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ABSTRACT 

The new satellites sensors such as GeoEye , WorldView and Ikonos , provide new data for better 

delineation,  detection, and visualization of Land cover changes. Several techniques have been 

proposed and developed for change detection automatically. The main aim of this research is to 

assess the use of very high-resolution satellites images in monitoring land cover changes in Egypt.  

Five change detection techniques have been tested using Ikonos and ‎WorldView images. The 

techniques considered are image difference, image ‎ratio, principal component analysis, post-

classification comparison, and multi-‎date direct classification. The accuracy of each technique is 

evaluated via the overall accuracy and kappa coefficient. The results showed that the ‎principal 

component analysis technique produced more accurate change detection ‎map compared to other 

methods. Also, it was found that changes from vegetation ‎to urban in the study area are greater than 

changes from bare soil to vegetation. ‎ 

Keywords: change detection, very high-resolution, object-based. 

1.  Introduction 

Change Detection (CD) is the process of distinguishing differences between two sets of 

images taken at different times for the same area. Land cover change detection from Very 

High-Resolution (VHR) images is considered one of the most challenging issues in remote 

sensing. Change detection methods have known a strong improvement with the availability 

of (VHR) images. Numerous techniques in CD are being proposed which provide a great 

significance in the field of land cover and land use environment assessment, urban expansion 

monitoring, managing natural resources, and rapid evaluation of disaster events [1].  

The techniques of change detection can be divided into two groups, pixel-based and 

object-based. In the first group, the changes between the two images are compared for each 

pixel independently. In the second group, the images are segmented into disjoint and 

homogeneous objects, then changed features are extracted and compared [2]. Several 
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change detection reviews for pixel-based analysis have been published [3, 4, 5, 6] which 

summarized and categorized CD techniques based on different viewpoints. 

Tewkesbury et al [6] grouped change detection techniques into six categories, including 

layer arithmetic, change vector analysis, post-classification change, direct classification, 

transformation, and hybrid change detection. Coppin et al [7] mentioned that change detection 

techniques can be classified into nine different categories. They are post-classification 

comparisons, univariate image differencing, composite analysis, image ratio, change vectors 

analysis, bi-temporal linear data transformation, image regression, multi-dimensional temporal 

feature space analysis, multi-temporal spectral mixture analysis, plus the hybrid methods. 

Object-Based Change Detection (OBCD) provides a significant improvement in 

different application areas related to multi-temporal remote sensing images, especially for 

VHR images [8]. Zhang et al [9] classified OBCD methods into three groups: class-object-

based, image-object-based, and multitemporal-object-based. 

 Hussain et al [10] grouped object-based change detection methods into three groups, 

including classified object change detection, direct object change detection and 

multitemporal object change detection. The object-based imaged analysis methods have 

been considered more appropriate for VHR satellite image data and change detection 

reviews based on object-based analysis can be found in [11, 12]  

In this paper, the images are corrected geometrically and shadow restoration was 

applied to the produced corrected images. Then, a comparison between five well-known 

change detection methods was performed to find the most suitable method that can be used 

in the Egyptian environment. The rest of this paper is organized in the following sections. 

The Study area and data used are illustrated in Section 2. Data preprocessing are depicted 

in section 3. Change detection techniques are discussed in section 4. Section 5 illustrates 

the quantitative analysis of the result. Conclusions are given in Section 6. 

2. Study area and data used 

The study area lies in Assiut City, the capital of Assiut Governorate (figure 1) which is 

one of the ancient capitals of Egypt. It has a geographical extent of  26º 40` N to  27º 30` N 

and 30º 41` E to 31º 31` E. Assiut city is considered one of the fastest growing urban areas 

in Egypt. Two very high-resolution images were used in this study from IKONOS-2 

satellite (Figure 1-a) and WorldView-2 satellite (Figure 1-b). IKONOS image was 

captured on 17th February 2006 while WorldView image was acquired on 4th March 2016. 

Table 1 shows the characteristics of the two images.  

Table 1.  

Characteristics of IKONOS-2 and WorldView images. 
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Fig. 1. Image of Assiut city and its surroundings (a) The IKONOS-2 image of 2006 and (b) The 

WorldView-2 image of 2016. 

3. Data preprocessing 

In order to present the satellite images in a more appropriate form for better 

interpretation and extracting the maximum information, two stages were performed; image 

geo-referencing and shadow restoration. 

3.1. Image geo-referencing 

Image registration is to geometrically match one image to another image that have been 

taken ‎from different viewpoints at different times or by different sensors. It is an 

important ‎image processing stage [13]. In this paper, IKONOS-2 image of 2006 was 

geometrically corrected to Egyptian Transverse Mercator (ETM). The WorldView-2 image 

of 2016 was corrected through IKONOS-2 image of 2006 and resampling process was 

carried out using the nearest neighbor approach. 

3.2. Shadow restoration 

Shadow is considered as one of the main obstacles in satellite images which reduce the 

accuracy of change detection and information extraction [14]. Shadow restoration is a 

significant step to remove or reduce the effect of shadow. Shadow restoration procedure 

consists of two major steps; detection and compensation 

3.2.1. Shadow detection 
In this study shadow detector index (SDI) proposed by Mostafa and Abdelhafiz [15] 

was used. For each image pixel, SDI index is calculated using the following formula: 
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Where PC1, R, G, and B are normalized components of the first principal component, 

red band, green band, and blue band respectively.  

High values of the shaded regions are obtained in the index histogram. Image 

thresholding is carried out to detect shadow area. 

3.2.2. Shadow compensation 
Despite the reflectance that have been in shadow areas are weak, there is still beneficial 

information which makes shadow restoration possible [16]. Shadow areas can be enhanced 

using the surrounding information of shadow [17]. In this work,  Linear Correlation 

Correction (LCC) technique is selected for shadow restoration. In the LCC method, 

brightness of shadows can be restored by a linear relationship as follows: 
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where DNn is the digital number of the corrected image. σshadow and σnon-shadow are the 

standard deviation of the shadow and non-shadow image respectively. μshadow and μnon-shadow 

are the mean of shadow and non-shadow image respectively. DNshadow is the digital number 

of the shadow image.  

This step was applied for IKONOS-2 image of 2006 and WorldView-2 image of 2016 

using model maker in ERDAS IMAGEN 2013.  

4. Change detection techniques 

Change detection techniques can be divided to two categories, pre-classification and 

post-classification. In first technique change map is created from multitemporal data, then 

classify change maps [18]. Three Pre-classification methods are tested in this paper; 

principal component analysis, image differencing and image ratioing. In addition, two 

post-classification methods are used; Post-Classification Comparison (PCC), and Multi-

date Direct Classification (MDC). The eCgnition developer and ERDAS IMAGEN 2013 

software were used in this study.  

4.1. Image differencing (ID) 

In image differencing technique, pixel values in the first image is subtracted from the 

corresponding pixel in the second image. Residual image produced represents the changes 

that had occurred between the two dates. The subtraction results in positive and negative 

values in areas of surface change and zero values in areas of no change [4]. The image 

differencing method can be applied to a single band or to multiple bands. The approach 

itself can be used for the object-oriented image differencing [19]. The mean value of each 

object in the first image is subtracted from the corresponding object in the second image. 

Id(i,j) = I1(i,j) - I2(i,j)                                                                                           (3) 

where Id is the difference image,  (i,j) are image coordinates, I1 and I2 are images for 

first and second time respectively. 

In order to apply this method, the separate images are stacked in a multitemporal 

composite image. Then the stacked image was segmented using Multiresolution 

segmentation algorithm with scale parameter 80. Band 1 [blue], band 2 [green], band 3 

[red], and Band 4 [NIR] in IKONOS-2 image of 2006 were subtracted from Band 2 [blue], 

band 3[green], band 5 [red], and Band 7 [NIR] in WorldView image of 2016.  

After that, training data have been selected from various areas on the change image 

resulted to represent the change categories. For each category a number (5-10 at a 

minimum) of training areas have been selected to ensure that the spectral properties of 

each class are represented[20] . The change image was classified using Nearest Neighbor 

Classifier (NN) into six classes; No Change (NC), Vegetation to Urban (V-U), Vegetation 

to Bare soil (V- B), Vegetation to Water (V-W), Water to Urban (W-U), and Bare soil to 

Vegetation (B-V) as shown in Fig. 2. 

 



204 
JES, Assiut University, Faculty of Engineering, Vol. 48, No. 2, March 2020, pp. 200–211  

 

 

 

 

 
 

Fig. 2. The change map of image differencing technique with nearest neighbor classifier. 

4.2. Image ratioing (IR) 

In image ratioing technique, two co-registered image dates are rationed object by object in 

each band. The ratio values near to one refer to no-change area, while changed area will have 

higher or lower values [21]. A ratio between two co-registered images is computed as follows: 

Ir (i,j) = I1(i,j) / I2(i,j)                                                                                           (4) 

where Ir is the ratio image, (i,j) are image coordinates, I1, I2 are images for first time 

and second time respectively. 

In this technique, the separated images are combined into a multitemporal composite 

image, and then the stacked image was segmented. One band of the WorldView image of 

2016 was rationed to its corresponding band in the IKONOS-2 image of 2006. Change map 

of image ratioing technique (Fig. 3) was produced by the nearest neighbor classification.  

 

 

 

 

Fig. 3. The change map of image ratioing technique with nearest neighbor classifier. 

4.3. Principal component analysis (PCA) 

There are two techniques for PCA to detect the changes in remotely sensed imagery. 

The first one is to transform each image that was taken at various dates into a new PCs 

image. After that, bands that have been selected from new images are compared with each 

other using other techniques of change-detection like image ratioing. In the second 

technique images that were taken in various dates are combined into new one image. Then 

the combined bands are transformed into PCs. Accordingly, there will be a high correlation 

between two images of the non-changed areas, and a relatively low correlation between the 

significantly changed areas. Most change information can be found in the first four 

components [22]. In this paper, the second technique has been applied. 

The four bands from the IKONOS-2 image of 2006 were combined to eight bands from 

the WorldView image of 2016 to build a new twelve band image. Farrag and Mostafa [23] 

Used PC1, PC1&PC2, PC1to PC3, and PC1to PC4 for change detection. They found that 

the first four components have the most information of data so that PC1to PC4 were used 

for supervised classification using the pixel-based method. 
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Fig. 4. The principal components of the IKONOS-2 image of 2006 and WorldView image of 2016. 

 

 

 

 

 

 

Fig. 5. Principal components composite image of IKONOS-2 image of 2006 ‎ and WorldView 

image of 2016‎, PC3 = red, PC2 = green and PC1= blue. 

 

 

 

 

Fig. 6. The change map of Principal component analysis technique with maximum likelihood 

classification. 

4.4. Post-classification comparison (PCC)  

Post-classification comparison technique makes a logical comparison between two 

independent classified maps. Different methods of classification can be used according to 

image characteristics. PCC generates a detailed matrix of "from-to" change [1], which provide 

direct information on the nature of changes of land cover. The accuracy of PCC depends on the 

precision of the geometric registration of the two images and their classification. In this 

method, each image was classified individually, and then the classified images were compared. 

4.4.1. Post classification comparison pixel-based 
In this method, training areas of different land cover types were selected and supervised 

classification was carried out with five different methods; Maximum Likelihood, Spectral 

Correlation Mapper, Minimum Distance, Spectral Angle Mapper, and Mahalanobis 
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Distance. Maximum Likelihood classification has higher overall accuracy than the other 

methods (table 2). Fig. 7 and Fig. 8 show the results of maximum likelihood classification 

for IKONOS-2 image of 2006 and WorldView image of 2016 respectively. 

Table 2.  

Evaluation of image classification.  

 

 

 

 

 

 

 

 

 

 

Fig. 7. Classification of IKONOS-2 image with maximum likelihood method. 

 

 

 

 

 

Fig. 8. Classification of WorldView image with maximum likelihood method. 

 

 

 

 

 

Fig. 9. The change map of Post classification comparison [pixel-based] technique 

4.4.2. Post classification comparison object-based 
In the PCC object-based method, each image was segmented separately using 

multiresolution segmentation with scale parameter 80 and training areas were selected. 

After that nearest neighbor classification was applied to IKONOS-2 image of 2006 and 

WorldView image of 2016 (Fig. 10 and Fig. 11 respectively). Results showed that this 

method has very good overall accuracy and Kappa for WorldView image of 2016 (89.8% 

and 0.87 respectively) and for IKONOS-2 image of 2006 (85.61% and 0.82 respectively). 
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  Fig. 12. The change map of post-classification comparison object-based technique. 

 

 

 

 
 

Fig. 11. Classification of WorldView image with nearest neighbor method. 

 

 

 

 

 

Fig. 10. Classification of IKONOS-2 image with nearest neighbor method. 

4.5. Multi-date direct classification (MDC)  

In this method, multi-temporal images were stacked together and classified. Then, 

change detection was determined by considering each change as a class. Classification 

process is used to distinguish all classes and all transitions.  

IKONOS-2 image of 2006 and WorldView image of 2016 are combined into one 

multitemporal image (Fig. 13) using ERDAS IMAGEN 2013. Change detection is carried 

out (Fig. 14) considering each transition as a class. The classifier is trained to recognize all 

classes and transitions using eCgnition developer software. 

 

 

 

 

 

Fig. 13. Composite image IKONOS-2 image and WorldView image (12 bands). 
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Fig. 14. The change map of direct multidate classification technique.        

4.6. Classification accuracy assessment 

Accuracy assessment was applied (overall accuracy and kappa coefficient) to evaluate the 

accuracy of each method. The number of samples of the reference data is determined to be at 

least 50 samples per class included in the error matrix. Samples number for each category 

might be adjusted based on the relative importance of that category for a particular 

application. The study area contains six change classes, so 50x6= 300 samples can be 

considered. To satisfy the importance and variability within each category 367 samples were 

added over 300 samples to be 667 samples (distributed as 394 for NC, 65 for V-U, 54 for V-

B, 51 for V-W, 52 for W-U, and 51 for B-V). The overall accuracy of different change 

detection‎ techniques‎ and‎ producer’s‎ accuracy‎ are‎ given‎ in‎ Table‎ 3.‎ Fig‎ 15‎ shows‎ overall‎

accuracy for different change detection techniques that have been used in this research.  

Table 3.  

Overall accuracy of change detection techniques. 

 

 

 

 

 

 

 

 

 

 

Fig. 15. The overall accuracy of change detection techniques. 
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5. Quantitative analysis of the result 

Results in image differencing technique (Fig. 2) showed some misclassification in the classes 

of V-B which appear in the lower right of the study area and the class B-V which appear in the 

upper left. In image ratioing technique some misclassification in the classes of B-V which 

appears in the upper left of the study area and class V-B which appears in the lower right (Fig. 3).  

The change map for principal component analysis technique (Fig. 6) was classified by using 

maximum likelihood classification. This method showed some misclassification in the classes 

of V-U which appear in the lower right and the left of the study area. In PCC, object-based 

technique has higher overall accuracy than the pixel-based. The object-based change detection 

techniques are considered more suitable for VHR image data. The results of Multi-date Direct 

Classification technique (MDC) method showed that the direct multidate classification 

technique has a more overall accuracy than PCC. This method showed misclassification in the 

class of (B-V), and it has a better overall accuracy of the final change map (Fig. 14). 

By comparing the change detection methods, the highest accuracy was obtained by using 

the principal component analysis (92.24%) and low accuracy was obtained by PCC pixel-

based (74.25 %). The quantitative analysis was carried out on the resulting image of the 

principal component analysis. The area of each class was calculated and given in Table 4. 

Most of the change of vegetation to bare soil, vegetation to water, and water to urban are 

located in the New Assiut Barrage project and its hydraulic power plant in the east north of 

the study area. The highest percentage of change was found in class vegetation to urban (2.86 

%). Most of the changes from vegetation to urban are caused by new settlement and the 

growth in the urban area over the adjacent vegetation area. The growth of cities and villages 

in Egypt must be monitored almost annually to prevent the illegal construction of buildings.  

Table 4.  

Result of change classes that occurred between IKONOS-2 image of 2006 and 

WorldView image of 2016 in Assiut city and surrounding. 

 

 

 

 

 

6. Conclusions 

This work aims to find the most suitable technique for change detection using VHR 

satellite images that can be applied to the Egyptian environment. The change detection 

techniques that have been evaluated are image differencing, image ratio, principal 

component analysis, post-classification comparison, and multi-date direct classification. 

The highest accuracy was obtained by using the principal component analysis (92.24%). 

Low accuracy was obtained by post-classification comparison with pixel-based (74.25 %). 

The highest percentage of change was in class vegetation to urban (2.86 %) and class 

vegetation to bare soil (1.46 %) which located at the west and south of the study area. 
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Vegetation areas changed to bare soil and urban areas due to the increase of population and 

urban growth. This is a dangerous threat to Egypt's food security. 
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 إكتشاف التغيرات على سطح الارض 

 ة عالية الدقة: دراسة مقارنةباستخدام صور الأقمار الصناعي

 الملخص العربي:

يعد اكتشاف التغيرات هو أحد التطبيقات الهامة للاستشعار عن بعد, حيث توفر الأقمار الصناعية الحديثة 

صور عالية الدقة تساعد في تحسين اكتشاف التغيرات وتحديدها. وفى العقود الأخيرة  and GeoEye  WorldViewمثل

من الطرق لتحديد التغيرات واكتشافها. الهدف الرئيسي من هذه الدراسة هو إيجاد أفضل طريقة من تم تطوير العديد 

طرق اكتشاف التغيرات التي يمكن تطبيقها على البيئة المصرية باستخدام صور الأقمار الصناعية عالية الدقة. في هذه 

 الدراسة تم اختبار خمس طرق لاكتشاف التغيرات وهم:

 post classification comparison, multi-date direct classification, image differencing, image ratio, 

and principal component analysis.  

 Ikonosو القمر الصناعي  6102لعام  WorldViewوذلك باستخدام صورتان ملتقطتان بواسطة القمر الصناعي 

ية العمل تم تهيئة الصور من خلال عمل تصحيح هندسي لصورة عام لمدينة أسيوط وما حولها. في بدا 6112لعام 

, ثم تحسين الظل. بعد ذلك تم تطبيق الطرق المختلفة لاكتشاف التغيرات وقياس دقة 6112باستخدام صورة عام  6102

طرق. كما على قريناتها من ال  principal component analysisوفاعلية كلا منها. وقد أظهرت النتائج تفوق طريقة 

٪(. ويرجع ذلك الي زيادة عدد السكان 2..6وجد أن أعلى نسبة من التغير كانت من مناطق زراعية الي مباني بنسبة )

والتوسع في البناء بالتعدي علي الرقعة الزراعية. ويليها التحول من الأراضي الزراعية إلى الأراضي الصحراوية 

وكذلك التطور الصناعي على حساب الرقعة الخضراء وأقل نسبة كانت ٪( بغرض التوسع العمراني أيضا 2,,0بنسبة )

٪( وهى نسبة ضئيلة جداً مما يعتبر تهديدا 0,,1للتحول من الأراضي الصحراوية إلى الأراضي الزراعية بنسبة )

 خطيراً لأمن مصر الغذائي في المستقبل.

 


