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Abstract 

 

Along with the increasing rate of urbanization takes place in the world, the population 

keeps shifting from rural to urban areas. China, as the country of the largest population, 

has the highest urban population growth in Asia, as well as the world. However, the 

urbanization in China, in turn, is leading to a lot of social issues which reshape the 

living environment and cultural fabric. A variety of these kinds of social issues 

emphasize the challenges regarding a healthy and sustainable urban growth particularly 

in the reasonable planning of urban land use and land cover features. Therefore, it is 

significant to establish a set of comprehensive urban sustainable development strategies 

to avoid detours in the urbanization process. 

 

Nowadays, faced with such as a series of the social phenomenon, the spatial and 

temporal technological means including Remote Sensing and Geographic Information 

System (GIS) can be used to help the city decision maker to make the right choices. 

The knowledge of land use and land cover changes in the rural and urban area assists 

in identifying urban growth rate and trend in both qualitative and quantitatively ways, 

which provides more basis for planning and designing a city in a more scientific and 

environmentally friendly way. This paper focuses on the urban sprawl analysis in 

Nanjing, Jiangsu, China that being analyzed by urban growth pattern monitoring during 

a study period. 

 

From 2001 to 2016, Nanjing Municipality has experienced a substantial increase in the 

urban area because of the growing population. In this paper, one optimal supervised 

classification with high accuracy which is Support Vector Machine (SVM) classifier 

was used to extract thematic features from multitemporal satellite data including 

Landsat 7 ETM+, Landsat 8, and Sentinel-2A MSI. It was interpreted to identify the 

existence of urban sprawl pattern based on the land use and land cover features in 2001, 

2006, 2011, and 2016. Two different types of change detection analysis including post-

classification comparison and change vector analysis (CVA) were performed to explore 

the detailed extent information of urban growth within the study region. A comparison 

study on these two change detection analysis methods was carried out by accuracy 

assessment. Based on the exploration of the change detection analysis combined with 

the current urban development actuality, some constructive recommendations and 

future research directions were given at last. 
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By implementing the proposed methods, the urban land use and land cover changes 

were successfully captured. The results show there is a notable change in the urban or 

built-up land feature. Also, the urban area is increased by 610.98 km2 while the 

agricultural land area is decreased by 766.96 km2, which proved a land conversion 

among these land cover features in the study period. The urban area keeps growing in 

each particular study period while the growth rate value has a decreasing trend in the 

period of 2001 to 2016. Besides, both change detection techniques obtained the similar 

result of the distribution of urban expansion in the study area. According to the result 

images from two change detection methods, the expanded urban or built-up land in 

Nanjing distributes mainly in the surrounding area of the central city area, both side of 

Yangtze River, and Southwest area.  

 

The results of change detection accuracy assessment indicated the post-classification 

comparison has a higher overall accuracy 86.11% and a higher Kappa Coefficient 0.72 

than CVA. The overall accuracy and Kappa Coefficient for CVA is 75.43% and 0.51 

respectively. These results proved the strength of agreement between predicted and 

truth data is at ‘good’ level for post-classification comparison and ‘moderate’ for CVA. 

Also, the results further confirmed the expectation from previous studies that the 

empirical threshold determination of CVA always leads to relatively poor change 

detection accuracy. In general, the two change detection techniques are found to be 

effective and efficient in monitoring surface changes in the different class of land cover 

features within the study period. Nevertheless, they have their advantages and 

disadvantages on processing change detection analysis particularly for the topic of 

urban expansion.  
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1. Introduction 

1.1 Background 

Urbanization, a word defines as “the development of cities and suburban areas due to 

population growth,” has been breaking out in modern society across the world. At the 

beginning of the twentieth century, about 15% of the global population lived in cities 

(Susca et al., 2011). That number has since grown to 59% of the world’s population, 

with a projected increase of up to 67% by the year 2030, as urban agglomerations 

emerge and the rural population continues to move to urban/suburban areas (Kaya et 

al., 2012). As a result of the rapid growth of the urbanization process, land cover types 

such as soil, water and vegetation are replaced by impervious surfaces such as asphalt, 

concrete, and metal (Chen et al., 2011). The removal and replacement of these land 

cover types with urban materials have significant environmental implications on global 

warming and climate change, including the reduction of evapotranspiration, the 

reduction of air and water quality and the increased storage and transfer of sensible heat 

(Yue et al., 2007). From the angle of the world, a simultaneous growth of urbanization 

rate is immanent along with the continuous growth of global population while 

urbanization is becoming one of the potential threats to sustainable development (Haas 

and Ban, 2014).  

 

In China, with the pace of “reform and opening-up,” China's economy in the past 30 

years has been leaps and bounds. To meet the economic development, urban 

construction, the central government of China have gradually liberalized the primary 

control of population movements, between cities and rural (Zhang, 2017). The flow of 

people between urban and rural areas is increasing, especially from rural to cities. This 

kind of move has effectively accelerated the pace of China's urbanization process, with 

a very fast pace into the "rapid development period," and even media reports that the 

current urbanization has become a "Great Leap Forward" trend (Liu and Li, 2014). 

However, the over-urbanization, but also will eventually bring many disadvantages. 

The rapid increase in urban population, environmental degradation, resource crisis, 

urban development, air pollution, water shortages, noise pollution, traffic congestion, 

security deterioration and other "urban diseases" are severely affecting our lives. Take 

Beijing as an example, according to statistics, the existing resident population of 

Beijing is 20.639 million, already exceeding the planned target of 20 million by 2020 

(Beijing Population, 2016). The increasing rate of population in Beijing has been 

defined as a breakneck speed since 2000. At present, the per capita share of water 

resources in Beijing is only 1/10 of the national average, but the population is still 
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increasing at an annual rate of 600,000. 

 

Urbanization in China is becoming the inevitable trend of social development, the 

pattern of development of social civilization. China has a saying "haste makes waste," 

in the process of developing urbanization. Therefore, how to carry out urban planning 

and design according to China's unique national conditions and the actual living 

conditions of the people, so that the city and township residents can enjoy the welfare 

from urbanization is a significant subject research that contemporary China is studying. 

 

The regional distribution of land use and land cover is related to their natural and 

socioeconomic factors. The time and space utilization of land are necessary when 

dealing with population pressure (Usman, Shahid et al., 2015). Therefore, the optimal 

use of land use and land cover information facilitates optimized city planning to meet 

the people's growing demands for basic needs and benefits. This information also helps 

to monitor the dynamic changes of land-use when comparing to the population growth 

rate. When land use and land cover change information is useful for the current strategic 

management of nature resources, the technique for obtaining the changing information 

has become to a crucial point. The traditional urban landscape model is a non-digital 

model made of cardboard or other materials that it is costly to consume a lot of manual 

labor and material resources. The use of digital photogrammetry technology has the 

function of making urban landscape digital model. It is highly realistic to reproduce the 

status of the city on the computer, and it can browse the multi-perspective to assist the 

participants in the overall planning and design and construction of the relevant work 

(Isaac and Leonard, 2014). 

 

With the continuous developed progress of science and technology, the unmanned 

aircraft technology matures combined with remote sensing technology has driven to 

maturity stage. Even though remotely sensed data can only provide an instant view of 

the study area, the images tend to offer extensive coverage of the entire area and any 

spatial patterns that may exist. In city planning field, it provides real-time orthographic 

image data, to not only reduce the financial and labor waste but also saving a lot of time 

for city decision-makers (Mas, 2010). Compared with the topographic map data, it 

intuitive reflects the features on the land surface, to avoid unnecessary duplicate work 

and losses. Also, Remote Sensing technology has many technical processing tools to 

handle the orthoimage data, which provides strong support for real-time tracking 

control and city construction management (Shyam et al., 2008).  
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1.2 Research Objectives 

Identification and analysis the subject of urban expansion contributes to effective land 

use planning and environmental management in urban areas. Therefore, the 

fundamental purpose of this research study focuses on the study of change analysis in 

land use and land cover (LULC). To be more specific, this study aims to provide a time-

series change detection analysis over the study period by using the multitemporal 

satellite data while an optimal classifier on the imageries is customized to the city of 

Nanjing using the referenced information available for the area. The following 

objectives illustrate the emphasized points during the research study.  

 

 To monitor Nanjing’s land use and land cover changes from 2001 to 2016; 

 To analyze the characteristics of urban sprawl in Nanjing from 2001 to 2016; 

 To evaluate two proposed change detection techniques: Post-Classification 

Comparison and Change Vector Analysis (CVA). 

 

 

1.3 Scope and Limitations 

Geographically, the study area for this research project is in Nanjing Municipality while 

the observed study period for change detection analysis is between 2001 and 2016. 

However, the city boundary and the regional administrative divisions for districts in 

Nanjing had been changed several times from 2001 to 2016. To simplify the operational 

process and focus on the research objects, these kinds of changes are not in the scope 

of consideration.  

 

Furthermore, because of the limitations of research funding, all the used satellite 

imagery data for this research project are collected from free and open channels which 

might not as high resolution as commercial and private use data. Besides, the Landsat 

7 ETM+ data after 2003 have data gaps since the instrument issues, which is 

problematic for identifying the land use and land cover features in the no-value areas. 

The collected data will only cover a few representative years rather than every year in 

the study period. In terms of focusing urban and built-up area analysis, the image 

classification will not categorize into many classes. 
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2. Literature Review 

2.1 Review of Methods 

Change detection has been defined as the process to clarify the differences of surface 

objects and phenomenon among the different times (Singh, 1989). It is a significant 

method provides a large amount of spatial analysis based on the surface study that 

used in managing and controlling the natural resources and urban changes. To better 

understand the relationships and interactions from different satellite date imagery to 

better manage and use resources, change detection as one of the core methodologies is 

used in project study, applied to surface changes especially the urban change at two or 

more times. The followed reviews of change detection provide several views of this 

technique that applicable to a particular research study. 

 

When studying the land cover and land use change, change detection is useful which 

involves the application of multi-temporal datasets to quantitative analyze the 

temporal change effects. Zhang and Yi (1999) noted that information about the land 

cover change is essential for updating land cover maps and managing natural 

resources. The information can be obtained by extracting the remotely sensed data 

from satellite imagery or visiting the sites on the ground. In the research paper written 

by Yang et al. (2003), the change detection analysis is performed to identify the urban 

land cover/land use changes with the extended and intensified spatial information. 

Change detection mapped the results images with the classified classes including the 

impervious class’s sub-pixel percent.  

  

There are four aspects of change detection which are significant for land resources 

monitoring: occurred change detection, environmental change identification, extended 

change measurement and spatial pattern change assessment from the research paper 

written by Macleod (1998). Because the land cover changes can be detected by the 

satellite with different radiance values, the change detection technique can use these 

remote sensing data to identify the changes. As the development of computer and 

information system, the change detection technique has become more functional with 

various concrete digitized data. 

 

Chris and Pocnom (2012) mentioned that change detection is an important process to 

identify the changes in land cover/land use over time. In their study, they used change 

detection to analyze the remote sensing images of several different times after 

completed data mining and then used image segment analysis for the further analysis. 
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Their purpose is to identify the changes in human habitat diversity and land 

cover/land use with performed by the remotely sensed data and to determine the 

relationship between spatial and temporal feature differences. In their study, the land 

cover/land use changes in the city of Baguio in the northern Philippines have been 

analyzed. The mountainous city was mapped in the form of different time series of 

aerial photographs and satellite images, and it can be processed with several 

techniques including photogrammetric, Remote Sensing and GIS. By using those 

techniques, the developments and changes in the field of surface cover areas can be 

monitored during the urban sprawl. Also, Adeniyi and Omojola (1999) presented a 

combination of RS and GIS techniques together to analyze the land cover/land use 

changes in the selected study area (Sokoto – Rima Basin of North-Western Nigeria) 

among a series of time. The study showed that land cover/land use of the area was 

unchanged in the early year while the settlement processed over most of the area. 

Nevertheless, some land cover changed during the year while the settlement remained 

the largest part of the area after the construction of dam era.  

 

Pocas and Pereira (2011) used change detection technique to process the three 

different temporal satellite images in the study area. The land covers in the images are 

categorized into four classes including vegetation, bare land, urban area, and water. 

They generated a spatial heterogeneity matrix to identify the different ratio of 

landscape fragmentations in different images. At last, the results showed that the 

change in those landscape fragmentation, also with the predicted trend in reducing the 

non-urban area while the urban area is increasing as the growth of the years. 

 

There is a lot of available change detection methods vary depending on the type of 

image, the ultimate goal of change image and the type of detected change. In a 

research article by Coppin and Bauer (1996), there are eleven different summarized 

change detection algorithms that were found include: 

(1). Mono-temporal change delineation 

(2). Delta or post classification comparisons 

(3). Multidimensional temporal feature space analysis 

(4). Composite analysis 

(5). Image differencing 

(6). Multi-temporal linear data transformation 

(7). Change vector analysis 

(8). Image regression 

(9). Multi-temporal biomass index 
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(10). Background subtraction 

(11). Image ratio 

 

From previous studies, the “Post-classification comparison” is always used as the 

most appropriate methods for the purposes of monitoring land use and land cover 

change. The difference between the classified images from each date is determined by 

the post-classification comparison that is the only way to explore the changes in 

“from” and “to” class, and to calculate the changed pixel. (Jensen, 2005). Post-

classification comparison offers the advantage of integration with GIS databases, as 

categorized classes are given; thus, quantitative values of each type of land cover 

features can be determined. 

 

Fichera, Modica, and Pollino (2012) used the post-classification comparison in their 

study to identify the changes in land cover/land use in Southern Italy. They also 

mentioned the advantageous of this method that can map the “from” and “to” classes 

with their calculated pixel among different temporal images. Moreover, it can 

combine with other technique such as GIS and photogrammetry to quantitative the 

values of each categorized class. Limin, George, and Brian (2003) presented the 

existing change detection techniques have various advantages and disadvantages of 

their own. The post-classification method relied much heavily on the interpreter skills 

and extended manual interpretation while it may require less information on the 

accurate changed land cover/land use data. 

 

In the research article written by John and Jennifer (2003), the post-classification 

comparison was used to explore the land cover/land use changes over different time 

with different independent land cover categorized classes. They analyzed this method 

by its advantages and disadvantages. For the advantages, it permits the use of data and 

inter-data differences and provides the information based on the types of land cover 

transformations that have taken place. For its disadvantages, it cannot allow detecting 

subtle and magnitude change in coverage land cover/land use categories (Stow, 1995). 

They took the low-intensity wildfire as an example that the area can prevent 

identification of temporal changes of the surface within land cover change categories. 

 

Hu and Ban (2008) presented the post-classification change detection is able to extract 

the urban land cover and land use change information from RADARSAT fine-beam 

SAR imagery. However, they also indicated the change detection results contained 

plenty of noise errors because of classification errors in individual images. Therefore, 
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further studies of classification rule set to improve the overall classification accuracy 

are necessary to be carried out for a good change detection analysis. 

 

Before performing the post-classification comparison, the optimal classified images 

are crucial to being prepared for initial and end data input. Devadas, Denham, and 

Pringle (2012) performed Support Vector Machine as the chosen object-based 

classification method for multi-temporal Landsat imagery analysis. The different 

broadacre crop types for different seasons are classified by two classifiers. Comparing 

to the traditional pixel-based classification (89%) of Maximum Likelihood Classifier, 

the object-based SVM produced higher overall classification result (95%). 

Furthermore, they proved the effectiveness of SVM classification that it examined 

temporal change in the spectral characteristics including shape, weights, textural and 

spectral variables for different crop types. 

 

There is also one interested study which evaluated the high accuracy of the post-

classification comparison. Aduah and Baffoe (2013) indicated that the change 

detection process depends much on the phenomena or characteristic by monitoring. 

Sometimes, the images have high temporal resolution should be detailed the input 

date of time. They performed the post-classification comparison in the two different 

year images in a raster GIS analysis. One of the images is classified and combined 

with other data by using the map algebra functions in ArcGIS. The results in the 

statistics tables and graphs generated from the assessment summary turned out the 

more accurate changes based on the land cover/land use change images.  

 

The high accuracy of SVM classifier is also reported by Bahari, Ahmad, and 

Aboobaider (2014). They used SVM to classify Landsat-5 TM satellite data. 

Throughout the focusing on the training cases, the study area of Klang Valley is being 

found as perfectly classified by SVM with no unclassified pixel. The overall accuracy 

and the Kappa coefficient of 97.1% and 0.96 respectively which indicates high 

agreement between classified results and ground truth data. The study proved SVM 

could achieve a high accuracy when separating hyperplane among multi-classes.  

 

In research article written by Pal and Mather (2004), they performed comparison 

analysis for several mainstreamed supervised classification methods such as Support 

vector machines (SVM), Maximum Likelihood (ML) and Artificial Neural Network 

(ANN). Meanwhile, SVM shows to have a higher level of classification accuracy than 

the others while it uses to process small training datasets and high-dimensional data. 
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Besides, SVM is more useful when there are many bands, or confusion between the 

bands is high when classifying the features. For the classification basis, the used the 

concept from USGS which developed one of the first land use and land cover 

classification systems specifically for remotely sensed imagery use. There are nine 

major land cover categories from including urban or built-up, agricultural, rangeland, 

forest, water, wetland, barren, tundra, and snow and ice. They are classified in using 

for performing the change classification-based detection technique. 

 

Comparing with the post-classification comparison, the Change Vector Analysis 

(CVA) uses full band information that is also effective to deal with multitemporal and 

multispectral satellite data (Siwe and Koch, 2008). An interesting study was 

performed by Son et al. (2009) that they used CVA to detect the intensity and 

dimension of land cover and land use changes in Duy Tien District, Ha Nam Province 

in Vietnam. They indicated the post-classification change detection could only present 

the replaced classes but without providing the information of change intensity and 

dimension of those changes. In their study, they used BI and NDVI to composite the 

two change vector components. Both of the spectral indices are proved fully suitable 

for Landsat ETM+ imageries.  

 

In the comparison study of different change detection methods carried out by Jwan, 

Shattri, and Helmi (2013), they indicated the Change Vector Analysis is easy and 

straightforward to operate and useful for detecting land use and land cover changes. In 

the part of Change Vector Analysis, it generates two outputs: a change vector image and 

a magnitude image while the first image explains the direction and magnitude of change 

from the first to the second input date image. The total change extends for each pixel is 

also calculated by the Euclidean distance between end points through dimensional 

change space of CVA. The method shows an ability to process all spectral bands which 

required to obtain the complete changes on images. 

 

In the research article written by Johnson and Kasischke (1998), the Change Vector 

Analysis is performed as the technique for the multispectral monitoring of land cover 

and condition. They defined CVA as an effective technique capable of fulfilling the 

project requirement both in stand-alone use and also in conjunction with other 

procedures or algorithms. Given the large archive of historical multispectral data, the 

emergence of hyperspectral sensors, and the continued change of quantity and type of 

remote sensing data available, CVA will provide a capability of handling the 

multivariate and full-dimensional change detection. 
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When considering the change vector components, different studies have different 

focuses. Siwe and Koch (2008) used the tasseled cap as the biophysical indicator to 

analysis the land cover changes in the Mount Cameroon region. By calculating the 

brightness and greenness difference values, four change dimensions are generated that 

related to biomass loss, forest clearing, biomass gain, and regrowth. 

 

One of the shortcomings of Change Vector Analysis is the high change detection 

accuracy is always difficult to achieve because of the bad change features 

classification. However, the accuracy can be improved by better determination of 

thresholding. For example, Song and Cheng (2011) performed CVA for Landsat TM 

images in Wuhan from 2002 to 2005. They operated restrict determination of second 

round classification for pixel threshold. To address the accuracy of vector analysis, the 

paper adopts a precision test that compared the CVA results with visual interpretation 

results. From the accuracy assessment, the change detection accuracy reaches 95.99% 

which indicates the method of CVA extract surface change information efficiently and 

adequately.   

 

 

2.2 Analysis and Discussions 

According to the studies above, the Remote Sensing and GIS techniques are useful in 

analyzing the urban change with description of land cover and land use changes. They 

save much time and the cost of data generation in the compilation and analysis of 

data. Specifically, the temporal remote sensing data is a good source in time scale 

study. Information about land cover change can be obtained by extracting the 

remotely sensed data from satellite imagery which also suited for imagery gathered by 

Landsat-7 ETM+ and Sentinel-2A MSI dataset in this research project. To perform the 

spatial extent and the intensity of urban land cover/land use change, change detection 

technique can be used to map the changed percent in different categories (Yang et al. 

2003). It is the process of identifying changes in land covers over time that can detect 

the cover patterns change in different states as well. The Landsat imagery is generated 

by radiance values from the surface cover. Therefore, the values would change when 

the surface cover feature change, which is constitutive of the basis of change detection 

technique. 

 

The key to achieving the success of this research project is to propose one best-fit 

classification method before change detection analysis. According to image 
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classification techniques in Remote Sensing, there are two broad categories including 

unsupervised (calculated by software) and supervised (human-guided) classification. 

The utilization of either supervised or unsupervised classification techniques is 

ultimately driven by the goal of the project, which means to seek for balance among 

time, accuracy and complexity or detail of the expected classification result. Supervised 

classification, comparing to unsupervised classification, has greater accuracies because 

it corrected by ‘user knowledge.' Unsupervised classification, however, defines classes 

automatically based on natural groupings in image values and the number that user 

wants. It may cause errors if there are overlapping target classes which user want to 

obtain but merged in a different way because it always seeks for the most different in 

spectral data. 

 

For this research project, the goal is to analysis the land use and land cover feature over 

the years in the study area; it is more necessary to specify the particular band of the 

spectrum while ignoring all other bands to identify the different land cover features. 

For example, it is better to distinguish the urban area from the mixed feature of forest 

and urban built-up land in an easier way. Therefore, supervised classification, in this 

case, play a more important role while proposing the classification method.  

 

For mainstreamed supervised classification methods, such as Maximum Likelihood 

Classification (MLC), Support Vector Machines (SVM), and Artificial Neural 

Network (ANN), they have their advantages and disadvantages. Comparing to the 

other classification methods, SVM can achieve a higher level of classification 

accuracy than the others while it uses to process small training datasets and high-

dimensional data (Pal and Mather, 2004). Also, SVM is more useful when there are 

many bands, or confusion between the bands is high when classifying the features. 

Regarding algorithm stability, SVM presents higher stable on overall accuracy than 

the others. Therefore, SVM Classification method was planned to be used for this 

project. 

 

According to several study cases in the method review part, change detection is useful 

for analyzing different temporal satellite images of the same area to find out the 

changes in land cover and land use. There are eleven change detection algorithms, but 

many of them may not useful in this research project. At present, those methods can 

be mainly categorized into two types: spectral characteristics based type of analysis 

and spectral change vector-based type of analysis. The post-classification comparison 

which is one of the representative spectral characteristics based study, and can be the 
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most appropriate method for its functional advantages such as ratio calculation of 

“from” and “to” classified categories (Jensen, 2005). The post-classification 

comparison can describe the difference in land cover change in the same area with 

different dates, and it allows determining changes in quantitative values of each cover 

class (Fichera, Modica and Pollino, 2012). A post-classification comparison approach 

base on image segmentation and classification provides the scientific means to 

classify date of images separately, which avoids attribute and position errors 

generated from the change detection process. From the research article by Zhou and 

Austin (2008), it can be noted that post-classification comparison can be able to 

reduce the spatial inaccuracies of the imagery problem of getting the accurate 

registration of multi-date images. The change detection results come out and show 

that there are many spatial registration errors generated after applied the pixel-based 

classification comparison to high-spatial resolution maps because pixel points tend to 

align or cluster under the pixel-based comparison method. Therefore, it is possible to 

use lower spatial resolution maps with less abundant pixels to reduce the inaccuracy 

of misregistration when using the post-classification comparison. The imagery data in 

the study area (city of Nanjing) are high spatial and temporal resolution images with a 

huge number of pixels, which requires exploring the correspondence among the 

layers. Post-classification comparison can be used to minimize the mapping units 

while it still saves the change class accuracy. 

 

For spectral change vector-based type of analysis, it avoids not only the classification 

and time-consuming effort and the accumulated error of unreasonable defect in post-

classification comparison, but also use more or even all bands to detect changes in 

pixels and their type information (Song and Cheng, 2011). Change Vector Analysis a 

change detection tool that characterizes dynamic changes in multi-spectral space by a 

change vector over multi-temporal imageries. It can avoid the cumulative errors in 

image classification of an individual date and processing number of spectral bands 

simultaneously to retrieve maximum change-type information. It is effective and 

efficient at detecting and characterizing the surface change in multispectral remote 

sensing data sets for various ways. It processes the full dimensionality of 

multispectral/multi-layer data to ensure detection of all changes present in datasets. 

Also, it extracts and exploits the components of changes in multispectral data, which 

facilitates composition and analysis of change images (Johnson and Kasischke, 2010). 

When comparing to the post-classification comparison, it shows advantages on 

working on multispectral data and allowing designation of the type of change was 

occurring, but it shows drawbacks of image algebra based techniques even it is less 
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severe.  

 

Therefore, both the post-classification comparison and change vector analysis 

demonstrate their strengths in providing the information on the types of land cover 

transformations including the class identification, which is helpful in obtaining the 

changes in different land cover categories. However, the difference of specific 

changes will be compared towards further processing on the two change detection 

methods. 

 

 

 2.3 Summary of Review 

The increased urbanization has stimulated impact on infrastructure, energy use and 

economy of the world. However, the urban expansion is one of the most potential 

threats to sustainable development. Analysis of the urban change is a crucial factor 

that would help in identifying the land use planning and land cover management in 

the urban area for a better future development. This paper demonstrates the way of 

change detection technique in handling urban change problem, particularly useful and 

effective for this thesis project study area.  

 

Land cover change results in various patterns, composition, and condition of remote 

sensing scene elements over different spatial and temporal scales (Stow, 1995). To 

accurately assess and detect the alterations, reasonable specific techniques can be 

used. Land cover and land use changes can be successfully mapped using satellite 

remote sensing technologies, which also generate acceptable accuracies. The result of 

this study indicates the importance of remote sensing to urban environmental 

monitoring and management especially in the area under urbanization. The study area 

Nanjing in this project is under the development situation that can use the data 

generated to stimulate further development plans. It also provides a basis for 

protecting the decreasing agricultural and vegetated lands in the city. On the other 

hand, it is significant to manage the land cover features in the study area that to 

protect the citizens from phenomena such as urban heat island effects and floods 

because land cover changes affect the climate. 

 

This study has computed changes in land use and land cover that aim at the urban 

change towards several remote sensing data processing methodologies including both 

periods at classification and change detection. Selected methods including 

classification and change detection techniques such as Support Vector Machines 
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(SVM) classification, Post-classification Comparison and Change Vector Analysis 

(CVA) are considered as the proposed methods which would be repeatable on 

processing, accurate on results, less time, money and labor consuming when 

comparing to other methods. To conduct more visualized results, the change detection 

followed up with GIS techniques will provide various spatial analyses on the changes. 

To sum up, by using these methods, the purpose of study project can be met that the 

land cover changes will be described among different images with different 

fundamental intervals. 
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3. Study Area and Data 

3.1 Description of Study Area 

As one of the big central cities in China, Nanjing, the provincial capital of Jiangsu has 

shown its charm to the whole world in many aspects, including technology development, 

multicultural acceptation, dramatic economic growth and important financial and 

trading center worldwide. The significant changes in Nanjing over the years are not 

only because of its history development and large population flows, but also the urban 

expansion and its distribution for various uses. In 2008, because of the city decision 

makers’ scientific city planning along with population growth, Nanjing awarded Habitat 

Scroll of Honour Special Citation by United Nations Human Settlements Programme. 

The city has great potential to achieve balanced development so that different people 

live in harmony and provide healthy living conditions while reducing energy 

consumption and reducing the use and waste of resources. Although the population 

growth rate stays at a high level, the local government is aiming to protect the natural 

heritage, in a more environmentally friendly and sensible way to achieve the goal of 

city development. This study project will mainly focus on the urban changes over the 

recent 16 years in the city of Nanjing. 

 

The study area of Nanjing Municipality in Jiangsu, China, which is 6597 square 

kilometers in size with 8.23 million population in 2015. The digitized map of Nanjing 

Municipality, given in Figure 3.1 below shows the city location in a national view. The 

city of Nanjing located in the southwest of Jiangsu province and east coast of China. 

The city consists of 11 districts while the central area of Nanjing includes 5 of them 

(Xuanwu, Gulou, Qinhuai, Jianye, and Yuhuatai). The geographic location of Nanjing 

in coordinates locates in 32°03′42″ northern latitudes and 118°46′40″ Eastern 

longitudes. As a result of the geographic location in the South-Eastern part of China, 

the study area has a humid subtropical climate with abundant of rains, particularly in 

summers. The rainy days in Nanjing is around 117 days yearly, and total annual 

precipitation is about 1106 millimeters (43.5 inches). The four seasons are distinct that 

summers are hot while winters are cold. Although Nanjing considered as a southern city 

in China, the winter is still cold with occasional snow. The coldest month in Nanjing is 

January with average temperature 3 degrees Celsius. The average annual temperature 

is 16 degrees Celsius.  
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Figure 3.1. Study Area Map of Nanjing Municipality 

 

 

According to the demographic data from Nanjing Bureau of Statistics, as shown in 

Table 3.1, the population in Nanjing is 5.53 million in 2001, 6.07 million in 2006, 8.11 

million in 2011 and 8.25 million in 2016. Also, during the year from 2001 to 2016, the 

population is continuous growing each year in Nanjing within the observed period. 

Nanjing Municipality is considered to be one of the fastest growing city municipality 

in China's South-East coastal areas, with a population that is projected to reach 10.6 

million by 2030. Within the city region, high rates of construction of new residential 

areas continue to impact urban sprawl (EEA, 2006). Figure 3.2 shows the total 

population of Nanjing Municipality with growth trendline from 2001 to 2016. It 

indicates a continuously steady growing trend of the entire population in the city region. 

Although the table and the graph below are not describing the whole regional number 

of resident (part of the people is non-local registered permanent resident, but 

temporarily live in the city), this demography information still holds great value for 

identifying the urbanization pattern in Nanjing Municipality. In fact, the majority of 

urban activities in Nanjing take place in the central areas of the city for the five 

discussed core districts since they are the most developed areas. The growing 

population in this central area would suggest a corresponding urban growth in Nanjing 

during the period from 2001 to 2016. 
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Table 3.1. Population of Nanjing, Jiangsu from 2001 to 2016 

Year Population (million) Growth rate/year (%) 

2001 5.53 - 

2002 5.63 1.81 

2003 5.72 1.60 

2004 5.79 1.22 

2005 5.91 2.07 

2006 6.07 2.71 

2007 6.60 8.73 

2008 7.46 13.03 

2009 7.78 4.29 

2010 8.01 2.96 

2011 8.11 1.25 

2012 8.15 0.49 

2013 8.19 0.49 

2014 8.22 0.37 

2015 8.24 0.24 

2016 8.25 0.12 

 

 

Figure 3.2. Population Growth of Nanjing, Jiangsu from 2001 to 2016 

 

3.2 Research Dataset 

To classify land use and land cover types and to detect the changes that have occurred 

in Nanjing over the past 16 years, a serial data set for an extended period is necessary 

to obtain for this study. Therefore, datasets spanning from 2001 to 2016 are selected for 

5

5.5

6

6.5

7

7.5

8

8.5

9

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016

P
o

p
u

la
ti
o

n
 (

m
ill

io
n

)

Date

Population of Nanjing from 2001 to 2016 (million)



17 
 

this research project for months of July and October due to the absence of snow, ice or 

heavy cloud cover. The dataset comprised satellite images and ancillary area boundary 

data. The study area boundary shapefile is extracted from China prefecture and province 

shapefile, which achieved from https://revolutionarygis.wordpress.com/tag/china-

shapefile/. This data is posted on January 18, 2014, and registered by Open Data 

Commons Public Domain Dedication and License (PDDL). The Nanjing Municipality 

boundary is then digitized with added district information. Table 3.2 below shows the 

description of the satellite data used in this research project including Landsat 7 ETM+, 

Landsat 8, and Sentinel-2A MSI, which extracted from http://www.gscloud.cn and 

https://remotepixel.ca/projects/satellitesearch.html. 

 

Table 3.2. Descriptions of Remotely Sensed Datasets 

Data Name Nanjing_2001

_15m 

Nanjing_2006

_15m 

Nanjing_2011_

15m 

Nanjing_2016

_15m 

Nanjing_2016_1

0m 

Date 2001.07.17 2006.07.31 2011.07.29 2016.07.27 2016.10.07 

Satellite 

Product 

Landsat 7 

ETM+  

Landsat 7 

ETM+ 

Landsat 7 

ETM+ 

Landsat 8 Sentinel-2A MSI 

Band 1, 2, 3, 4, 5, 6, 7, 

8 

1, 2, 3, 4, 5, 6, 7, 

8 

1, 2, 3, 4, 5, 6, 7, 

8 

1, 2, 3, 4, 5, 6, 7, 

8 

2, 3, 4, 5, 8, 11, 

12 

Band 

Resolution 

15 Meters: 

B8-

Panchromatic; 

30 Meters: 

B1-Blue, 

B2-Green, 

B3-Red, 

B4-Near 

Infrared (NIR), 

B5-Shortware 

Infrared 

(SWIR) 1, 

B7-Shortware 

Infrared 

(SWIR) 2 

 

15 Meters: 

B8-

Panchromatic; 

30 Meters: 

B1-Blue, 

B2-Green, 

B3-Red, 

B4-Near 

Infrared (NIR), 

B5-Shortware 

Infrared 

(SWIR) 1, 

B7-Shortware 

Infrared 

(SWIR) 2 

 

15 Meters: 

B8-

Panchromatic; 

30 Meters: 

B1-Blue, 

B2-Green, 

B3-Red, 

B4-Near 

Infrared (NIR), 

B5-Shortware 

Infrared 

(SWIR) 1, 

B7-Shortware 

Infrared 

(SWIR) 2 

 

15 Meters: 

B8-

Panchromatic; 

30 Meters: 

B1-Ultra Blue 

(Coastal/Aeros

ol), 

B2-Blue, 

B3-Green, 

B4-Red, 

B5-Near 

Infrared (NIR), 

B6-Shortware 

Infrared 

(SWIR) 1, 

B7-Shortware 

Infrared 

(SWIR) 2 

 

10 Meters:  

B2-Blue,  

B3-Green,  

B4-Red,  

B8-Near Infrared 

(NIR); 

20 Meters:  

B5-Vegetation 

Classify 1, 

B6-Vegetation 

Classify 2, 

B7-Vegetation 

Classify 3 

B11-Shortware 

Infrared (SWIR) 

1, 

B12-Shortware 

Infrared (SWIR) 

2 

Projected 

Coordinate 

System 

UTM-50N UTM-50N UTM-50N UTM-50N UTM-50N 

Datum WGS-84 WGS-84 WGS-84 WGS-84 WGS-84 
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4. Methods 

4.1 Overview of Research Methodology 

The following workflow diagram as shown in Figure 4.1 illustrates the overview of the 

methodology. The used methods include the Support Vector Machine (SVM) as the 

supervised classifier followed with two change detection techniques post-classification 

comparison and Change Vector Analysis (CVA). The necessary part of image 

preprocessing is processed before the image classification and change detection 

analysis sectors while the accuracy assessment is implemented for evaluating the data 

processing outputs. 

 

 

 
Figure 4.1. Project Workflow 
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4.2 Processing Workflow 

The project processing workflow as shown in Figure 4.2 below consists of using a data 

processing procedural to classify a proposed study site, and then follow with a series of 

rigorous analysis and comparison of the classified images. At last, perform change 

detection analysis to refine the final results. The specific processes performed by 

several different tools such as ArcGIS, ENVI, and Geomatica. These software 

combined with other mathematical based technical tools are used for this project. All 

final results will be conducted by production on images, maps, figures, and tables for 

better demonstrate the land use and land cover changes statistically.  

 

The first step would be data acquisition, the appropriate dataset selection for both 

remotely sensed imageries and study region boundary is the crucial point for the success 

of this project.  

 

In the second step, a significant part of image preprocessing is carried out including 

image stack, mosaic and clipping, radiometric correction, image sharpening, geometric 

correction, and image enhancement, etc. The preprocessing on original images reduce 

unnecessary work for the next data processing.  

 

In the third step, processed images are used for image classification, and the 

classification scheme is mostly based on literature reviews to ensure the effectiveness 

of classifier. The classified result for each image will be tested by a Boolean operation 

to verify if the accuracy achieves expected value or not. If not, the ground training data 

will be manually adjusted till the result get approved.  

 

In the fourth step, all accepted classification results would be derived to change 

detection analysis method: Post-Classification Comparison. Meanwhile, the Change 

Vector Analysis will be directly performed from the preprocessed images. The accuracy 

assessment is also performed on the results to test the actual changes on the land surface 

over the study period.  
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Figure 4.2. Processing Workflow 

 

 

4.3 Image Preprocessing 

Before performing the operations on remotely sensed data, the required type and format 

of data need to be corrected and created. In this project, there are three different types 

of data including Landsat7 ETM+, Landsat 8, and Sentinel-2A MSI. The atmospheric 

correction has not been processed on these imageries because the weather conditions 

have been checked as the ideal level that no significant cloud hazes and fog appear on 

the imageries. The basic process procedure for them is the same while the details are 

different.  

 

Firstly, all the used band layers for each imagery were stacked by ENVI into a multi-

layer image. However, because the existed problem for Landsat 7 ETM+ that all images 

collected after May 31, 2003 is SLC-off data which leads to the Scan Line Corrector 

(SLC) failed, the data gaps need to be eliminated before layer stack. With the provided 
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gap-mask data from original data, the images were restored by an extension tool in 

ENVI called "tm_destripe." The Figure 4.3 shows an example of image result before 

and after gap restored (display as vegetation false color) respectively in the views of 

image, scroll, and zoom. It is clear to see the data gaps with 0 value in the original 

imagery is filled with an approximate average value from the mask data, which solved 

the problem of the lack of data. 

 

 

   

a) Image: before and after destripe       

   

b) Scroll: before and after destripe       

   

c) Zoom: before and after destripe       

Figure 4.3. Sample Result of Destripe TM Data 
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The layer stack procedure for each remotely sensed data is to mosaic the bands which 

are useful for the classification. The selected bands for each satellite data imageries are 

listed in Table 4.1 below. These listed bands combined with the panchromatic band 

were mosaiced together for each imagery. 

 

 

Table 4.1. List of Used Band Combinations (RGB) for Satellite Data 

Used Band 

Combinations 

(RGB) 

Landsat 7 ETM+ Landsat 8 Sentinel-2A MSI 

Natural Color 3-2-1 4-3-2 4-3-2 

False Color (Urban) 7-5-3 7-6-4 12-11-5 

False Color 

(Vegetation) 

5-4-3 6-5-4 11-8-4 

Color Infrared 

(Vegetation) 

4-3-2 5-4-3 8-4-3 

 

 

Secondly, to further improve the interpretability and quality of input data, the 

radiometric correction is performed by radiometric calibration method in Geomatica 

while the calibration type is set to radiance. All the calibration parameters are 

automatically import from the original remotely sensed data which ensures the accuracy 

of the calibration processing. The Figure 4.4 below illustrates the sample result of 

radiometric correction in band 1 of Landsat 7 ETM+ Nanjing 2006 imagery. The both 

images look exactly consistent with each other while the data value of random pixel in 

the same location in two images are exactly different instead.  

 

      
a) Image before Radiometric Correction    b) Image after Radiometric Correction 

 



23 
 

 

c) Cursor Location Example 

Figure 4.4. Sample Result of Radiometric Correction 

 

 

Thirdly, the stacked images are mosaiced together by way of georeferenced mosaicking 

to make the images cover the whole study area. Then the prepared study area shapefile 

was converted into ROIs and EVF files for the use of image clipping. The data clip 

stage is easy to be realized by the method of "Subset via ROI" in ENVI. Comparing to 

the data management clip tool in ArcGIS, it is more straightforward to perform on the 

stacked images while it does not lose and change pixels’ spectral values in images.  

 

Fourthly, to obtain better classification results and change detection analysis, the 

clipped images need to be pansharpened to a higher spatial resolution because they have 

the different resolution for the different band. Therefore, the layer stacked images were 

pansharpened by "Gram-Schmidt Spectral Sharpening" for a more accurate result while 

it does not lose input band information. Take Landsat 7 ETM+ and Landsat 8 data as 

an example; the panchromatic band has higher image resolution with 15m while the 

other bands are lower on image resolution. According to the sample images (display as 

color infrared composite) as Figure 4.4 shown below, the pansharpened image on the 

right side with higher image resolution shows more feature texture and details 

comparing to the original image. After the pansharpening procedure was done, the 

results images are fully prepared for the next image classification and change detection 

analysis parts. 

 

      

a) Original image      b) Pansharpened image  

Figure 4.5. Sample Result of Pansharpened Image 



24 
 

 

Finally, since the five processed images obtained from different satellite data, it is 

necessary to ensure the location of pixel information is completely the same in different 

images. Co-registration is then performed by Geomatics Photogrammetry application 

Orthoengine. Because all the obtained datasets are assigned by the Universal 

Transversal Mercator (UTM) projection, it means the images are already projected in 

the same coordinate system. Also, they have the same Datum information WGS-84 that 

provides good prerequisite for co-registration. In this project, the pansharpened 

Sentinel-2A MSI imagery is registered to Landsat 8 for better comparison study on 

Nanjing 2016 classified results. About 10 Ground Control Points (GCPs) were collected 

among different images with residual error (RMS) less than 0.25 as the accepted value. 

The reason why co-registration was performed after the pansharpening step is because 

the higher resolution images provide more accurate location information of pixels on 

both imageries. 

 

 

4.4 Image Classification 

4.4.1 Class Category 

Before the actual classification process, the number of ideal classes needs to be 

determined. To simplify this step, the U.S. Geological Survey Land-Use/Land-Cover 

Classification System is used in this case as reference. As an official classification 

system from the U.S. government, it covers almost every kind of feature on the ground 

surface. Urban or Built-up Land, Agricultural Land, Rangeland, Forest Land, Water, 

Wetland, Barren Land, Tundra, and Perennial Snow or Ice are in the first level of classes 

in this system. Under the first level classes, there are very specific and detail subclasses 

(Anderson et al., 1976). However, since what this project is designed to identify the 

urbanization trend in the city of Nanjing, the dataset does not need to be classified into 

such particular level. Considering the final goal of this project is to explore the pattern 

of urbanization in Nanjing, and under the condition that all dataset for this project were 

collected in no ice and snow cover seasons (July and October), the following classes 

are defined as the category of the classification for this project: 1. Urban or Built-up 

land, 2. Agricultural land, 3. Forest Land, 4. Shrubland, 5. Water, 6. Barren and Soil 

Land. Table 4.2 shows the description of land cover category as below. 
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Table 4.2. Description of Land Cover Category 

Class Name Description 

Urban or Built-up Land 
Developed building areas; Residential, commercial, and 

industrial land; Transportation, communications, and utilities. 

Agricultural Land 
Cropland and pasture; Orchards, groves, vineyards, nurseries and 

ornamental horticultural areas; Confined feeding operations. 

Forest Land Deciduous forest land; Evergreen forest land; Mixed forest land.  

Shrubland Shrub and brush land; Herbaceous land; Mixed shrubland. 

Water Streams and canals; Lakes; Reservoirs; Bays and estuaries. 

Barren and Soil Land 
Bare rock, sand, and clay; Mixture of minerals, Organic matter 

and plants; Transitional. 

Note: Area clipped by the boundary of the Nanjing Municipality without spatial values are 

defined by Unclassified. 

 

 

4.4.2 Training Data Selection 

Because the accuracy of the supervised classification relies on the training data size and 

class separability, it is necessary to select the training data appropriately. For achieving 

a high quality of training data to classify each image in the multitemporal satellite 

dataset, a meticulous training data selection sector was planned. 

 

When collect training data, several band composites including natural color, false color 

(urban), and color infrared (vegetation) were chosen to display the combined band 

images, which help to identify the land use and land cover features on the surface. For 

example, in the false-color composite image, vegetation appears in red, urban areas 

appear in cyan, and waterbody appears in black. For each prepared band thresholds 

image, a region of interests (ROIs) file was created for Urban and Built-up, Vegetation 

and Forest (Green), Barren and Soil Land (Yellow), Water and Wetland (Blue), and 

Unclassified (Black). The Unclassified class is the no-data black area, which was 

created when clipping the original dataset to the boundary of Nanjing Municipality. 

Therefore, the unclassified ROI region can be ignored in future classification analysis. 

To ensure that different categorized class has relatively high coverage and quality on 

pixel value and size, the ROIs polygon was created randomly on zoom window over 

the whole image. Also, according to the classification method used in this project, a 

larger size of pixel sample has benefits to the classification results. Therefore, more 

than 50 training polygons are collected for each class to ensure the amount of pixel size. 

Once training data is collected, a Separability Report for ROIs will be conducted that 

contains the Jeffries-Matusita Separability ranges from 0 to 2. The Jeffries-Matusita 

J_xy calculates the separability of a pair of spectral signature distributions, and it is 
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calculated as (Richards and Jia, 2006): 

𝐽𝑥𝑦 = 2 ∗ (1 − 𝑒−𝐵)        (1) 

where: 

B =
1

8
(𝑥 − 𝑦)𝑡 (

∑ 𝑥+∑ 𝑦

2
)

−1
(𝑥 − 𝑦) +

1

2
ln(

|
∑ 𝑥+∑ 𝑦

2
|

|∑ 𝑥|
1
2|∑ 𝑦|

1
2

)     (2) 

where: 

x = spectral signature vector from first input ROI class; 

y = spectral signature vector from second input ROI class. 

 

For each pair of ROI classes, a low value between the two classes represents low 

separability between them, which means these two ROI classes need further adjustment 

on ROIs selection. On contrast, the value is asymptotic to 2 when the spectral signatures 

between the two ROI classes are unlikely to each other or completely different (Ahmad, 

2012). In this project, the approved minimum separability value was set to 1.8 for each 

two classes in each training data. Repetitive work on training data collection is 

inevitable, in order to meet the criterion.  

 

 

4.4.3 Support Vector Machines (SVM) Classifier 

Support Vector Machine (SVM) is yielded as the most accurate classification results 

especially for complex and noisy data (Charlotte et al. 2017). It classified the classes 

with an optimal hyperplane which optimizes the margin among the classes. In the 

hyperplane, the pixels closest to it are called support vectors. This technique is 

originally designed as a binary classifier. In this part, each data set will be classified by 

SVM classification method. Ideally, the land cover objects were categorized into the 

four major classes: urban or built-up land, barren and soil land, vegetation and forest, 

and water and wetland. Since there are four classes, the SVM cannot adapt to a binary 

classifier in this case. Currently, the SVM has two types of operations for classifying 

multiclass features that either to construct several binary classifiers or a larger 

optimization problem is needed (Ban and Jacob, 2013). Therefore, it is always 

computed as a more expensive way to operate multiclass classification in general terms. 

Take the four classifying classes as an example; there are 4*(4-1)/2 binary classifiers 

are created based on the 4*(4-1)/2 different class pair. For each SVM classifier, it is 

trained for a unique class pair by the training data of the two classes. Thus, the most 

optimized value will be assigned to the class by the classifier for the input data set while 

the final determination for the class derives from the most values from all the classifiers.  
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To dealing with multiclass SVM, the operation of a nonlinear classifier with nonlinear 

kernels are carried out in this case. The Radial Basis Function (RBF) is used for the 

kernel type in this project because it performs well in most cases (Chang and Lin, 2011). 

As the RBF kernel equation shows, the predicted accuracy is influenced by the kernel 

parameter γ. 

 

 k(𝑥𝑖 , 𝑥𝑗) = exp (−γ‖𝑥𝑖 − 𝑥𝑗‖
2

) ,   γ > 0     (3) 

 

To improve the classification accuracy, the kernel parameter and the penalty value are 

supposed to set to appropriate values. Since the kernel parameter γ is a free and open 

parameter of the RBF while higher value results in high bias and low variance, the last 

setting for this value is then set as default that indicates the inverse of the number of 

bands in the input image to lower the bias. For the penalty value, it controls the trade-

off between allowing training data errors and margin maximization. Thus, the penalty 

parameter is also set to default value 100 because a relatively high value makes ENVI 

increase the cost on misclassifying pixels that produce a more accurate classification 

results. 

 

 

4.4.4 Accuracy Assessment 

As most of the remote sensing research, the accuracy of the classifier used in this study 

refers to the thematic accuracy of the classifications. Before interpreting the result maps, 

a statistical assessment of the quality of the maps was conducted. An accuracy 

assessment can help the research term to get access to the accuracy of the classified 

map data (Hung et. Al. 2002). To perform accuracy assessment, two kinds of 

information were collected. The first is a set of classified thematic maps; another is a 

set of ground truth reference data. These two sets of data can be used in combination to 

describe the accuracy and errors for the classification in a confusion matrix (Foody, 

2002). Even though the accuracy of ground truth is often assumed to be high and correct, 

there is no way to get a set of one hundred percent correct ground truth data because of 

the different time of data and ground truth collection, inconsistencies of assigned 

classes, and different human judgment (Congalton, 1991). 

 

In this project, the accuracy assessment was generated by confusion matrix in post 

classification period. Because there is no suitable ground truth image, the ground truth 

data is essential to be collected in this case. To improve the truth information on the 
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ground, the ground truth data is prepared by some well-known places in Nanjing for 

each classified land cover categories, and the detailed pixel selection is based on field 

knowledge and Baidu Maps. The overall accuracy can be calculated by taking the sum 

of truly classified pixels divided by ground truth pixels. Also, the producer accuracy 

and user accuracy can be calculated correspondingly. The producer accuracy represents 

the probability that value in a given class is classified into the right class while the user 

accuracy represents the probability that a value predicted to be in a particular class and 

truly is the class. Moreover, the commission error and omission error were generated 

in the base error matrix. Both types of error conduct the amount of wrongly classified 

or failed classified into the proper class respectively. After some trial classification 

performed, some of the results with lower than 90% on class accuracy are unaccepted 

in this case, that means it needs further adjustment on training data selection to make it 

smaller in size, more uniform or more separate on distribution.  

 

Other than the overall accuracy, Kappa Coefficient is another discrete multivariate 

technique of use in accuracy assessment that can also be generated from the confusion 

matrix. The followed equation illustrates the computation of Kappa Coefficient:  

 

k =  
𝑁 ∑ 𝑚𝑖,𝑖

𝑛
𝑖=1 −∑ (𝐺𝑖𝐶𝑖)𝑛

𝑖=1

𝑁2−∑ (𝐺𝑖𝐶𝑖)𝑛
𝑖=1

        (4) 

where: 

i is the class number; 

  N is the total number of classified values compared to truth values; 

  𝑚𝑖,𝑖 indicates the number of pixel values that classified to the correct class i; 

  𝐺𝑖 is the total number of truth values that belong to class i; 

  𝐶𝑖 is the total number of predicted values that belong to class i. 

 

The Kappa Coefficient value of 1 represents a perfect agreement while 0 accounts for 

no agreement between the classified pixels and the ground truth pixels. According to 

the research study by Jensen (2005), the Kappa value between 0.4 and 0.8 indicates 

middle agreement, less than 0.4 is poor agreement, and larger than 0.8 is strong 

agreement and good accuracy. 
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4.5 Change Detection 

4.5.1 Post-classification Comparison 

There are many different methods of change detection available; each has variations 

depending on the imagery type, ultimate purpose for the image of changes and the type 

of change to be detected. The “Post-classification comparison” is appropriate for this 

study that determines the difference between independently classified images from each 

of the dates in questioned and is the only method in which “from” and “to” classes can 

be calculated for each changed pixel (Jensen, 2005). Also, post-classification 

comparison offers the advantage of integration with GIS databases, as the changed class 

information is given, and quantitative values of each class/category can be determined.  

 

In this project, the “from” and “to” information and results generated along with the 

result images, which can measure how much changes over the study area that have 

occurred between two dates. To be more specific, the post-classification comparison 

can be performed on Landsat 7 ETM+ and Landsat 8 classified images with the date 

intervals of 2001/2006, 2006/2011, and 2011/2016. In this research, the start-end date 

interval 2001/2016 was performed as a general study of the changes over the years. 

After performing change statistical analysis, the cross-tabulations were generated to 

show the quantitative results of the change in each class between the two selected 

imageries. 

 

4.5.2 Change Vector Analysis (CVA) 

Change Vector Analysis (CVA) as one of the mathematical operators that used to 

detect all changes present in the multitemporal satellite data (Malila, 1980). It is found 

that CVA gives change results similar to the Euclidian distance method since the 

pixels’ difference of magnitude are calculated by the Euclidian distance through 

space. The qualitative change information is mined by two input interested spectral 

indicators. For this project, the goal is to work on the problems of spatial distribution 

and growth in urban or built-up areas. Also, since the major changes over the study 

area take place in the soil and urban built-up land, the two indexes including 

Normalized Difference Built-Up Index (NDBI) and Bare Soil Index (BI) were taken 

into consideration. However, inspired by Zha et al. (2003), who used the NDBI in 

conjunction with a traditional NDVI resulted in a more accurate result image 

(reported as 92%) contained only the built-up land feature, the Built-up Area Index 

(BU) is then considered to be a better match for this project. The following equations 

show the BU explanation: 
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BU = NDBI − NDVI        (5) 

 where: 

NDVI =  
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝑅𝐸𝐷
        (6) 

NDBI =  
𝑆𝑊𝐼𝑅−𝑁𝐼𝑅

𝑆𝑊𝐼𝑅+𝑁𝐼𝑅
        (7) 

 

In addition, BI is defined as the equation below: 

 

𝐵𝐼 =  
(𝑆𝑊𝐼𝑅+𝑅𝐸𝐷)−(𝑁𝐼𝑅+𝐵𝐿𝑈𝐸)

(𝑆𝑊𝐼𝑅+𝑅𝐸𝐷)+(𝑁𝐼𝑅+𝐵𝐿𝑈𝐸)
       (8) 

 

It is noted that NIR, SWIR, RED, and BLUE are the spectral bands represent near-

infrared, short wave infrared, red, and blue band respectively (band 4, 5, 3, and 1 in 

Landsat 7 ETM+ imagery; band 5, 6, 4, and 2 in Landsat 8 imagery). 

 

The rationale for temporal changes detection is based on monitoring the spectral 

radiance changes while it composites by two components: the magnitude of change 

and the spectral direction of change. In a multi-dimensional spectral space, CVA 

produces the length and direction of the vector between initial and final imageries.  

 

Combined with two input indexes, the change magnitude function is explained as: 

 

S =  √(𝐵𝑈2 − 𝐵𝑈1)2 + (𝐵𝐼2 − 𝐵𝐼1)2      (9) 

tan 𝛼 =
𝐵𝐼2−𝐵𝐼1

𝐵𝑈2−𝐵𝑈1
            (10) 

 

where: 

S is the magnitude of change vector (also defined as Euclidean distance); 

𝛼 is the direction of change vector; 

𝐵𝑈1, 𝐵𝐼1, 𝐵𝑈2, 𝐵𝐼2 are the indexes from imageries at date 1 and date 2. 

 

By applying CVA, it generated two outputs: a change vector image and a magnitude 

image while they explain the direction and magnitude of change from the first to the 

second input date image. The total change extends for each pixel is also calculated by 

the Euclidean distance between end points though dimensional change space of CVA. 

The concept of CVA can be defined by a cross-quadrant method as Figure 4.5 shown 
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below. The change vector of the spectral pixels consists BU and BI while the length 

between the start and end point of T1 and T2 indicates the change magnitude. The 

change direction of the vector indicates the change dimension. The value of angle 𝛼 

determines the change dimension within the four quadrants.  

 

 

 
Figure 4.6. CVA cross coordinate system for BI and BU 

 

 

 

Figure 4.6 below shows the overview of CVA procedure. The whole process of band 

calculations for the imageries was performed step by step with Band Math Tool in 

ENVI. With the expert knowledge of output spectral pixel values, the generated 

output images can be then classified into change/no-change result image to show the 

land use and land cover changes visually. The thresholding was used as classification 

method that is easy to perform with enough adjustment space for agminated pixel 

values. The threshold with low pixel values indicates fewer changes or no change 

while the threshold with high pixel values indicates significant changes in the location 

areas. Thus, the different level of surface feature changes can be measured based on 

the determination of change threshold in intensity output image. 

 

𝛼 Change Direction 

BI 

BU 

BI 

BU 

Change Vector 

T2 

T1 II I 
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Figure 4.7. Workflow of CVA Procedure 
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4.5.3 Accuracy Assessment of Change Detection 

Based on the results from post-classification comparison and CVA, accuracy 

assessment was implemented to evaluate the performance of these two change detection 

methods. To perform the accuracy assessment on the change detection procedures, one 

approach followed by the error matrix can be used for the single-date classification 

(Conalton & Macleod, 1994). The new expected matrix has the same features as the 

single-date classification error matrix. However, it assesses the errors in changes 

between classified and referenced data images which is not only a single classification.  

 

Figure 4.7 below illustrates the basic concept of the error matrix. For example, the 

sample error matrix for single date classification have three classified land cover 

features A, B, and C. To combined with two different date classification images, the 

matrix for change detection information is converted to dimension 9 by 9. The class 

categories AA, BB, and CC represent the unchanged features between two date images. 

Also, the other class categories indicate the land cover changes, for instance, the change 

from A to B is denoted by AB. The diagonal elements displayed as the red boxes 

indicate the correct classification while the other off-diagonal elements represent the 

omission and commission errors. Subsequently, the change detection error matrix can 

be simplified by collapsing into a no-change/change error matrix that no-changed areas 

are indicated in the upper left box while the changed areas are noted in the lower-right 

box with necessary referenced data beside. The values are recorded as the number of 

pixels or percentage of the total area along the diagonal express the changed and 

unchanged land cover types.  

 

The overall accuracy is reported after the total area in each row or column calculated. 

Two collapsed no-change/change error matrices for two change detection methods have 

been performed to the overall period between 2001 and 2016. Similar to the accuracy 

assessment in image classification, the new referenced ground truth data for no-change 

and change features were collected because of the absence of ground truth image in the 

study area. To achieve reliable accuracy results for both post-classification comparison 

and CVA techniques, the distributions of ground truth points are completely random 

over the study area. A total of 128 points were collected to ensure the large size of 

samples of ground truth data. Besides, the number of no-change/change features 

obtained throughout the careful observation and basic visual check for each single point 

in different images. Towards the approach of accuracy assessment, the overall accuracy 

and Kappa Coefficient of the image information based on two change detection 

methods can be obtained finally. 
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Figure 4.8. Sample Error Matrixes for Single Date Classification, Change Detection, and 

No-Change/Change 

 

 

 

4.5.4 GIS Approach for Result Interpretation  

Jointly with change detection results, a GIS approach was performed to combine the 

integrate land cover images efficiently and to reveal the change dynamics in each 

category. GIS techniques, in addition to allowing database compatibility, also facilitate 

the management of different land cover maps by means of typical vectorial operators 

like “intersect” and “union,” to efficiently evaluate the amount of change. It was used 

to present the change dynamics in each category and making the land cover/land use 

changes more quantitative and visual (Verma, 2009). ESRI ArcGIS Desktop which is 

the most useful GIS software in analyzing and integrating land cover maps to extract 

the GIS information and describe the changes and dynamics of the land cover class can 

be used to explore more changed information among the classified images. Also, the 

amount of change was presented as the form of combined and tabulated maps to obtain 

a more visual result. ArcMap is used in this project to combine the change detection 

result images, urban changed information and geographical location information in a 

summary map. The integrated images of both change detection results from post-

classification comparison and CVA can describe the urban expansion areas in Nanjing 

from 2001 to 2016. 
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5. Results and Analysis 

5.1 Image Classification 

The information of urban land use and land cover features was classified and 

accomplished by Support Vector Machines (SVM). Results obtained from the image 

classification procedure are illustrated in this section.  

 

5.1.1 ROI Separability 

According to the Jeffries-Matusita ROI Separabiltiy results in Table 5.1 below, the 

statistical separability values between each two pair classes are calculated for all 

multispectral images. The output separability values are all above 1.8 and most of them 

is nearly to reach 2.0, which indicates the classes have good separability.  

 

 

Table 5.1. Jeffries-Matusita ROI Separability for the Multispectral Training Classes 

Pair separation 2001 

(Landsat 7 

ETM+) 

2006 

(Landsat 7 

ETM+) 

2011 

(Landsat 7 

ETM+) 

2016 

(Landsat 

8) 

2016 

(Sentinel-

2A MSI) 

urban and 

agriculture 

1.984 1.912 1.999 2.000 1.957 

urban and water 1.996 1.995 1.978 1.998 1.970 

urban and 

shrubland 

1.999 1.990 1.998 2.000 1.937 

urban and forest 2.000 1.994 1.999 2.000 1.936 

urban and barren 1.951 1.914 1.976 2.000 1.927 

agriculture and 

barren 

1.841 1.923 1.887 1.885 1.830 

agriculture and 

shrubland 

1.879 1.936 1.889 1.825 1.804 

agriculture and 

forest 

1.979 1.946 1.934 1.990 1.988 

agriculture and 

water 

2.000 2.000 2.000 2.000 2.000 

forest and 

shrubland 

1.840 1.883 1.868 1.826 1.848 

forest and barren 1.945 1.941 1.990 1.995 1.936 

forest and water 2.000 1.992 2.000 2.000 1.991 

shrubland and 

barren 

1.853 1.809 1.863 1.951 1.914 

shrubland and 

water 

2.000 2.000 2.000 2.000 2.000 

water and barren 2.000 2.000 1.999 2.000 2.000 
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5.1.2 Classification Results 

After running the Support Vector Machine (SVM) supervised classification on the 

remotely sensed datasets for the year 2001, 2006, 2011, and 2016, it generated five 

outcome classified thematic images. The final map for each thematic image is provided 

in Appendix B. 

 

Firstly, the Sentinel-2A MSI imagery is one auxiliary data with higher image resolution 

which used to verify the uniformity of image classification of two different satellite 

data. Figure 5.1 shows the final classified results for Nanjing 2016 with different 

satellite datasets including Landsat 8 and Sentinel-2A MSI. Although the obtained date 

and image resolution for two satellite imageries are different, it still can clearly see they 

have similar image classification result on class distributions over the study area. Other 

than the accuracy assessment, the comparison of two classification results simply 

proved the rationality of SVM classification by a visual check. 
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Figure 5.1. Classification Results for Nanjing 2016 
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Figure 5.2 shows a summarized result for the classified images of 2001, 2006, 2011, 

and 2016 from Landsat series datasets including Landsat 7 ETM+ and Landsat 8. The 

outcomes of classification are assigned with appropriate colors to show different land 

cover features: 1. Urban or Built-up Land (Red), 2. Barren and Soil Land (Yellow), 3. 

Vegetation and Forest (Green), 4. Water and Wetland (Blue). The shadow which is 

created when the original dataset was clipped by the boundary of Nanjing Municipality 

is masked in color black. It is worth mentioning since the resultant classification maps 

of should be able to highlight the “Urban and Built-up” class, the color for this class is 

allocated by red for better embodied from other classes. 

 

In these result images, it is obvious to see that there is one clustering urban and built-

up area located in the central area of Nanjing. As time goes on, the cluster area is spread 

out in every direction from the center. Also, it can be noted the urban areas are expanded 

to both the north and south directions. The southwest part of Nanjing municipality 

shows the chaotic results in different classification images with mixed classified 

features among barren, water, and urban areas.  
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Figure 5.2. Classification Results for Nanjing 2001, 2006, 2011, and 2016 

 

 

The class distribution for each classified image is shown in the following tables from 

Table 5.2 to Table 5.6. From the values in Area and percentage sections, it can be noted 

the urban area is increasing year by year from 788.33 km2 to 1394.3 km2 for the 
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classified image results of Landsat series data. If take a browse at the other classes for 

these years, it can be found the major land cover change took place in agricultural land 

feature which decreased from 2588.15 km2 to 1821.2 km2 from 2001 to 2016. For the 

area of forest, it has some floating changes between 608.93 km2 and 736.51 km2. The 

shrubland also has minor floating changes between 1145.69 km2 and 1330.07 km2. The 

waterbody feature is slightly increased from 663.56 km2 to 843.19 km2. The area of 

barren and soil feature is stable with the value around 620 km2 for the four years. Thus, 

from a roughly guess of those data values, the most of the increased urban land areas 

are changed from agricultural land in this case.  

 

 

Table 5.2. Class Distribution for Nanjing 20010717 

2001_07_17 Npts Area (km2) Percentage 

Urban or built-up land 3481459 788.33 11.87 

Agricultural land 11502905 2588.15 39.23 

Forest land 3235003 727.88 11.03 

Shrubland 5091938 1145.69 17.37 

Water 2949135 663.56 10.06 

Barren and soil land 3057648 687.97 10.43 

Total 29318089 6596.57 100 

 

Table 5.3. Class Distribution for Nanjing 20060731 

2006_07_31 Npts Area (km2) Percentage 

Urban or built-up land 4151025 933.98 14.16 

Agricultural land 10682876 2403.65 36.44 

Forest land 2706368 608.93 9.23 

Shrubland 5911431 1330.07 20.16 

Water 3232011 727.20 11.02 

Barren and soil land 2634378 592.74 8.88 

Total 29318089 6596.57 100 

 

Table 5.4. Class Distribution for Nanjing 20110729 

2011_07_29 Npts Area (km2) Percentage 

Urban or built-up land 4800843 1080.19 16.38 

Agricultural land 9403124 2115.70 32.07 

Forest land 2778722 625.21 9.48 

Shrubland 5777130 1299.85 19.71 

Water 3768851 847.99 12.86 

Barren and soil land 2789419 627.62 9.51 

Total 29318089 6596.57 100 
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According to Table 9 and Table 10, both of the classified urban or built-up land features 

take 21% of the total area in Landsat 8 and Sentinel-2A MSI. Also, it can be noted from 

the two classified images that the urban area distributed as the same as each other. 

Therefore, classification result of the auxiliary data of Sentinel-2A MSI imagery proves 

the proper classification results for Landsat series data, which provides a double 

confirmation rather than accuracy assessment.  

 

 

Table 5.5. Class Distribution for Nanjing 20160727 

2016_07_27 Npts Area (km2) Percentage 

Urban or built-up land 6196905 1394.30 21.14 

Agricultural land 8094215 1821.20 27.61 

Forest land 3273399 736.51 11.17 

Shrubland 5245990 1180.35 17.89 

Water 3747530 843.19 12.78 

Barren and soil land 2760050 621.01 9.41 

Total 29318089 6596.57 100 

 

Table 5.6. Class Distribution for Nanjing 20161007 

2016_10_07 Npts Area (km2) Percentage 

Urban or built-up land 13921339 1392.13 21.10 

Agricultural land 17146821 1714.68 25.99 

Forest land 7299761 729.98 11.07 

Shrubland 11916516 1191.65 18.06 

Water 8263877 826.39 12.53 

Barren and soil land 7417386 741.74 11.24 

Total 65965700 6596.57 100 

 

 

 

5.1.3 Accuracy Assessment 

In this stage, both the training area (previously created in the training phase of the 

supervised classification) and those ground truth data were selected randomly were 

assessed. For the purpose of accuracy assessment, the region of interest (ROIs) ground 

truth data is assumed to be entirely correct and is thus used for the accuracy assessment. 

To better control the size of the ground truth data sample, the number of collected pixels 

for each class category is above 3500. The detailed accuracy of each class category for 

the five operated images are shown in Appendix A. 
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Table 5.7 below shows the result of the overall accuracy of each classified image. The 

Kappa Coefficient represents the agreement between classification and the ground truth 

data. These values for all image results larger than 0.8 and even nearly to reach 1 that 

indicate perfect agreement between them. It can be seen the overall classification 

accuracy for the classification of all scenes are above 90%, which was found to be 

acceptable for the final assessment. Besides, all the detailed accuracy of each class for 

the classified images are found to be above 90% as well. Through the review of these 

accuracy results, each land feature has relatively high precision, in particular for the 

urban and built-up feature. Towards the accuracy assessment, it verified the reliability 

of the classification and can be carried out for the next stage of change detection 

analysis. 

 

Table 5.7. Statistics of Overall Accuracy and Kappa Coefficient for SVM Classification Results 

Data Overall accuracy (%) Kappa Coefficient 

2001 (Landsat 7 ETM+) 94.89 0.93 

2006 (Landsat 7 ETM+) 95.92 0.95 

2011 (Landsat 7 ETM+) 94.99 0.93 

2016 (Landsat 8) 94.87 0.93 

2016 (Sentinel-2A MSI) 95.43 0.94 

 

 

5.2 Change Detection 

5.2.1 Post-classification Comparison 

In order to ensure the unity of input satellite data, including the same image resolution, 

for the 2016 classified image, the classification result of Landsat 8 imagery was used. 

The input satellite datasets obtained from the same season in July, which means there 

are very fewer effects caused from narrow and temporary water surface such as creeks 

and seasonal streams. As mentioned earlier, the overall change detection analysis 

performed from the initial and end based on the multi-temporal satellite imageries that 

are the changes between 2001 and 2016.  

 

The cross tabulation is generated from the post-classification comparison as Table 5.8 

shown below to determine the amount of conversion from each land cover feature class 

to another between 2001 and 2016. The results combined to produce the transition 

matrices with land cover changes by period for 2001 to 2016. The quantification of 

changes for the different categories is provided with relevant statistics aggregated for 

each classified class. The values along with the diagonal boxes indicated the area of the 
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unchanged land cover types and changed land cover types. The last row sums up the 

last third of the row sums up the land cover areas at the beginning while the column on 

the right sums up the land cover areas at the end. Thus, the land cover changes are 

described by the image difference section between the two images with different time. 

According to this table, it is clear to see that there is a significant amount of difference 

with approximately 610.98 km2 on the urban or built-up land feature between two 

images, which takes up 9.28 % of the total area in Nanjing Municipality. The major 

decreasing land cover feature is the agriculture land with 766.96 km2. There are slightly 

changes on forest, shrubland, and barren land. For the area of waterbody feature, it 

increased by 179.64 km2. To sum up, the overall changes trend to the conversion from 

un-urban areas to urban areas, especially for agriculture land area. 

 

Table 5.8. Cross Tabulation of Land Cover between 2001 and 2016 

Land cover types 2001 (km2) 

Urban Agriculture Forest Shrubland Water Barren Class 

total 

2016 

(km2) 

Urban 631.96 458.82 78.93 134.96 54.49 35.14  1394.30 

Agriculture 66.78 1511.97 63.19 117.57  41.01 20.68 1821.20 

Forest 22.41 65.02 486.51 140.28 9.53 12.76  736.51 

Shrubland 26.62 376.96 43.38 686.98 12.54  33.87  1180.35 

Water 23.49 150.189 47.17 20.57 537.47 64.31  843.19 

Barren 12.07 25.191 8.7 45.33  8.52  521.21 621.02 

Class total 783.33 2588.15 727.88 1145.69 663.56 687.97 6596.57 

Class 

changes 

151.37 1076.18 241.37 458.71 126.09 166.76  

Image 

difference 

610.98 -766.96 8.64 34.67 179.64 -66.96  

 

After post-classification comparison performed in this period, the total of six classified 

class mask images exported afterward. After compared each land cover mask images, 

the agriculture land and shrubland mask images have the best interpretation of urban 

changes with clustered red pixels over the image. According to the five un-urban areas 

(agriculture, forest, shrubland, water, and barren) mask images as shown in Figure 5.3 

below (final maps for each mask image can be found in Appendix C), the red pixel 

describes the changes from each class to the urban area from 2001 to 2016. The water 

mask image has a few changes while most of the water body feature appear to turn into 

the urban feature. In the agricultural mask image, it is clear to see the large area of 

coverage of red pixels over the image and especially distribute around central city area, 

indicating the main changes from agricultural land area to the urban area. Also, there 
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are many red pixels clustered in both the north and south which are rural areas indicates 

a change from un-urban area to urban in rural. The red pixels formed to the inner-city 

boundary that can explain the high urban development inside the boundaries without 

any changes over the years. In the meantime, it can be noted there many other color 

pixels indicates the masked features changed to other un-urban areas. However, they 

distribute scattered over the image together with few un-urban to urban changes. The 

shrubland mask image also has many red pixels indicate the urban area changed from 

vegetation areas. Nonetheless, these pixels are scattered and randomly distributed in the 

study area. 

 

 

Figure 5.3. Mask Images from Nanjing 2001 to 2016 
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By applying the combination of the three time-phased changes with the overall changes, 

the summarized tables are generated and shown in Table 5.9 and Table 5.10 below to 

show the details of the change in the period from 2001 to 2016. In Table 5.9, it can be 

found the area of the agriculture feature is reducing while the urban feature keeps 

growing from 2001 to 2016. For the four least changes feature: forest, shrubland, water, 

and barren, they all have some floating changes in areas in the study period. To better 

see the changes on the proportion of each class in different periods, Table 5.10 is 

provided that cumulative percentage of change in each class is calculated. In overall 

changes section, it can be seen the agricultural land has the highest negative value while 

the urban feature has the highest positive value on percentage. It indicates the largest 

amount of changes taken place in agriculture and urban land cover features.  

 

 

Table 5.9. Changes occurred between 2001 and 2016 (in km2) 

Class name 2001-2006 2006-2011 2011-2016 Overall 

changes  

Urban 150.65  146.21  314.11  610.98  

Agriculture -184.51  -287.94  -294.50  -766.96  

Forest -118.94  16.28  111.30  8.64  

Shrubland 184.39  -30.22  -119.51  34.66  

Water 63.65  120.79  -4.80  179.64  

Barren -95.24  34.88  -6.61  -66.96  

 

 

Table 5.10. Changes occurred between 2001 and 2016 (in percentage) 

Class name 2001-2006 2006-2011 2011-2016 Overall 

changes  

Urban 2.29  2.22  4.76  9.27  

Agriculture -2.79  -4.37  -4.46  -11.62  

Forest -1.80  0.25  1.69  0.14  

Shrubland 2.79  -0.45  -1.82  0.52  

Water 0.96  1.84  -0.08  2.72  

Barren -1.44  0.52  -0.10  -1.02  

 

5.2.2 Change Vector Analysis (CVA) 

The first procedure of imagery transform is processed by Band Math Tool in ENVI with 

floating point output data type. The BU and BI results for Nanjing 2001 and 2016 are 

shown in Figure 5.4 below. For the output images BU and BI, the pixel values range 

from -1 to 1 while the higher pixel value indicates higher possibility of built-up land 

and soil land respectively.  
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a)  BU Image for Nanjing 2001      b)  BU Image for Nanjing 2016 

       

c) BI Image for Nanjing 2001      d)  BI Image for Nanjing 2016 

Figure 5.4. Imagery Transformed Results 
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After the second procedure for CVA calculations, the change vector magnitude and 

direction output images are generated as the Figure 5.5 and Figure 5.6 shown. For the 

change intensity image, the more brightness pixel indicates a higher level of surface 

change while the less brightness pixel represents less or no surface change instead. The 

direction output image shows the changing dimension of land cover features. For 

change direction image, as discussed by the cross-coordinate system in 3.6.2, the four 

dimensions of changes can be further categorized along with the two input indexes BU 

and BI. The different change dimensions are categorized with different colors as the 

description table shows in Table 5.11 below. 

       
Figure 5.5. Change Intensity Image     Figure 5.6. Change Direction Image 

 

Table 5.11. The description of CVA change dimensions 

Change dimension BU BI Description 

I + + Moisture or 

Chlorophyll 

reduction 

II - + Bare and soil land 

expansion 

III - - Moisture or 

Chlorophyll increase 

IV + - Urban or built-up 

area expansion 
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According to the change dimension description table, the dimension II and IV with 

negative pixel values indicate a land cover feature transition between soil and built-up 

land. The dimension I and III with positive pixel values represent changes with other 

land cover features including moisture and vegetated features.  

 

For better translate and present the changed features from 2001 to 2016, the combined 

output images are classified into change/no-change result image based on threshold 

determination. With the aid of field study and knowledge of study area, several tries of 

classification are made for CVA intensity image by identifying the pixel value 

histogram. The final classified change/no-change image is generated as Figure 5.7 

shows. The changed areas are marked with red color while the no change areas are 

illustrated by black pixels.  

 

Figure 5.7. CVA Classified Image 
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5.2.3 Accuracy Assessment of Change Detection 

According to the change detection confusion matrix as Table 5.12 and Table 5.13 shown 

below, it can be noted the matrix provides the means to determine the detailed accuracy 

information of post-classification comparison and Change Vector Analysis methods. 

Moreover, it utilizes the fundamental accuracy assessment techniques that already 

available for multi-date accuracy assessment as the image classification procedure 

shows. Thus, it is useful to quantitatively assess and compare the change/no-change 

errors from this change detection technique.  

 

By implementing the visual check on 1152 collected ground truth points, the no-change 

and change information are collected for both post-classification comparison and CVA 

results. It is easy to see from the two tables; there is a difference on the total number of 

pixels of both change and no-change class between two change detection methods. 

Comparing to the ground truth data class, the number of pixel in change class for post-

classification comparison is higher with about 24 points while the no-change class is 

less with about 24 points relatively. On contrast, for CVA, the change and no-change 

classes are less and more than about 135 points than the ground truth classified classes 

respectively. Therefore, comparing to the referenced truth data, the post-classification 

comparison produces more corrected classified change and no-change pixels while the 

CVA is not. 

 

 

Table 5.12. Confusion Matrix for Post-Classification Comparison 

 Truth 

No Change Change Total 

Predicted No Change 426 47 473 

Change 113 566 679 

Total 539 613 1152 

 

 

Table 5.13. Confusion Matrix for Change Vector Analysis 

 Truth 

No Change Change Total 

Predicted No Change 465 209 674 

Change 74 404 478 

Total 539 613 1152 
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Table 5.14 and Table 5.15 show the change detection statistics for both of the change 

detection methods. The overall accuracy for post-classification comparison is 86.11% 

while the Kappa Coefficient is 0.72; the overall accuracy for CVA is 75.43% while the 

Kappa Coefficient is 0.51. Thus, both overall accuracy and Kappa Coefficient of post-

classification comparison are higher than CVA. As discussed in section 4.3.4, both 

Kappa Coefficient 0.72 and 0.51 are belonging to the middle agreement between the 

classified pixels and the ground truth pixels. Therefore, the strength of agreement for 

CVA is considered to be moderate while post-classification comparison is defined as 

good. In other words, both accuracy results are not ideally good in this case. For the 

commission error and omission error results, the post-classification comparison shows 

fewer errors except for the no-change omission error. It demonstrates there are 

relatively more pixels that belong to the no-change class but are labeled as belonging 

to the change class in post-classification comparison. Furthermore, excluding the no-

change producer accuracy, the other values of producer accuracy and user accuracy in 

post-classification comparison accuracy assessment are higher than CVA results. 

Therefore, only the probability of no-change pixels classified correctly in CVA is higher 

than post-classification comparison result. Thus, even though the CVA has many no-

change pixels are unclassified to change class, it does not produce misclassified no-

change pixels. In other words, the reason why the change class has less number of pixels 

is probably because of the conservative classification on thresholding.  

 

 

Table 5.14. Change Detection Statistics for Post-Classification Comparison 

Overall Accuracy  86.11% 

Kappa Coefficient 0.72 

Class Commission Error 

(%) 

Omission Error 

(%) 

Producer 

Accuracy 

(%) 

User 

Accuracy 

(%) 

No Change 9.94 20.96 79.04 90.06 

Change 16.64 7.67 92.33 83.36 

 

 

Table 5.15. Change Detection Statistics for Change Vector Analysis 

Overall Accuracy 75.43% 

Kappa Coefficient 0.51 

Class Commission Error 

(%) 

Omission Error 

(%) 

Producer 

Accuracy 

(%) 

User 

Accuracy 

(%) 

No Change 31.01 13.73 86.27 68.99 

Change 15.48 34.09 65.91 84.52 
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6. Discussions 

6.1 Further Interpretation of Results 

In this part, all the results obtained from previous data processing part were extracted 

and purified to present more detailed information of land use and land cover changes 

in Nanjing from 2001 to 2016.  

 

6.1.1 Image Classification 

According to the SVM classification results in 4.1.2, the land cover distribution in 

percentage can be calculated for each image. As Figure 6.1 shows, the columnar with 

red color indicates the part of the urban or built-up land area. The land proportion of 

urban area is increased from 11.87% to 21.14% from 2001 to 2016. It can be noted the 

agricultural land takes the largest proportions for the four years, with 39.23% in 2001 

and 27.61% in 2016. Besides, the shrubland has the second largest proportions in four 

years and it is slightly increased from 17.37% to 17.89% from 2011 to 2016. The rest 

three land cover features: water, forest, and, barren and soil land features have small 

changed proportions less than 2% for each changed period from 2001 to 2016. All of 

the changing characteristics verified the largest land cover feature transition took place 

from agricultural land to other land cover features.  

 

 

 

Figure 6.1. Land Cover Distribution from 2001 to 2016 in Percentage 
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6.1.2 Change Detection Analysis  

By using GIS techniques, the change detection results generated from ENVI are 

converted from raster to vector images to display the changed pixels related to urban or 

built-up areas. For the post-classification comparison, the expanded urban area pixels 

are extracted from the three mask images vegetation, barren, and water. Simultaneously, 

for the change vector analysis, the expanded urban area pixels are obtained from the 

fourth change dimension of change direction result image.  

 

Figure 6.2 and Figure 6.3 show the results of urban expansion information from two 

change detection methods. The result images are joined with expanded urban pixels, 

world imagery, and Nanjing district boundary. It can be seen the red pixels which 

indicate the new urban areas are distributed in nearly the same locations in both images. 

However, the pixels are more scattered in the result image of CVA while they are denser 

in the result image of post-classification comparison. Besides, it is clear to see there are 

more urban area pixels in post-classification comparison result image than CVA. As the 

imagery layer shows the general distribution of land covers, it is easy to see there are 

very small amount of expanded urban areas are overlaps with the vegetation and water 

features in both result images. From both images, the new urban areas are mostly 

distributed around the central city area, both side of Yangtze River, and Southwest area.  

  

  

Figure 6.2. Post-Classification Comparison Result Figure 6.3. Change Vector Analysis Result 
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6.2 The Spatial Distribution Characteristics of Urban Expansion in Nanjing  

From section 6.1.2, the result of urban changes presented as the ways of urban sprawl 

in the Yangtze River as the center axis while the two wings keep expanding to the outer 

sides. The spatial distribution pattern of this trend of extension roughly renders as “+” 

word. In along the urban expansion on both sides of the Yangtze River, the urban land 

gradually expanded along the southeast of the central. Simultaneously, the most visible 

urban expansion area is located within the scope of the Qinhuai River coast area.  

 

With the expanding of the central city area, the urban land use in main city area tends 

gradually saturated. The major urban expansion is under way to the suburb areas 

including Xianlin, Pukou, Liuhe, Lishui, and Gaochun. It is also noticeable that there 

are many newly developed roads distributed over the city which connect the agminated 

new urban areas. Comparing to the south area of the Yangtze River, the north part has 

less expanded urban areas that probably because the location of the central city area is 

in the south of the Yangtze River. 

 

6.3 Recommendations for Future City Development 

Through the effective and scientific implementation of city planning, the rational use 

of urban land resources can be arranged which refers to a more sustainable city 

development. Looking into the future, what will be a sustainably developed city of 

Nanjing? Based on the calculation on current population growth data for Nanjing, the 

urban population predicted to reach 10.6 million in 2030. To adapt to this growth, the 

expansion of urban area is inevitable. However, how to achieve the economic objectives 

while carrying out the necessary environmental and ecological protection for the 

existing vegetation and water at the same time, is still a topic worthy to be discussed. 

Nanjing, as a provincial capital and major city, the deliberate planning should be made 

during the process of development that helps to balance the social, economic, and 

environmental benefits in the future. According to the findings of this research study, 

several recommendations are summarized below.  

 

 First, appropriate land use management strategies for the areas along the 

Yangtze River need to be made. With the growing urban and built-up areas in 

both sides of the river, the man-made pollution that is a serious challenge threats 

present environment of the lower reaches of Yangtze River. By implementing 

these strategies will help to improve local environmental quality and prevent 

further pollution effectively in the long term.  
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 Second, it is also beneficial to establish corporation between local urban 

planning agencies and environmental research institutions to provide a system 

which focuses on environmental data collection, satellite data analysis, and 

environmental risk analysis.  

 Furthermore, it is found that the vegetation coverage in central city area is 

decreasing. Facing the problems of harsh air quality in China, green vegetation 

in the urban area should be protected because they can directly improve the 

city’s air quality. The city decision maker should have such a sense that a great 

city planning can combine both the nature and urban landscape together 

perfectly. 

 Last but not least, the unscientific way of urban planning and land use 

management will lead to the loss of functionality of land itself. For example, 

there is an existing phenomenon that China's real estate developers run 

enclosure movement to build large size of the residential area but with 

inadequate infrastructure serve the community. Meanwhile, people still buy 

those houses for investment purpose, which leads to high vacancy rate. Nanjing 

is currently building new Jiangbei Area, which is a national level area. To avoid 

the occurrence of such situations, the local government should establish 

corresponding policy for city planning. 

 

In a nutshell, a sustainable urban development focuses on ensuring a higher quality of 

living in the city, which relies on scientific application and expert knowledge. There is 

always a great potential to make the city developed better even in every daily activity 

if decision makers consider the professional advice from different fields. 

 

 

6.4 Implications and Limitations of Proposed Methods 

For image classification, the SVM classifier shows advantages on self-adaptability, fast 

learning pace, and reliable accuracy. It has high demand on the size and quality of 

training data which makes it produce good classification results. In this study, the SVM 

is proved to be a robust classifier that works well with multi-class separation. However, 

since the necessary part for operating the method need rational input parameters such 

as the kernel types and penalty value, it is hard to generate a perfectly matched model. 

The machine also takes a lot of time to operate the classifying part which reduces the 

overall operational efficiency. In general, SVM still produces good and competitive 

classification results which are significant for change detection analysis.  
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According to the results from two different change detection methods, the 

characteristics and difference between them are evident to see. The operation for post-

classification comparison is very straightforward that the change statistics are generated 

based on the classification results. The mask images which automatically created by the 

system give detailed information even accurate to each single pixel. Thus, this method 

provides the comprehensive change information of “from” and “to” in both qualitative 

and quantitative way. However, considering the processing way of this method, the 

accuracy of the change results is always influenced by the accuracy of image 

classification, which leads to propagation errors. The other change detection method 

Change Vector Analysis is also robust for generating change information based on all 

information and all bands. The operation part skips the image classification that can be 

directly performing on the prepared satellite data. Comparing to the post-classification 

comparison, it not only provides change direction information but gives change 

intensity information. One of the major limitations of CVA is that the type of changes 

is difficult to interpret because the way of classifying the pixel value threshold is 

sometimes subjective to differentiate. Also, it requires the thorough understanding of 

the input data or indices, and only in this way can make the change directions have an 

exact description. As a result, the processing way of CVA is adjustable within a wide 

range that leads to poor accuracy on the change information. As proved by the change 

detection accuracy assessment, the overall accuracy for CVA is much lower than post-

classification comparison.  

 

In the change detection accuracy assessment part, there is no simple way to assess the 

errors because of the absence of referenced ground truth image. The confusion matrix 

is generated in virtue of ground truth ROIs which requires high precision of human 

observation and operation. By using the change detection error matrix, the change 

information can be quantitatively assessed since it utilizes the accuracy assessment for 

single-date classification. The reported error matrix can be simplified to no-

change/change matrix that makes it become a useful tool for assessing the change 

detection errors, especially when the change types are categorized in no-change/change 

classes.   
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7. Conclusions 

7.1 Project findings 

This research study shows that land-based satellite remote sensing is highly effective 

and efficient in detecting urban land use and land cover changes within the city. The 

free and open high-resolution satellite imagery data, such as the Landsat 7 ETM+, 

Landsat 8, and Sentinel-2A MSI, is the excellent source of accurate information on 

monitoring the land cover changes that are needed by decision makers and planners in 

a long-term. Also, due to the high correlation between land cover changes and other 

changed geographical information, the utilization of GIS technology is a beneficial way 

in monitoring change patterns and predicting future rate of change in the different level 

of regions. The change patterns such as urban population and number of residential 

houses can be developed for further parametric analysis with a combination of Remote 

Sensing and GIS techniques.   

 

7.1.1 Urban Land Use and Land Cover Changes in Nanjing 

With the growth of the urban population in Nanjing as the years goes, the changes in 

human factors are also changing the use of many land cover areas into urban 

construction lands, such as the residential houses, internal and regional highways, and 

other new uses. According to the urban land use and land cover classified images and 

change result images, the major expanded urban and built-up areas are distributed 

around the central area of Nanjing. Also, large areas on both sides of the Yangtze River 

became to urban areas. Although the urban built-up area is increased by 9.27% from 

2001 to 2016, the forest land, shrubland, and water feature area are not reducing but 

increased by 0.14%, 0.52% and 2.72% respectively instead. Meanwhile, the decreasing 

area in the land features is mostly the agricultural land. Therefore, the green land and 

water areas are protected while the urban land is expanded, which proves the urban 

develop conception in Nanjing is based on the ecological environment construction as 

the main strategy. It meets the long-term goal of the excellent residential environment 

of a modern center city. 

 

7.1.2 Overview of Two Proposed Change Detection Techniques 

Post-classification comparison is found to be a useful method in monitoring surface 

changes in the different class of land cover features within an observed period. It 

provides “from” and “to” information, which is effective in studying the urban changes, 

especially the presence of new urban and built-up features. With the help of SVM 

supervised classification, unwanted classes were eliminated to make change detection 
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subject stick to the research topic. Also, SVM classification did provide high accuracy 

on classifying the multi-temporal satellite imageries that further improves the accuracy 

and quality of changed information. On contrast, because it requires image 

classification in advance to perform change detection analysis, it costs more time and 

labor. Moreover, the interpretation of most urban or built-up area is not always accurate 

since it involves homogeneity in each single pixel, especially for low-resolution 

imageries. For example, the built-up land pixels are always mixed with other land cover 

features such as vegetation and moisture features. Thus, the accuracy of image 

classification influents the accuracy of change detection results which leads to a 

compounding effect.  

 

Comparing to the post-classification comparison, CVA does not require image 

classification procedure while it still can extract change information from 

multitemporal satellite imageries. It provides rich qualitative information about land 

feature changes by using all the selected data layers and bands. The main shortage for 

CVA is the created change vectors indicate the dynamic information without stating the 

information itself. For example, the increased urban land is defined as an increase in 

BU and decrease in BI in this study, but it neither indicates the changed area was barren 

and soil land previously nor that it has changed to urban and built-up land. The 

particular land cover change information needs to be interpreted from change intensity 

and change direction images which require wealthy knowledge of the study area and 

pixel values. Thus, the accuracy for CVA is always reported as low in change detection 

accuracy assessment. As be found in this study, the accuracy for CVA is only 75.43% 

while the post-classification comparison is higher with 86.11%, which is mostly 

because of the empirical threshold determination. 

 

7.2 Future Research Directions 

From this study, it is found that the two change detection techniques post-classification 

comparison and CVA have their strengths and shortcomings on processing change 

detection analysis for urban land use and land cover features. Following the principle 

of showing one’s strong points and hiding one’s weaknesses can help researchers obtain 

more useful information for urban studies. Based on this principle, some future research 

directions can be made when considering the two techniques: 

 

 For post-classification comparison, further study on how to improve accuracy 

can be made. Also, use higher spatial resolution satellite data will help to 

perform more detailed change information. 
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 For CVA, because the selection of change vectors is an open subject and it is 

quite customized to the research goal, the more optimized data can be added 

such as the thermal bands that make it possible to include more indices and then 

generate more accurate change information on the targeting land cover features.  

 When studying the topic of urban land use and land cover changes, the change 

results produced by these two change detection methods can combine with GIS 

technique to process more useful information. For instance, the possible extra 

geographical and spatial data can be added together with the change information 

to further present and interpret the changes. 
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Appendices 

Appendix A – Accuracy Results of Ground Truth Data Samples 

 

 

Table A.1. Accuracy Result of Class Category for 20010717 Classified Image 

Class Prod. Acc. (%) User Acc. (%) Prod. Acc. 

(Pixels) 

User Acc. 

(Pixels) 

urban  98.76 95.03 5101/5109 5101/5368 

Agriculture 94.13 97.87 6125/6647 6125/6258 

Forest 93.47 98.29 4398/4864 4398/4475 

Shrubland 92.98 89.79 4453/4874 4453/4959 

Water 96.67 98.15 3928/4102 3928/4002 

barren 92.3 91.26 4322/4683 4322/4736 

 

 

 

Table A.2. Accuracy Result of Class Category for 20060731 Classified Image 

Class Prod. Acc. (%) User Acc. (%) Prod. Acc. 

(Pixels) 

User Acc. 

(Pixels) 

urban  96.35 94.36 4676/4853 4676/4955 

Agriculture 95.21 94.78 5026/5334 5026/5377 

Forest 99.73 98.15 3935/3946 3935/4009 

Shrubland 94.26 91.96 4541/4779 4541/4938 

Water 98.64 99.18 4411/4472 4411/4447 

barren 93.57 94.82 3750/4008 3750/3955 

 

 

 

Table A.3. Accuracy Result of Class Category for 20110729 Classified Image 

Class Prod. Acc. (%) User Acc. (%) Prod. Acc. 

(Pixels) 

User Acc. 

(Pixels) 

urban  96.84 94.35 5157/5325 5157/5848 

Agriculture 92.03 91.48 4897/5321 4897/5924 

Forest 97.89 94.23 5973/6102 5973/6417 

Shrubland 94.08 96.47 5603/5956 5603/5620 

Water 99.41 99.51 4680/4708 4680/4634 

barren 91.02 92.64 4946/5434 4946/5093 
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Table A.4. Accuracy Result of Class Category for 20160727 Classified Image 

Class Prod. Acc. (%) User Acc. (%) Prod. Acc. 

(Pixels) 

User Acc. 

(Pixels) 

urban  99.87 99.94 4703/4709 4703/4706 

Agriculture 96.51 90.22 4817/4991 4817/5339 

Forest 99.11 97.05 4176/4214 4176/4303 

Shrubland 91.4 87.52 4331/4739 4331/4949 

Water 99.98 99.97 4871/4872 4871/4872 

barren 90.16 88.22 3899/4324 3899/4420 

 

 

 

 

Table A.5. Accuracy Result of Class Category for 20161007 Classified Image 

Class Prod. Acc. (%) User Acc. (%) Prod. Acc. 

(Pixels) 

User Acc. 

(Pixels) 

urban  95.37 99.61 4460/4676 4460/4477 

Agriculture 96.21 91.41 4156/4320 4356/4547 

Forest 97.15 91.34 4327/4454 4327/4737 

Shrubland 93.89 94.74 3397/3618 3397/3586 

Water 99.97 99.72 3794/3795 3794/3805 

barren 90.12 95.64 3295/3656 3295/3445 
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Appendix B – Classification Results 

 
Figure B.1. Nanjing 2001 Classification Result 
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Figure B.2. Nanjing 2006 Classification Result 
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Figure B.3. Nanjing 2011 Classification Result 
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Figure B.4. Nanjing 2016 (Landsat 8) Classification Result 
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Figure B.5. Nanjing 2016 (Sentinel-2A MSI) Classification Result 
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Appendix C – Change Detection  

 

 

Figure C.1. Agircultural Land Mask Image 
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Figure C.2. Forest Land Mask Image 
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Figure C.3. Shrubland Mask Image 
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Figure C.4. Water Mask Image 
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Figure C.5. Barren and Soil Land Mask Image 
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