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ABSTRACT: 

 

Urban built-up area change information in multiple periods is a pivotal factor in global climate change application and sustainable 

development research. Due to spatial-temporal expression of land cover types, processing speed and operability, built-up area change 

information extraction using Landsat time series data is still a challenging task. To provide insights into the inter-annual dynamic of 

land use change, focusing on how time series characteristics improves recognition of urban change and how much online extraction 

convenience is facilitated, this paper presents a new methodology to built-up change area extraction using inter-annual time series of 

Landsat images. The central premise of the approach is that time series characteristics are firstly expressed by spectral index. The 

logistic algorithm is then used in time series trajectory modelling of land cover types for annual urban built-up change area extraction. 

Finally, the individual steps of the whole process, including image selection, time series trajectory modelling and results display, are 

converted to web service for online processing. The further comparison is also conducted between the proposed method and post-

classification comparison method. Results show that the online processing mode has strengths regarding the provision of functionality 

to user-end, the automation of recurring tasks or the sharing of workflows. Results also demonstrate that the proposed method improves 

the accuracy of annual urban built-up change area extraction.   

 

 

1. INTRODUCTION 

Urban built-up area change information in multiple periods (i.e. 

three or more) is pivotal to understand the complex drivers and 

mechanisms in global climate change and to forecast future land 

use trends in sustainable development (Arsanjani, et al., 2016; 

Aburas, et al., 2018 ). Over the past three decades, urban area in 

developing countries such as China and India, has been 

expanding at an unprecedented pace, due to significant economic 

development and human activities. One consequence is that 

urban extent will undoubtedly continue to grow, as well as its 

effect.  

  

In recent ten years, many studies on urban area and change 

extraction with Landsat time series data have already been 

carried out (Landsat time series data refers to annual or monthly 

Landsat images, or all available Landsat images during a long 

period time like ten or more years). Most existing urban land 

change studies only use few multi-temporal Landsat data (e.g. 

images of each five years) in urban expansion analysis. Few 

existing studies adopted the post-classification method for 

extraction of annual urban expansion from Landsat time series 

data, which first classifies Landsat images of each year separately 

and then compares classification results to obtain urbanization 

dynamic (Zhang, et al., 2016; Sumari, et al., 2017; Yu, et al., 

2018).  

 

Time series analysis algorithm is another existing way for land 

cover change extraction, in which each original image of time 

series is firstly expressed as feature image by the feature or index 

that reflect characteristics and difference among land cover types, 
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feature time series is constructed with these feature images. Thus, 

pixel-based change trajectory in time series can be obtained and 

analysed to extract change information of the land cover type 

(Sun, et al., 2017; Shen, et al., 2017; Quan, et al., 2018). Most 

existing studies of urban change extraction with time series 

analysis algorithm focus on vegetation/forest, such as VCT 

(vegetation change tracker) algorithm (Li, et al., 2009), temporal 

segmentation algorithm (Cohen, et al., 2010), sin and cos fitting 

algorithm (Zhu, et al., 2014). Post-classification methods and 

time series analysis algorithms are efficient approaches for land 

cover change extraction. However, post-classification methods 

have high requirement of classification accuracy of each image 

in time series. If a large classification error exists, it will cause 

large change extraction error and the subtle changes may not be 

detected. Because of strong spectral heterogeneity of urban built-

up area in such 30m spatial resolution images, it is difficult to 

select or make a factor to construct feature time series for built-

up area, which may affect the accuracy of urban built-up area 

change extraction. 

 

In the intelligent era, the pattern of remotely sensed information 

processing is gradually transformed from traditional desktop-

based geoprocessing to distributed online geoprocessing (Guo, et 

al., 2010; Wu, et al., 2015). Web-based service has become one 

of the major solutions for providing online remote sensed 

processing (Sun, et al., 2012; Chen, et al., 2015). However, most 

of present studies have focused on online remote sensed image 

pre-processing (Hofer, et al., 2015), few of online change 

extraction has been investigated. 
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Therefore, in this paper, we proposed a new methodology of 

mapping urban built-up area growth dynamics from Landsat time 

series data. All annual Landsat time series images were expressed 

by one spectral index as a time series feature image. Then the 

logistic algorithm is used in time series trajectory modelling of 

land cover types for annual urban built-up change area extraction. 

The whole process of the extraction is converted to web service 

for online processing. The proposed method is further compared 

with the post-classification comparison method. The 

performance of annual urban built-up change area extraction is 

assessed. 

2. METHODOLOGY 

The main idea can be summarized as follows. First, one feature 

factor was selected to extract time series feature image from 

Landsat time series data (section 2.1). Then time series trajectory 

from feature image is consistency checked and fitted with the 

logistic regression model, a time series trajectory model for 

detecting annual urban built-up change is constructed. The 

annual urban built-up change area is extracted (section 2.2). 

Finally, the whole process of the extraction is converted to web 

service for online processing. The proposed method is further 

compared with post-classification comparison method. The 

performance of annual urban built-up change area extraction was 

assessed (section 2.3). 

 

2.1 Spatial-temporal Variation Analysis and Time Series 

Expression 

The spectral mixing characteristics and spatial-temporal 

variations of urban built-up area and other land cover types are 

first explored and analyzed. using spectral data-DN values, 

spectral index like the normalized difference vegetation index 

(NDVI), the normalized difference built-up index (NDBI) and 

the biophysical composition index (BCI) (Deng, et al., 2012). On 

this basis, inter-annual time series characteristics of urban build-

up area and other land cover types is expressed using the index, 

which can distinguish vegetation and built-up area significantly, 

as well as reduce the confusion between bare land and built-up 

area.  The time series feature image consists of feature bands, 

each of which is extracted from a single remotely sensed image 

by scientific calculation formula of the index. For each pixel of 

the feature image, there are a series of index values which can 

reflect land cover types and dynamic change in the time domain 

 

2.2 Time Series Trajectory Modelling and Change 

Extraction 

The time series trajectory for the urban built-up area and other 

land cover types in each pixel is extracted from the time series 

feature image. Consistency check of the time series trajectory is 

then conducted. Based on the hypothesis there are few conditions 

of non-urban built-up area which is transferred to urban built-up 

area and then transferred back to non- urban built-up area (bare 

soil), this paper mainly focuses on the urban change of the certain 

condition, which is only from non-urban built-up area to urban 

built-up area. The time series trajectory is further reselected 

according to the hypothesis. Since the single-growth pattern of 

logistic regression model (Zhang, et al., 2004) is fitted to the 

urban change in time series feature image, a logistic regression 

model is used in time series trajectory modelling. Finally, the 

change time of urban built-up area is calculated based on 

parameters estimated from time series trajectory model. 

 

2.3 Processing Service Publication and Information 

Evaluation 

Referring to the idea of the service-oriented model and based on 

GlobeLand30 information service platform (www.globeland 

30.org), the change extraction approach is converted to web 

service for online processing, which facilitates users in different 

regions to meet diverse use and personalized processing needs. 

In order to evaluate the proposed method, the two-phase 

comparison method is also used to detect urban built-up area 

change. The confusion matrix was adopted to assess results with 

confusion matrix which includes overall accuracy, Kappa 

coefficient, Producer's accuracy and User's accuracy. 

 

3. EXPERIMENTAL RESULTS AND DISCUSSION 

3.1 Study Area and Data 

Beijing, a megacity in China, was selected as the study area for 

the evaluation of the proposed method. Beijing has experienced 

a rapid urbanization in the past three decades, resulting in 

increased infrastructural, housing construction, and urban 

expansion. The land cover types in the area mainly include water, 

farmland, grassland, woodland, built-up area and bare land. 

 

Inter-annual time series Landsat TM/ETM+ multispectral images 

that acquired from 1985-2001 were used in this study. Six 

reflected spectral bands of Landsat image (i.e., bands 1-5 and 7) 

with a 30-m spatial resolution for each year were used. The image 

is free of clouds and with high quality. A relative radiometric 

correction was conducted for time series expression and analysis, 

using IRMAD algorithm (Canty, et al., 2004), images were also 

co-registered with less than 0.5-pixel error. A total of 96 spectral 

bands were finally used in time series expression. The selected 

spatial extent of images is 116.066E-116.701E, 39.661N- 40.143 

N, covering an area of approximately 55km×55km (see Figure 1). 

 

 

Figure 1. Study area and one Landsat image acquired on 30th Augest,2000, RGB as band 7, 4, 2 
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3.2 Time Series Expression for Urban Built-up Change Area 

Time series analysis is mainly conducted from two aspects, one 

is the analysis of one land cover type with different time series 

feature images, another is the comparative analysis between two 

land cover types with the same time series feature image. Land 

cover types such as built-up area, vegetation, bare land, and water 

are analyzed in this study. It is worth noting that by using BCI 

index, built-up area is significantly distinguished from other land 

cover types in time series. Thus， the BCI index is finally 

selected for inter-annual time series characteristics of urban 

build-up area and other land cover types expression. A BCI time 

series feature image with 16 feature bands was is extracted from 

Landsat time series experimental data. 

 

3.3 Time Series Trajectory Regression Model and Change 

Extraction 

Time series trajectory consistency check includes outlier value 

detection and removal, time series trajectory curve filtering. The 

removal of outliers is mainly aimed at some places where clouds, 

snow, cloud shadows or other random abrupt changes occur. The 

feature values of these places are usually abnormal high or low 

in a time series. In time series trajectory curve filtering, Savitzky-

Golay filter (S-G filter) (Savitzky, et al., 1964) which has been 

widely used is chosen in the study, since it has the advantage of 

generally keeping the shape of the curve when some small 

fluctuation points are filtered out.   

 

The time series trajectory curves were further selected based on 

two conditions. One is the time-BCI Value curve form of time 

series trajectory should fit to single growth function. And the 

pixel feature value after abrupt change should in the range of 

built-up area feature value. Based on selected curves, time series 

trajectory regression model was built by a logistic algorithm, as 

in 

 

                        𝐵𝐶𝐼(𝑡) =
𝑎

1+𝑒𝑏𝑡−𝑐
+ 𝐵𝐶𝐼(𝑡 − 1)               (1) 

 

where 𝑡 represents the year, 𝑎 represents the change range of in 

BCI time series trajectory curve, 𝑏 represents the change rate, 

and 𝑐 represents the change time. According to the formula, the 

change time for each pixel are determined iteratively.  

 
Table 1 shows urban built-up change area accuracies using the 

BCI time series regression model. From the table, on the whole 

of the assessment parameters, most of the urban built-up change 

areas were extracted, the overall accuracy is 81.44%, and the 

Kappa coefficient is 79.20%, the producer's and user's accuracies 

are mostly over 80% in each year. 

 

The extraction of urban built-up change area is shown in Figure 

2, it can be seen that urban built-up area is gradually expanded 

year by year and from the inner city to suburban area. Further 

analysis of the local areas is carried out. As shown in Figure 3, 

the highlighted white oval area is mostly of bare land in Figure 3 

(a), and mostly of built-up area in Figure 3 (b), it can be found 

that most of the urban built-up area changes are well extracted by 

the proposed method. The highlighted yellow oval area is mostly 

of post-harvest cropland in Figure 3 (a), and cropland in Figure 3 

(b), however, the spectral characteristic of the land cover in the 

Figure 3 (a) is confused with the built-up area. The performance 

is not be affected by the confusion. This result also validates the 

performance of the proposed method.  

 

3.4 Online Processing and Evaluation 

The key open source image processing components, such as 

GDAL, GSL, Levmar, are the basis of realizing time series 

change extraction algorithm. The algorithm is transformed into 

the web service that is supportable for GlobeLand30 information 

service platform. The DLL (Dynamic Link Library) 

encapsulation of time series change extraction algorithm was 

firstly conducted, which provide a solution for the problem of 

code sharing and invocation across platforms. The W3C WSDL 

standards were adopted to encapsulate algorithms and publish 

web service, and finally the TimeSeiresBCI web service is 

published (see Figure 4). 

 

 

Figure 2. Annual urban built-up change area result 

 

 

 
Figure 3. Details of annual urban built-up change area extraction. 

(a) Portion of one Landsat image acquired in 1985 (DOY: 

1985199), RGB as band 7, 4, 2 ; (b) Portion of one Landsat image 

acquired in 2001 (DOY: 2001243), RGB as band 7, 4, 2; (c) 

Portion of annual urban built-up change area result 

 

The evaluation was conducted in two aspects, firstly, the time 

series change extraction algorithm and the post-classification 

method was compared. It is worth noting that time series change 

extraction algorithm can significantly reduce confusions of urban 

and spectral-similar bare land in two-phase comparison method. 

Then online and offline processing time and convenience were 
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compared. It should be noted that the online processing provides 

a convenient way for common end-users to easily conduct a 

change extraction approach without desktop-based software, 

with a small problem of time-cost in data transmission, and the 

problem will be solved in pace with the development of internet 

transmission technology. 

 

4. CONCLUSION 

This paper proposed a new methodology for urban built-up 

change area extraction using inter-annual time series of Landsat 

images. The proposed method includes time series characteristics 

expression, analysis by using spectral data, index and feature, 

time series trajectory regression model building by using BCI 

index and logistic algorithm, and processing algorithm 

conversion as web service for online processing.  Urban built-up 

change area extraction results demonstrated that the proposed 

method reduced confusion between built-up area and post-

harvest cropland, as well as built-up area and bare land, and 

improve the performance with the accuracies of urban built-up 

change area extraction. 

 

 

Table 1. accuracies of annual urban built-up change area result (%) 
 

 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1999 2000 UA 

1986 84.09 16.92       0.37     75.51 

1987 11.36 73.85 5.97           84.21 

1988 4.55 9.23 88.06 9.26          81.94 

1989   4.48 85.19 7.94         85.19 

1990   0 3.7 74.6 12.77  0.59      74.6 

1991   1.49 1.85 11.11 65.96 9.2 1.17  0.28 0.33   67.39 

1992     4.76 19.15 86.5 5.28  0 0   78.33 

1993     0 2.13 3.07 87.68 15.38 0.83 0   85.19 

1994     1.59  1.23 4.99 84.25 2.49 0.33 0.41  88.12 

1995        0  87.29 2.66 0.82  96.93 

1996        0  8.56 63.79 21.81 1.4 68.82 

1999        0.29  0.28 26.25 76.13 6.05 66.31 

2000          0.28 6.64 0.82 92.56 89.64 

PA 84.09 73.85 88.06 85.19 74.60 65.96 86.50 87.68 84.25 87.29 63.79 76.13 92.56  

OA：81.44；Kappa：0.7920. 

OA: overall Accuracy, PA: Producer’s accuracy; UA: User’s accuracy 

 

 

Figure 4. Time Series BCI web service and WSDL file 
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