a cumulative 

distribution from the generated map, modifying the map using 

a scale level option and segmenting the map using a 

watershed transform (Roerdink and Meijster 2001). In a 

second step we have applied a merge algorithm to improve the 

delineation of the segments boundaries using the Full 

Lambda-Schedule algorithm (Crisp et al, 2012). 

 

Before applying the structural segmentation method, a pre-

processing step of the images is done (i.e. only when 

classifying the image using spatial attributes). The purpose of 

the pre-processing sequence is to obtain a sharper 

discrimination of build-up objects by using statistical 

operators (orthogonal transformation and convolution). Pre-

processing increases the differentiation between non-

built/buildings, and between built-up areas. Their extraction 

during structural segmentation, more particularly in dense 

areas, is thus facilitated. The methodology is based on the 

application of a Principal Component Analysis (PCA) first, 

then a convolution Laplacian filter (5x5 windows) positioned 

on the first principal component of the HySpex image (Figure 

2).  

 
 

Figure 2. HySpex filtered hyperspectral data (Enhancement by 

PCA and Laplacian convolution filter) 

 

After the image enhancement step, the pixels of the image are 

grouped into segments using a structural segmentation 

algorithm, with a possibility to control the scale and merge 

level (Figure 3). The segmentation step permits to classify 

pixels into polygons, each polygon is characterized by its own 

attributes.  

 

 
 

Figure 3. Segmented HySpex image 

 

3.2. Morphological attributes 

 
The second sequence of image processing consists in: (1) 

generating a morphometric measure of each building, and (2) 

producing an urban building object-oriented database. The 

measure of their geometries and morphologies, and the 

generation of the urban object-oriented database are processed 

by the Feature Extraction toolbox proposed by ENVI (i.e. 

generation of a morphological attributes of each segmented 

polygon. 

 

These attributes are classified into 3 classes (radiometric, 

spatial and textural attributes). The segmented image could be 

classified using the extracted attributes. The radiometric 
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attributes are calculated for each spectral band (i.e. 

radiometric attributes of each polygon), concerning the spatial 

and textural cases, the attributes are calculated directly from 

the segmented polygons and the spectral dimension is not 

required. For each selected attribute, the histogram of the 

attribute values is generated and the classification is done 

using a data range threshold. 

 

3.3. Morphological classification 
 

To identify the built-up area any class of attributes can be 

used, we have tested the 3 classes of attributes: radiometric, 

spatial and textural. Concerning the radiometric attributes, we 

have selected the spectral mean attribute which is the 

reflectance mean of each calculated polygon; it’s possible to 
choose any spectral band to process the classification. We 

have used the band 414 nm, where the urban materials are 

well identified visually and not much correlated spectrally 

with other materials. 

 

Concerning the textural attributes we have used the textural 

mean at band 414 nm, the textural attributes are calculated by 

the application of pre-defined kernels, the textural mean 

correspond to the pixels mean inside the kernel. The urban 

objects are well identified according to their textural attributes 

(Figure 4). For special textural features the data range must be 

modified, big social structure (e.g. shopping mall, parking, 

theater) could be identified using textural attributes (Figure 4). 

 

 
 

Figure 4. Urban objects identification using textural attribute 

(texture mean) 

 

Concerning the spatial attributes, we have used the length 

attribute. The length is a measure of the boundary of the 

segmented polygons, other attributes can be cited; the area, 

the roundness, convexity, compactness, elongation, 

rectangular fit. These attributes have to be chosen carefully, 

following the forms and objects to be identified. In an urban 

context several forms could be found, and the use of these 

spatial attributes could be useful for the urban objects 

recognition. Concerning our test zone, the length zone seemed 

well suited to recognize the different boundary of the urban 

objects. The boundary identification differs according to the 

chosen data range threshold (Figure 5). The data range has to 

be tuned depending on the object surface (i.e. big object, 

small objects). 

 

 

 

 

 
 

Figure 5. Urban objects identification using spatial attribute 

(length) with 2 different data range thresholds 

 

To identify vegetation we have used the textural attributes and 

calculated the textural range of the pixels identified in each 

polygon, the processing was done using band 414 nm. The 

vegetation emissivity is not elevated in this band in contrary 

to urban materials and roads, but it has a particular texture and 

could be recognized using textural data range (Figure 6, in 

green). 

 

To identify roads we have used the spectral mean radiometric 

attribute at band 414nm. The asphalt emissivity is enough 

elevated in this band; the recognition could be done using a 

specific range of spectral values, we have also filtered the 

vegetation using the textural range attribute, due its 

correlation with roads at band 414 nm. The roads are well 

recognized using the spectral mean (Figure 6, in red). 

 

The efficiency of the morphological classification results 

could depends on many factors; the level of adjustment of the 

used attributes, the concordance of the attribute to the objects 

of interest, the combination of several attributes. The 

attributes must be chosen and combined carefully regarding 

the objects of interest.    

 

 
 

Figure 6. Vegetation (green) and roads (red) classes identified 

by textural classification 
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4. Spectral objects identification 

 

4.1 Spectral database 
 

In parallel of the morphological database, a spectral one was 

generated directly from the HySpex image, by extracting the 

major pure classes and their relative spectra, which are: roads, 

shadowed roads, vegetation, roofs, shadowed roofs, high 

emittance roofs. Each class was composed of at least 4 

training spectra to perform the supervised spectral 

classification. The method is planned to incorporate an 

autonomous spectral database of laboratory and field 

campaigns urban objects. 

 

4.2. Supervised classification 

 

To identify the build-up areas we have used two classical 

classification methods; Minimum Distance (Richards and Jia, 

1999) and Spectral Angle Mapper (SAM) (Kruse et al, 1993). 

The first classification is a supervised one based on the 

selection of Regions of interest (ROI) and combined with the 

minimum distance algorithm. In a second steps we wanted to 

take advantage of the high spectral resolution of the HySpex 

image, so we used a spectral classification based on the SAM 

algorithm to recognize the built-up areas regarding their 

spectral attributes. To do that, we have used the spectral 

database as an input of the SAM method. We have in a second 

step merged the results of the two classification methods, 

below, the final classification result (Figure 7). 

 
 

Figure 7. Generation of vector map of buildings (i.e. object 

sets) identified by supervised classification. 

 

To recognize vegetation and roads, we have used the SAM 

method. Vegetation is well identified using 4 reference 

spectra extracted from the HySpex hyperspectral image 

(Figure 8, in green). Roads are also well identified as long as 

we take enough representative spectra (Figure 8, in red), 

because road spectra are not homogeneous and can be 

particularly affected by shadow in certain area. In this 

example we have taken only 5 reference spectra in shadowed 

and non-shadowed areas. 

 
 

Figure 8. Vegetation (green) and roads (red) classes identified 

by supervised classification 

 

 

4. Classification by morpho-spectral database 

The last sequence of image processing concerns the 

classification and categorization of buildings according to 

their spectral, statistical and geometrical attributes (i.e. 

characters) registered in the morpho-spectral built-up spectral 

and object-oriented database. A hierarchical ascendant 

classification method combined with a spectral identification 

method was applied for calculating clusters and generating a 

typology of the shapes of buildings. The goal is to take 

advantage of both spectral and morphological attributes of 

urban objects (Figure 9). 

 

 
 

Figure 9. Classification of building types regarding their 

morphometric and spectral attributes 
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5. Socio-economic urban classes’ identification 
 

The example below (Figure 10), illustrates a typology of the 

attended morpho-spectral classification of urban objects. The 

morpho-spectral database will be very useful in the urban 

objects identification process, the objects will be identified 

and characterized regarding their spectral and morphometric 

attributes. In our example we have made a global 

identification of the urban materials by spectral classification 

(Figure 10, in yellow), then we have extracted 2 sub-classes 

by morphological classification (Figure 10, in magenta and 

blue), these sub-classes were recognized by textural attributes 

(texture mean) at bands 414 nm for the magenta class (i.e. 

complex and large forms) and 741 nm for the blue class (i.e 

compact forms). The urban classes map (Figure 10) was 

generated by superposing the 2 urban sub-classes to the global 

urban map. We can divide the recognized urban objects into 

three classes; big structures with complex form (e.g. shopping 

mall, big parking, commercial activities, university campus) 

(Figure 10, in magenta), big enough structures with classical 

architecture (e.g. library/covered swimming pool, opera, 

theatre, museum, religious building, administrative building) 

(Figure 10, in yellow), mean structure with simple form and 

long shape (e.g. residential/professional building, 

shops/services) (Figure 10, in blue). The test zone is a part of 

an image acquired over the city center of Toulouse in France, 

the method will be applied later on the complete image set 

and other classes are excepted to be identified using our 

method; airports, train stations, industrial sites, etc. 

 

 
 

Figure 10. Identification of the socio-economic functions of 

buildings based on their morpho-spectral attributes: shopping 

mall/parking's (magenta), cultural/religious/administrative 

building (yellow), residential/professional building (blue) 

 

 

4. Conclusion 

This paper present an original method based on the use of a 

morpho-spectral database to classify the objects in a dense 

urban context. The use of morphological approach to classify 

object is an interesting concept that take advantage of the 

objects geometry. The concept could be enhanced and 

optimized by introducing some spectral attributes in addition 

to the geometry; the objects could be identified and 

characterized more accurately. The use of ontological object 

characters (i.e. attributes) such as statistics and geometry for 

recognition, mapping, identification and categorization 

involves applications in the fields of urban climatology (e.g. 

Su et al, 2008), geomorphology and hydrology (e.g. Dragut 

and Blaschke, 2006;  Anders et al., 2011), and, at times, urban 

geography for the characterization of the attributes of 

buildings (Carneiro et al, 2010).The  spectral attributes have 

been used in environmental contexts; recognition of asbestos-

cement roofing (Bassani et al., 2007), recognition of 

hazardous materials (Cavalli et al., 2009), and for urban 

characterization; classification of urban materials (Kotthaus et 

al., 2014). Morphological approaches make it possible to 

reduce the spatio-temporal and seasonal variability found in 

the spectral responses of objects (Nichol, 1996) and spectral 

approaches permits to go beyond the form recognition and 

give us the possibility to recognize the object nature. The use 

of a morpho-spectral approach could be very useful in the 

identification and characterization of urban objects due to the 

complexity of the urban context. These aspects can serve as a 

basis for developing reproducible analytical methodologies 

for urban territories, and for recognizing one major socio-

economic indicator: urban built objects (Gadal, 2002). The 

methodology is expected to be updated and enhanced and is 

planned to be applied to dense urban areas in France 

(Toulouse and Amiens) and Lithuania (Kaunas) using 

different sensors types in addition to HySpex (Sentinel - 2 and 

PLEIADES and ThemisVision VNIR 400T).  
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