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Abstract 

This paper explores the recognition uncertainty of urban objects by multiband imagery. The 
purpose is to recognize the urban objects by their spectral signature, using an external spectral 
library. Two Vis-NIR images were used for the study: a four bands Kompsat-2 multispectral 
image and a 16 bands �������	
 airborne hyperspectral image, two supervised classifiers were 
tested; a spectral based classifier, called the Spectral Angle Mapper (SAM), coupled to an external 
spectral library and a machine learning based classifier called the Support Vector Machine 
(SVM), in a second step the classification results obtained by the two classifiers were merged, the 
goal was to take advantage of both techniques, to optimize the classification result. The classifiers 
performance and the objects recognition feasibility were discussed for both images. 
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I. INTRODUCTION 

The cities space structure and territories result in a heterogeneous spatial and spectral mosaics of 
objects, which are combination of different manmade materials, urban vegetation species, and 
street networks. The recognition and characterization of urban objects becomes a difficult task in 
remote sensing image processing, requiring the uses of powerful data processing methods (e.g. 
Baillard et al, 1998). The use of multiband imagery is one of the approaches for identifying 
objects and urban space structures (e.g. Benediktsson et al, 2005), since it offer a precise 
characterization of the objects thanks to their spectral signatures. Two methods were selected for 
this study to deal with the complex context of urban objects recognition and classification. The 
first method called the Spectral Angle Mapper (SAM) (Kruse et al, 2003) is a simple and 
powerful classifier which is based on metric calculation, which is the angle formed between a 
spectral reference and a given pixel, each pixel is then classified depending on the value of the 
measured metric. Usually, the SAM method is applied using training samples acquired from the 
image, nevertheless, the sampling process could be complicated due to the presence of mixed 
pixels or to a lack of ground truth knowledge (e.g., Nidamanuri & Zbell, 2011). For this study, we 
used an external spectral library of urban materials in addition to the image-based spectral 
sampling. The use of such libraries in the exploitation of hyperspectral data is a growing and 
promising approach (Hueni et al, 2009; Zomer et al, 2009; Kotthaus et al, 2014). The second 
method called the Support Vector Machine (SVM) (e.g. Wu et al, 2004; Hsu et al, 2010) is a 
powerful classification method based on a machine learning algorithm, the method use training 
samples acquired from the image, to build optimal surfaces called the hyperplanes, and assign the 
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image pixels to these hyperplanes. Both classifiers were tested on the multispectral and 
hyperspectral images. Many study have tested and compared the efficiency of these method for 
urban land cover detection, burned areas detection, agricultural crops recognition, and geology 
mapping (e.g., J. Murphy et al, 2012; Hegde et al, 2014; Anggraeni & Lin, 2014). However, the 
��	��
������
���	�
������	
��	��
made. The second part of this work concerns the fusion of 
the SAM and SVM classification results, to enhance the overall classification accuracy and to take 
advantage of both methods.  

II. STUDY ZONE AND MATERIALS 

The study zone concerns the city of Kaunas (Lithuania) which is characterized by a large variety 
of ����
��������	
 �������
 ������
��������	�
 �������	
 �������
 ����	�
 �������	�
 ��
����

vegetation. For the study we used a 16 bands airborne hyperspectral image acquired over the city 
centre of Kaunas, the camera includes a Finnish Vis-NIR sensor (RICOLA LTD), with a spectral 
range of 500-900nm, and a spatial resolution of 1m2.�  In addition to the hyperspectral image we 
used a 4 bands multispectral KOMPSAT-2 image, with a spectral range of 500-900nm, and a 
spatial resolution of 16m2. Both images were originally of radiance. They were converted to 
reflectance using a MODTRAN 4 radiative transfer model (Matthew et al, 2000). 

To characterize the urban materials of the city, a spectral library was generated over Kaunas in 
July 2015. The spectral measurements were done in a black room using the superspectral Themis-
Vision VNIR400H imaging camera (Fig 1.a). The sensor was developed by the NASA at the John 
Stennis Space Center. The camera is able to measure the electromagnetic radiation from 400 nm 
to 1000 nm using 1000 narrow bands; the spectral resolution is equal to 0.6 nm. The collected 
spectra were converted to relative reflectance values; using a standard white reference panel (99% 
of the Avian Technologies LLC white reference panel). The relative reflectance is equal to the 
brightness ratio of the sample grid to the white reference panel grid, multiplied by the standard 
spectral reflectance values (99%). The library includes thirty common urban materials, including 
�������	
�������l, roads, and vegetation types (Fig 1.b). 

 

Figure 1: a) Themis Vision superspectral camera, b) Common urban objects in Kaunas city center 
(Lithuania) measured in laboratory. 
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In addition to the spectral library, we used a Geographic Information system (GIS) over the same 
study zone including ���
 ����������	
 �����
 ���
 ����
 ��������	
 �����
 ������
 ��������
 �����

color, date of acquisition, state) collected over Kaunas from December 2015 to March 2016. The 
GIS was used to validate the classification results and as a decision tool to extract training 
samples -if needed- for the classifications process.   

III. IMAGE PROCESSING METHODS 
 

a. PRE-TREATMENTS   

Multiband images and spectral library were both converted to reflectance, concerning the images, 
an atmospheric correction using the Flaash module (Exelis Visual Information Solutions) were 
conducted, the correction is based on a modified version of the MODTRAN 4 radiative transfer 
code. Mid-latitude summer atmospheric model, 820 nm water feature, and no predefined aerosol 
parameters were used. The aerosol amount in air was estimated by visibility and was set to 40 km.  

Concerning the spectral library, the relative reflectance was calculated with the Themis-Vision 
camera software, using  a white reference panel that have a reflection coefficient of 99%, the 
relative reflectance value for a given pixel is then expressed as the brightness ratio of the sample 
grid to the white reference panel grid, multiplied by the standard spectral reflectance values (99%) 
(see Eq 1). 

������������������� � ����	
��
������������

� � �����                             (1) 

b. CLASSIFICATION  

Two classification methods were used for this study, which are the SAM and SVM, concerning 
the SAM method, the algorithm is based on a spectral classification scheme, and uses metric 
calculation. This is a powerful tool that permits to distinguish the classes by their spectral 
signatures. It decreases the shade influence to enhance the targets detection, and it di���
require 
any statistics about the distribution of the data. The metric used is the spectral angle � between a 
reference spectrum y and an unknown spectrum x following this equation (see Eq 2): 

���� �� � � !!"# $ %&�'(
))&))))'))* �����������+ , � , -

.                     (2) 

Where %/ / � / / ( is the dot product and ))/ / )) is the 2-norm operator, smaller � value indicate better 
match between x and y. 

Concerning the SVM method, the algorithm is based on machine learning theory, below we 
introduce briefly the problem formulation, introduced by Vapnik (Vapnik, 1995) (see Eqs 3 and 
4). Considering a two class problem in n dimensional space Rn�
 ����	
�		���
 l training samples 
�0 1 23 with their corresponding labels �0 1 456� 768, the method consists in finding the optimal 
hyperplane (i.e. surface) that separates the classes and maximizes the margin between them (i.e., 
distance to the closest training data points for both classes). The closest training data points to the 
hyperplane are called support vectors. We used the Radial Basis Function as a Kernel, the penalty 
parameter that controls the margin rigidity and misclassification was set to 100, no pyramidal 
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levels were fixed. The image was processed at full resolution without rescaling. The hyperplane 
was derived following Lagrangien problem below: 

9:;<9<=>�?�@� �A @0 5 B
.A @0@C�0�CD��0� �C�E

0�CFB
E
0FB       (3) 

With the constraint: + , @0 , G��H�I 1 J6� KL and A @0�0E
0FB � +, the normal vector of the 

hyperplane which give the maximal margin is given by: 

                             M � A @0�0�0E
0FB                                     (4) 

Where C is the penalty parameter, K is the Kernel function, and @0 is non-zero vectors called the 
support vectors.  

c. METHODS IMPLEMENTATION 

In this study we present two classification strategies: a simple classification based on the separate 
use of SAM and SVM, and a classification based on the merging of SAM and SVM methods (Fig 
2). The first step concerns the image pre-treatments. The radiance images are converted to 
reflectance using the MODTRAN 4 model; the multiband images generated by the laboratory 
camera Themis Vision were also converted to reflectance using the camera software (Hyper 
Visual Imaging Systems, Themis Vision Systems). The second step concerns the application of 
SAM and SVM methods. The SAM is coupled to an external spectral library in addition to an 
image-based library. The SVM is coupled to GIS database for a precise acquisition of training 
samples. The classification is followed by an artifact elimination to enhance the results 
interpretation and to delete some misclassified pixels. The last step concerns an original fusion 
strategy between the SAM and SVM which is guided by statistical accuracy indicators and ground 
truth knowledge.  

 

Figure 2: Method implementation 
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a. CLASSIFICATION OF HYPERSPECTRAL RICOLA IMAGE 

Concerning the SAM method, the results (Fig 3.a) reveal good identification of tile and red 
������
�����
�������	. The recognition is carried using the spectral library, nevertheless old tile 
with altered color was hardly recognizable by SAM, the incorporation of spectral samples of old 
tile to our library should enhance the detection of tile material. White painted metal and dark 
painted �������	
���
recognized by spectral training samples extracted from the image; they were 
almost well recognized both. The trees are well recognized but sometimes confounded with grass. 
The pavements are weakly detected due to their high correlation with asphalt. A	��	��	
�������	

are not detectable due to their high correlation with roads. The results are evaluated by the Kappa 
coefficient and overall accuracy, which are respectively of 0.47 and 54%. The classification 
performance is moderately accurate due to the weak detection of some materials (i.e. vegetation 
and pavements mainly). 

Concerning the SVM method, the results (Fig 3.b) reveal a good identification of both recent and 
old tile, nevertheless, an overestimation is observed, and the ���
 	����
 �������	
 are often 
misclassified with tile. The recognition is altered compared to the SAM results for this material. 
�����
 	����
 �������	�
 ����
 	����
 �������	�
 ��
 �����ent are better recognized with SVM, the 
����	
���������	 
��
���		
���
������
	���������
��������	
����	
�������
�e detected due to the 
lack of dedicated validation points. Theoretically the SVM performs better than SAM, with a 
Kappa coefficient and an overall accuracy of respectively 0.79 and 82%. Nevertheless the 
algorithm tends to overestimate the pixels compared to the SAM. In the next step, the results of 
SAM and SVM will be merged to take advantage of both techniques. 

 

Figure 3: Urban materials classification using a) SAM, b) SVM and c) SAM and SVM fusion. 

The merging of the SAM and SVM (Fig 3.c) is done following the observations noticed 
previously. The SVM tends to overestimate the pixels classes for materials that are not 

Proceedings of Spatial Accuracy 2016 [ISBN: 978-2-9105-4510-5]

 
105 / 366



�

homogeneous in color or not highly reflective�
�����
�	
���
��	�
��
����
��
���
	����
�������	 (Fig 
3.b). These materials were detected with SAM method (Fig 3.a). The SVM estimates correctly the 
������
 ����������
 ��������	
 �����
 �����
 �������	�
 �������	 
 ��
 ���
 ��������	
 �����
 ���

homogeneous in color �����
 ����������
 	���
 ��
 ���
 ����
 �������	  (Fig 3.b). The white steel 
�������	�
���
����
	����
�������	�
���
�������	
��
���
���������
���� classified by SVM. The 
classification of coniferous trees was only possible with SAM, thanks to the spectral library (Fig. 
3.a). The combination of SAM and SVM results (Fig 3.c) offered and interesting and precise 
pattern of urban materials over Kaunas city, with reasonable performances in terms of estimation 
indicators; the Kappa coefficient and overall accuracy were respectively of 0.71 and 75%. 

b. CLASSIFICATION OF MULTISPECTRAL KOMPSAT-2 IMAGE 

Concerning the SAM method, the results (Fig 4.a) reveal a correct identification of tile and red 
������
�����
�������	. The recognition is carried using the spectral library, an over estimation of 
the clay is noticeable. The detection of �����
	����
�������	
�	
��	�
��		����. The detection of dark 
	����
�������	
��
�	��	��	
�������s is not possible using this 4 bands image. The pavements are 
partially detectable. Trees are detected partially and sometimes confounded with grass. The results 
are evaluated by the Kappa coefficient and overall accuracy, which are respectively of 0.48 and 
57%, the classification performance is moderately accurate. 

Concerning the SVM method, the results (Fig. 4.b) reveal a good identification of tile with 
moderate correlation with other materials. The red steel is weakly detected, in the other hand; the 
�����
	����
�������	
and pavements are almost correctly detected, as for the SAM method, dark 
	����
 �������	
 ��
 �	��	��	
 �������	
 �������
 ��
 ��������
 �ith this image. Concerning the 
vegetation; grass and trees are well distinguished, with an overestimation that could be noticed for 
the grass in comparison to the SAM method. Theoretically, the SVM method performs better than 
SAM, with a Kappa coefficient and an overall accuracy of respectively 0.8 and 84%. In the next 
step the SAM and SVM methods will be merged together. 

 

Figure 4: Urban materials classification using a) SAM, b) SVM and c) SAM and SVM fusion. 
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The SVM shows a better identification of tile, pavements and vegetation than SAM (Fig 4.b). The 
���
 	����
 �������	
 �	
 ������
 ��������
����
 !"# (Fig 4.a)�
 ���
�����
 	����
 �������	
 ��������
 �	

correctly done with both methods. So both class of �����
	����
�������	 are merged. The fusion of 
SAM and SVM (Figure 4.c) seems homogeneous in terms of class repartition with an accurate 
theoretical accuracy; the Kappa coefficient and overall accuracy were respectively of 0.81 and 
85%. 

V. CONCLUSION AND PERSPECTIVES 

This study explored urban objects recognition using multiband imagery with two classification 
methods tested: the SAM and the SVM. The results obtained by both methods are merged to 
enhance the classification accuracy in a second step of processing. The SAM and SVM showed 
encouraging results in terms of detection ����
�������	
16 bands hyperpsectral image. Concerning 
the SAM, the materials ����
�����	���
������$���
���������		
���
�%�����
�������
�������
�����

all urban materials at the moment, therefore, image-based spectra have been used in addition to 
the spectral library to initialize the SAM. The overall accuracy of SAM was moderate due to non-
sufficient detection of vegetation and pavements, the method accuracy is also sensible to the 
maximum angle affected to each class, which is tunable. Concerning the SVM, the method 
requires longer processing time than SAM, nevertheless it presented a better accuracy in terms of 
overall accuracy. The method inclines to overestimate certain classes, especially tile and 
vegetation. The results must be carefully examined and compared to ground truth knowledge 
before validation. In a second step we merged the SAM and SVM results. This fusion presents an 
encouraging opportunity for hyperspectral classification, and permits to overcome the limitations 
of both methods, while preserving an acceptable overall accuracy. 
In addition to the hyperspectral image, we have tested our methods on a 4 bands multispectral 
image. The SVM seemed more suitable and powerful to process multispectral images than SAM. 
The moderate spectral resolution of the image is not suited for metric based classification. The 
fusion of SAM and SVM enhanced however -slightly- the overall accuracy and enhanced the 
identification of some materials (e.g. ���
	����
�������	). The enrichment of the spectral library 
will probably enhance the SAM classification performances. 
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