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Abstract—One of the most important tasks in urban remote 

sensing is the detection of impervious surfaces (IS), such as roofs and 

roads. However, detection of IS in heterogeneous areas still remains 

one of the most challenging tasks. In this study, detection of concrete 

roof using an object-based approach was proposed. A new rule-based 

classification was developed to detect concrete roof tile. This 

proposed rule-based classification was applied to WorldView-2 

image and results showed that the proposed rule has good potential to 

predict concrete roof material from WorldView-2 images, with 85% 

accuracy.  

 

Keywords—Urban remote sensing, impervious surface, Object-

Based, Roof Material, Concrete tile, WorldView-2.  

I. INTRODUCTION 

RBAN areas have grown rapidly over the past few years. 

Nonetheless, cities only occupy a small portion of the 

earth’s land surface, as in [1]. Urban areas are composed by 

large numbers of natural surface materials that affect energy 

and climate [2], [3], as well as ecological [4], [5] conditions. 

Impervious surface (IS), such as roof material is one of the 

most important land cover types that can affect runoff quality 

and land surface temperature [6], [7]. Several studies have 

demonstrated that urban heat island (UHI) influence is related 

to the amount of IS coverage [8], [9]. 

Detection and assessment of the percentage of IS in the 

heterogeneous urban areas is one of the challenging and 

important tasks in urban RS. Given the effect of IS on the 

environment, attention given to this field of study has 

significantly increased, as in [10], [11].  

Detection of roof material and conditions of different types 

of roof is very valuable, and knowledge on the different types 

of materials can help in certain applications, such as 

determining run off quality [12], disaster preparedness [13], 

and UHI assessment [14]. 

Traditional methods which are based on filed survey are 

very time consuming and costly, and in some urban areas, data 

collection is very difficult due to building security. Remote 

sensing data can play the critical role in providing the 

information of the spatial distribution of IS in urban areas. 
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The rapid growth of cities and the advent of new satellite 

sensors have led to increasing demands for new methods that 

can provide up-to-date information about cities because 

traditional methods are too expensive and time consuming 

[15].  

Very high resolution (VHR) imagery is needed to classify 

the heterogeneity of urban land cover at the parcel level. In 

this study, VHR imagery such as Worldview-2 (WV-2) image 

was used, which, unlike other commercial sensors, contain 8 

spectral bands with high spatial resolution (0.5 m pan 

sharpened). 

 Some studies have used other VHRs, such as Quickbird or 

Ikonos; however, these VHRs have certain limitations on 

spectral resolution, which leads to limitation on built-up and 

non-built-up to split-up, as in [16]. Several studies have shown 

that traditional methods, such as maximum likelihood (ML), 

are insufficient for classifying VHR images [17], [18]. In 

recent years, pixel-based classification has been considered to 

be an incompetent method because of spectral similarity and 

because only spectral information is used using for classifying 

IS in detail [19]. Therefore, other useful information such as 

spatial information should be taken into the account [20], [21]. 

With the aim of extracting and integrating spatial, spectral and 

textural information, the object-based (OB) approach is used. 

Studies show the discrimination between different land cover 

in the urban area is increased with spectral similarity when 

these types of information are employed [22]-[26]. The OB 

classification approaches, in general, show better results 

compared with pixel-based approaches when mapping 

individual landscape features [27].  

The current study aims to detect roof material, especially 

concrete tile, using WV-2 satellite image. The OB approach 

was used to eliminate any misclassification caused by spectral 

similarity and overcome the limitation of spectral information. 

II. METHOD 

A. Study Area 

The test site chosen was in a part of Kuala Lumpur (KL), 

which contains a mixture of historical and modern buildings. 

This area is covered by different type of pervious and 

impervious surfaces. The study area is surrounded by tall trees 

and a large number of different roof materials. Thus the Pan-

sharpened WV-2 image with a 0.5 meter spatial resolution 

with 8 spectral bands was used for chosen area.  
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Fig. 1 Map of Kuala Lumpur, Malaysia

B. Data Set and Pre-Processing  

In this study the Pan-Sharpened WV

spectral bands (coastal, blue, green, yellow, red, red edge, 

NIR1 and NIR2) with 0.5 meter spatial resoluti

as shown in Fig. 2.  

 

Fig. 2 WV-2 imagery over the Kuala Lumpur (False color)

 

Geometric correction was done in the UTM projection 

using zone 47N to correct the inaccuracy between the location 

coordinate of the picture and the actual locatio

the ground. 

C. Processing and Rule Set Development 

The Spectral information was combined with other source 

of information in the image, such as spatial and texture 

information, to get the better results and distinguish between 

similar urban land cover types to improve the classification. 

With the advent of a new generation of commercial high

resolution imagery, use of the OB method has been extremely 

increased, as in [28], [29]. The feature extraction module in 

the ENVI EX software was used in order to apply the OB 

 

 

Fig. 1 Map of Kuala Lumpur, Malaysia 

Sharpened WV-2 images with 8 

spectral bands (coastal, blue, green, yellow, red, red edge, 

NIR1 and NIR2) with 0.5 meter spatial resolution were used 

 

2 imagery over the Kuala Lumpur (False color) 

Geometric correction was done in the UTM projection 

using zone 47N to correct the inaccuracy between the location 

coordinate of the picture and the actual location coordinates on 

Processing and Rule Set Development  

The Spectral information was combined with other source 

of information in the image, such as spatial and texture 

information, to get the better results and distinguish between 

land cover types to improve the classification. 

With the advent of a new generation of commercial high-

resolution imagery, use of the OB method has been extremely 

]. The feature extraction module in 

n order to apply the OB 

approach.  

The most important part of the OB classification is 

segmentation, as in [1]. There are different segmentation 

methods such as region method, edge and pixel. In this study 

the edge method was used because it’s available on

This method only needs one input parameter and it is very 

fast. Another optional step is merging, which is used to 

aggregate small segments within larger segments. 

Image segmentation is one of the essential factor for OB 

because it can convert the classification from pixel to object; 

therefore, the quality of segmentation determination will be 

affected the accuracy of the classification, as in [

segmentation scale must be specified to avoid any kind mixed

object error in the classified image, as in [

scale level and merge level were selected at 30 and 80

respectively as shown in Fig. 

 

Fig. 3 (A) Segmentation at Scale level 30, (B) Merging at Scale level 

80, (C) Result of Merging 

 

In order to define the rule 

the different attributes (which are related to spectral, spatial, 

texture and color information) inherent in the WV

should be defined.  

D. Computing the Attribute 

The benefit of an OO approach is that objects can be 

depicted with a variety of spatial, spectral, texture and color 

attributes. In this study, in order to create the certain rule

detect the concrete roof tile, these four attributes were 

calculated to fully utilize the information which inherent in th

image. One valuable type of information inherent in the VHR 

is spatial information. For this purpose, fourteen spatial 

attributes were extracted from the image.

information to classify the RS data is spectral information. 

Four spectral attributes were extracted for each spectral band 

of WV-2 image. Four attributes were calculated for each type 

of remaining information such as texture and color. In this 

research, 54 attributes were extracted from the WV

E. Accuracy Assessment  

In order to assess the accuracy of spatial distribution of roof 

material extracted from the WV

the training data were collected from the field and allocated to 

The most important part of the OB classification is 

There are different segmentation 

methods such as region method, edge and pixel. In this study 

the edge method was used because it’s available on ENVI EX. 

This method only needs one input parameter and it is very 

fast. Another optional step is merging, which is used to 

aggregate small segments within larger segments.  

Image segmentation is one of the essential factor for OB 

he classification from pixel to object; 

therefore, the quality of segmentation determination will be 

affected the accuracy of the classification, as in [30]. Thus, the 

segmentation scale must be specified to avoid any kind mixed-

ied image, as in [31]. In this study, 

scale level and merge level were selected at 30 and 80 

respectively as shown in Fig. 3.  

 

Fig. 3 (A) Segmentation at Scale level 30, (B) Merging at Scale level 

80, (C) Result of Merging  

In order to define the rule to extract the concrete tile roof, 

the different attributes (which are related to spectral, spatial, 

texture and color information) inherent in the WV-2 image 

 

The benefit of an OO approach is that objects can be 

depicted with a variety of spatial, spectral, texture and color 

attributes. In this study, in order to create the certain rule-set to 

detect the concrete roof tile, these four attributes were 

calculated to fully utilize the information which inherent in the 

One valuable type of information inherent in the VHR 

is spatial information. For this purpose, fourteen spatial 

attributes were extracted from the image. The essential 

information to classify the RS data is spectral information. 

ibutes were extracted for each spectral band 

2 image. Four attributes were calculated for each type 

of remaining information such as texture and color. In this 

research, 54 attributes were extracted from the WV-2 image. 

to assess the accuracy of spatial distribution of roof 

material extracted from the WV-2 image by the OB approach, 

the training data were collected from the field and allocated to 
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the WV-2 images over the KL study area. A standard 

confusion matrix was used to evaluate the classification.  

III. RESULTS AND DISCUSSION 

In order to detect the concrete tile based on the OB 

approach, the WV-2 image was used. Different attributes were 

applied to create the rule-set of OB classification. The result 

shows that 15 were selected over the 54 attributes: band ratio; 

average bands 1, 3, 7 and 8; texture range, entropy and mean; 

maximum value of the pixels comprising the region in band 1, 

2, 5 and 6; minimum value of the pixels comprising the region 

in band 1 and 4, and Majaxislen attribute that can be helpful in 

discriminating between concrete and other roof materials, 

Thus, the new rule set was developed to detect the concrete 

roof tile as shown in table below. 

 
TABLE I 

RULE SET DEVELOPMENT  

If avgband_1 [365.8018, 480.9681] AND bandratio > -0.2665 
 

AND minband_1 < 395.7105 AND maxband_2 < 602.0004 
 

AND tx_mean < 446.9194 AND maxband_1 [310.0321, 569.8611] 
 

AND tx_entropy < 0.1892 AND minband_4 < 514.8199 
 

AND avgband_8 > 273.3808 AND avgband_7 [180.1425, 678.5887] 
 

AND maxband_6 [377.1495, 1015.3998] AND bandratio > -0.2222 
 

AND tx_mean < 400.0000 AND maxband_5 > 187.1194 
 

AND avgband_1 [361.4742, 414.4887] 
 

AND avgband_3 [322.2796, 438.6571] 
 

AND majaxislen > 6.7541, then object belongs to "Concrete_tile ". 

 

The new rule-set was applied on the WV-2 image. Fig. 4 

shows the spatial distribution of concrete tile roof in the study 

area. 

 

 

Fig. 4 (A) Spatial Distribution of Roof Materials in KL Image Based 

on the new rule-set 

The results show that 15 out of the 54 attributes were 

effective in detecting the concrete roof tile which is related to 

the spectral, spatial, texture and color information. In order to 

assess the accuracy, ground truth data were collected via in 

situ observation. The table below illustrates the accuracy of 

new rule set on concrete tile. 
 

TABLE II 

ACCURACY ASSESSMENT USING CONFUSION MATRIX 

 Concrete Non-Concrete Total User’s accuracy 

Concrete 1068 20 1088 98.16% 

Non-Concrete 0 197 197 100% 

Total 1068 217 1285  

Producer’s accuracy 100% 47.58%   

Overall accuracy 85.3576%  Kappa 0.6625 

 

Finally, the results show that the new rule-set can detect the 

concrete roof material with an overall accuracy of 85% in KL 

area with Kappa coefficient of 0.66. Nevertheless, still there is 

some misclassification due to have a spectral similarity in 

texture and illumination of the different roof material. 

The rule-set illustrates good potential for detecting and 

discriminating among different roof types and the concrete 

roof material from WV-2 imagery.  

IV. CONCLUSION  

Due to a wide variety of material, urban area is considered 

as a heterogeneous area. Thus, detection of these materials is 

one of the important tasks in urban remote sensing. Roof 

material is an essential factor of IS, which plays important 

roles in environmental quality.  

The main goal of this study is to develop a new concrete tile 

detecting rule set, using the spectral, spatial, texture and color 

information which is inherent in high spatial imagery. The 

training data were collected based on a field survey from the 

KL area. The OB approach was applied to extract different 

attributes. There were 15 attributes selected out of 54 based on 

their spectral, spatial, textural and color information.  

The experimental results show that this new rule-set can 

detect concrete roof material which is widely used in 

Malaysia. However, there are some limitation on detect the 

concrete roof tile, which affects the final results such as 

shadows and other existence errors. Despite this, overall 

accuracy was 85% and the kappa coefficient was 0.66 which 

was deemed.  

One possible direction in future research is to incorporate 

other types of data, such as UAV imagery or even LiDAR and 

Radar datasets. These can be integrated with the data to model 

different roof materials. In addition this study focuses on 

extraction of different roof types that are mostly used in 

Malaysia. Further work is needed to apply and improve the 

proposed method to extract the difference IS in urban areas 

such as pavement, road, sidewalk and parking lots. 

REFERENCES 

[1] E. Taherzadeh, and H. Z. M. Shafri. "Development of a Generic Model 
for the Detection of Roof Materials Based on an Object-Based Approach 
Using WorldView-2 Satellite Imagery." Adv. in Remote Sens 2013. 

 



International Journal of Information, Control and Computer Sciences

ISSN: 2517-9942

Vol:8, No:10, 2014

1834

 

 

[2] C. L. J. Arnold, and C. J. Gibbons, “Impervious Surface Coverage: the 

Emergence of a Key Environmental Indicator,” J. of Am Plan Assoc, 
Vol. 62, No. 2, 1996, pp. 243-258. 

[3] Z. Sun, H. Guo, X. Li, L. Lu and X. Du, “Estimating Urban Impervious 

Surfaces from Landsat-5 TM Imagery Using Multilayer Perceptron 
Neural Network and Support Vector Machine,” J. of App. Remote Sens, 

Vol. 5, No. 1, 2011. 

[4] T. R. Oke, “Boundary Layer Climates,2nd Edition, Methuen and Co. 
Ltd., Routledge, New York, 1987. 

[5] Y. Yang and P. Pan, “Research on the Impact of Impervious Surface 

Area on Urban Heat Island in Jiangsu Province,” Proceeding of SPIE 
8286, Int. Symposium on Lidar and Radar Mapping, Technologies and 

Applications, Nanjing, 26 May 2011. 

[6] L. Cao, P. Li and L. Zhang, “Impact of Impervious surface face on 
Urban Heat Island in Wuhan, China,” Proceed-ings in Int. Conf. on 

Earth Observation Data Proc. and Anal. (ICEODPA), Wuhan, 29 

December 2008. 
[7] I. J. A. Callejas, A. S. De Oliveira, FC. Durante and M. C. De J. A. 

Nogueira, “Relationship between Land Use/Cover and Surface 

Temperatures in the Urban Agglomeration of Cuiabá-Várzea Grande, 
Central Brazil,” J. of Appl. Remote Sens., Vol. 5, No. 1, 2011. 

[8] D. Lu, and Q. Weng. “Use of impervious surface in urban land-use 

classification”. Remote Sens of Environ. 102(1): 146-160, 2006.  
[9] F. Yuan, and M.E. Bauer. “Comparison of impervious surface area and 

normalized difference vegetation index as indicators of surface urban 

heat island effects in Landsat imagery”. Remote Sens of Environ. 
106(3): 375–386, 2007. 

[10] Q. Weng, “Modeling Urban Growth Effect on Surface Runoff with the 
integration of Remote sensing and GIS”. Environmental Management, 

Vol. 28, No. 6, 2001, pp. 737-748. 

[11] Y. Wang and X. Zhang, “A SPLIT Model for Extraction of Sub-Pixel 
Impervious Surface Information” Photogramm. Eng. and Remote Sens, 

Vol. 70, No. 7, 2004, pp. 821-828. 

[12] S. E. Clark, K. A. Steele, J. Spicher, C. Y. S. Siu, M. M. Lalor, R. Pitt 
and J. T. Kirby, “ Roofing Materials’ contributions to Storm-Water 

Runoff Pollution,” J. of Irrigation and Drainage Eng. Vol. 134, No. 5, 

2008, pp. 638-645. 
[13] S. Bhaskaran, B. Datt, T. Neal and B. Forster, “Hail Storm Vulnerability 

Assessment by Using Hyperspectral Remote Sensing and GIS 

Techniques,” Proc. of the IGARSS Symposium, Sydney, 9-13 July 
2001, pp. 1826-1828. 

[14] A. Szykier, “Extraction of Roof Surface for Solar Analysis,” Maps 

Capital Management, 2008. http://www.mapscapital.com/schoolpowers/ 
media/pdf/RoofSurfaceExtraction.pdf 

[15] U. Rajasekar and Q. Weng, “Urban Heat Island Monitoring and Analysis 

Using Nonparametric Model: A Case of Indianapolis,” ISPRS J. of 
Remote Sens, Vol. 64, No. 1, 2009, pp. 86-96. 

[16] M. Herold, M. Gardner, B. Hadley and D. Roberts, “The Spectral 

Dimension in Urban Land Cover Mapping from High-Resolution 
Optical Remote Sensing Data,” Proceedings of the 3rd Symposium on 

Remote Sen. of Urban Areas, Istanbul, June 2002. 

[17] P. Wang, X. Feng, S. Zhao, P. Xiao and C. Xu, “Com-parison of Object-
Oriented with Pixel-Based Classification Techniques on Urban 

Classification Using TM and IKONOS Imagery,” Proc. in SPIE 6752, 

Geoinformatics, Nanjing, 26 July 2007. 
[18] E. Taherzadeh, H. Z. M. Shafri, S. H. K. Soltani, M. Shattri and R. 

Ashurov, “A Comparison between different Pixel-Based Classification 

Methods Over Urban Area Using Very High Resolution Data,” ASPRS 
Annual Conf., Sacramento, 19-23 March 2012. 

[19] S. V. D. Linden, A. Janz, B. Waske, M. Eiden and P.Hostert, 

“Classifying Segmented Hyperspectral Data from a Heterogeneous 
Urban Environment Using Support Vector Machines,” J. of Appl. 

Remote Sens. Vol. 1, No. 1, 2007. 

[20] D. Chen, D. A. Stow and P. Gong, “Examining the Effect of Spatial 
Resolution and Texture Window Size on classification Accuracy: An 

Urban Environment Case,” Int. J. of Remote Sens. Vol. 25, No. 11, 
2004, pp. 1-16. 

[21] L. Wang, Q. Dai, L. Hong and G. Liu, “Adaptive Regional Feature 

Extraction for Very High Spatial resolution Image Classification,” J. of 

Applied Remote Sens. Vol. 6, No. 1, 2012. 
[22] Wang, P., Feng, X., Zhao, S., Xiao, P., and Xu, C, “Comparison of 

object-oriented with pixel-based classification techniques on urban 

classification using TM and IKONOS imagery.” Proc. In SPIE 6752, 
Geoinformatics: Remote Sens. Data and Info. Nanjing, China , May. 25, 

2007. 

[23] Gong, P., Marceau, D.J., and Howarth, P.J, “A comparison of spatial 

feature extraction algorithms for land-use classification with SPOT HRV 
data.” Remote Sens of Environ. 40(2): 137–151, 1992. 

[24] Shackelford, A. K., and Davis, C.H, “A combined fuzzy pixel-based and 

object-based approach for classification of high-resolution multispectral 
data over urban areas.” IEEE Transa Geoscience and Remote Sens. 

41(10): 2354–2363, 2003. 

[25] Wang, L., Dai, Q., Hong, L., and Liu, G, “Adaptive regional feature 
extraction for very high spatial resolution image classification.” J. of 

App. Remote Sens. 6(1): 063506, 2012.  

[26] Goetz, S.J., Wright, R.K., Smith, A.J., Zinecker, E., and Schaub, E., 
“IKONOS imagery for resource management: tree cover, impervious 

surfaces and riparian buffer analyses in the mid-Atlantic region.” J. of 

Remote Sens. of Environ. 88(1): 195–208, 2003. 
[27] Lu, D., and Weng, Q., “A survey of image classification methods and 

techniques for improving classification performance.” Int. J. of Remote 

Sens. 28(5): 823–870, 2007. 
[28] U. C. Benz, P. Hofmann, G. Willhauck, I. Lingenfelder and M. Heynen, 

“Multiresolution, “Object-Oriented Fuzzy Analysis of Remote Sensing 

Data for GIS-Ready Information,” ISPRS J. of Photogramm. and 
Remote Sens. Vol. 58, No. 3-4, 2004, pp. 239-258. 

[29] L. Wang, W. P. Sousa, P. Gong and G. S. Biging, “Comparison of 

IKONOS and QuickBird Images for Mapping Mangrove Species on the 
Caribbean Coast of Panama,” Remote Sens. of Environ. Vol. 91, No. 3-

4, 2004, pp. 432-440. 

[30] Liu, D., and F. Xia. “Assessing Object-Based Classification: Advantages 
and Limitations.” Remote Sens. Letters 1 (4): 187–194, 2010. 

[31] A. Hamedianfar, H. Z. M. Shafri, S. Mansor, and N. Ahmad. "Improving 
detailed rule-based feature extraction of urban areas from WorldView-2 

image and lidar data." Int. J. of Remote Sens. 35, no. 5: 1876-1899, 

2014. 
 

 

 

 

Ebrahim Taherzadeh Mobarakeh graduated with a Bachelor’s Degree in 

Natural resource engineering from IAU (Islamic Azad University) in 2003. He 
completed his Master’s degree in Remote Sensing & GIS from Universiti 

Putra Malaysia (UPM) in 2009 and his Ph.D. in spatial information 

engineering in 2014. His Ph.D thesis was in the development of generic 
models to extract the roof materials using high spatial resolution satellite 

imagery.  

He is currently a remote sensing specialist at Ground Data Solutions 
research & development, a pioneer in LiDAR survey mapping in Malaysia. 
His research interests are remote sensing, pattern recognition, and 

signal/image processing. 
 

Helmi Z. M. Shafri graduated with Bachelor’s Degree in Surveying from 

RMIT University, Australia in 1998. He completed his Ph.D in Remote 
Sensing from The University of Nottingham, UK in 2003. Now he is the Head 

of Department of Civil Engineering, Faculty of Engineering, Universiti Putra 

Malaysia (UPM). He is currently involved in research related to algorithm 
development and new applications of high spectral and high spatial resolution 

remote sensing data in urban environment. 

 
Kaveh Shahi graduated with Bachelor’s Degree in Surveying from IAU 

(Islamic Azad University) in 2008. He completed his Master’s degree in 

Remote Sensing and GIS in 2011 From Universiti Puta Malaysia (UPM). He 
is currently PhD candidate in Remote Sensing at UPM.  

 

 


