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Abstract

:

Land-use change is a predictable and principal driving force of potential environmental changes on all spatial and temporal scales. A land-use change model is a tool that supports the analysis of the sources and consequences of land-use dynamics. This study aims to assess the spatiotemporal land-use changes that occurred during 1990–2020 in the municipal council limits of Batticaloa. A land change modeler has been used as an innovative land planning and decision support system in this study. The main satellite data were retrieved from Landsat in 1990, 2000, 2010, and 2020. For classification, the supervised classification method was employed, particularly with the medium resolution satellite images. Land-use classes were analyzed by the machine learning algorithm in theland change modeler. The Markov chain method was also used to predict future land-use changes. The results of the study reveal that only one land-use type, homestead, has gradually increased, from 12.1% to 34.1%, during the above-mentioned period. Agriculture land use substantially declined from 26.9% to 21.9%. Bare lands decreased from 11.5% to 5.0%, and wetlands declined from 13.9% to 9.6%.
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1. Introduction


The term land-use refers to the system of how the land is being used and influencedby human activities for different needs. It forms a direct link between land-use and land-cover, and the action of the people in the environment [1]. The dynamics of land-use are of great concern on the Earth’s surface [2]. Significant changes in land-use cause a constant strain on the ecology [3,4,5]. Generally, anthropogenic activities in land-use have been accepted as significant factors in global change [6,7,8]. These changes have been reviewed as the critical driving forces of ecological change on all spatial and temporal scales [9]. Environmental issues have attracted the attention of the people of the world and they are now becoming increasingly conscious of a variety of environmental challenges to well-being by unplanned urban development. Therefore, current environmental problems can be classified into three parts in urban centers: the problems arising from, and associated with, poverty and underdevelopment; the problems arising as the negative effects of every process of development; and the problems related to man-made pollution.



Land-use change is not static because of dynamic and continuous processes [10]. Monitoring of these changes is needed overall in environmental and ecosystem services [11]. Geographical information systems (GISs) and remote sensing technology platforms that monitor the temporal changes of land-use have become the most effective methods possible, at a low-cost and with better accuracy for data analysis, update, and retrieval [12,13,14]. Landsat remote sensing data have provided valuable and continuous information about the Earth’s landscape for approximately the past four decades. The archive of this series of data is now made freely available for scientific decision-making and, thus, it serves as a repertoire of information for identifying and monitoring the changes imposed on the physical and human environment [15]. Remote sensing data is the most important for application and is widely used forupdating land-use change maps [16]. At present, cities are growing twice as fast because of rapid population growth [17]. Consequently, this indicates that changes in urban land-use could produce a near tripling in the global urban land in the future, adding hundreds of thousands of additional square kilometers to urban levels of density [17]. Such urban expansions threaten to destroy ecosystem habitats and contribute to the carbon emissions associated with tropical deforestation and land-use change [18]. Nowadays, Earth resource satellite data are useful for estimating land-use change and detection analysis [16,19]. Land-use change has been applied in numerous studies in the spatially apparent scientific field [6,20].



The land change modeler (LCM) is an estimating and predicting process that determines land-use change [21]. The LCM is a simplification of reality that offers an important means of predicting the weight of land-use change [22,23]. The analysis of land-use change has produced a strong model by integrating multilayer perception in the LMC process in raster data form between land-use classes [5,6,24,25,26,27]. These models reflect the dynamic changes in land-use over time. However, land-use might be static during a short time. Therefore, a Markov chain model can be used to predict the process from past to future [7]. Many scholars have widely used this model on land-use changes, including on both urban and nonurban areas, for large spatiotemporal scales [23,24,25,26,27,28]. The Markov chain model was applied for sustainable land demand in recent urban studies [2,17,29]. On the basis of this concept, the model might apply to regions that experience rapid land-use change. Land-use has been changing because of the inappropriate processes of the administrative area of theBatticaloa Municipal Council (BMC). However, a few studies have been applied to assess land-use changes through the spatial analysis concept. These concepts are not good enough to utilize the land for forthcoming purposes in effective ways. The empirical land-use and Markov chain model were employed to simulate the land-use change in the present study. The main objective of the study is to measure the land-use changes that have occurred in the BMC during the last thirty years.



We address the following research questions:




	
What is the extent and magnitude of land-use change in the BMC from 1990 to 2020?



	
What are the primary drivers of land-use change in the BMC?



	
How do historic land-use changes differ from simulated land-uses in the BMC?









2. Study Area


The study area is laid between north of 7°39′53″ to 7°44′36″ and 81°39′17″ to 81°41′54″ on the east, in the central part of the Eastern Province of Sri Lanka. The BMC is divided into forty-eight (48) GNDs (Figure 1), which consist of some parts of the suburb. The study consists of an area of about 4570.6 ha. The mean annual rainfall and temperature are 1500 mm and range from 28 °C to 34 °C, respectively [30]. In the BMC, remarkable changes in land-use are observed due to urban development and the rapidly increasing population. The rapid development of sectors, such as the residential, commercial, industrial, service, and recreational sectors, has been improved by the utilization of land. This has revealed the changes in land-use in the spatial domain. Therefore, it is important to monitor land-use changes when considering the existing scenario, forecasting future change, and planning for the future development of the urban area. The latest geospatial technology is necessary to simulate contemporary and projected land-use changes for the BMC.



The study area has faced challenges to land-use by the civil war, a rapidly increasing population, and anthropogenic activities. Moreover, the lack of proper land-use guidelines has led to temporal land-use changes and conflictsaround land-use. According to Mathanraj et al. [31], the growth of the city without proper planning leads to the creation of many complex problems. The population growth exploited agricultural land and other land areas. The overcrowding of the population directly affected the other land areas. The correlation relationship is significant between population growth and land-use change in the BMC [31].




3. Materials and Methods


3.1. Data Sources


Satellite images covering the area of Batticaloa District were acquired from the USGS EarthExplorer website (https://earthexplorer.usgs.gov/, retrieved on 15 January 2021). Remote sensing images of Landsat TM (1990), Landsat ETM+ (2000, 2010), and Landsat OLI/TIRS (2020) were used with the spatial resolution of 30 m, georeferenced at the UTM projection zone 44 N, and resampled to 30 m with the nearest neighborhood algorithm (Table 1).




3.2. Land-Use Classification


In this study, the multi-temporal approach for extracting the information from satellite images was used to classify land-use by ERDAS Imagine software. Land utilization was classified into seven types, namely, agriculture, bare land, home garden, homestead, sandy, scrub, and wetland, using the maximum likelihood algorithm of the supervised classification. The supervised classification method is a grouping of pixels with common characteristics that is based on the machine learning algorithm of an image [32,33]. The pixels are determined into classes of a group by the machine-learning algorithm and the user can define which algorithm to use to achieve several output classes. The supervised classification is a composite image comprising a grouping of pixels [34]. However, when using the machine-learning technique, the user can observe that the grouping of the pixels with common characteristics relates to the actual features on the ground.




3.3. Land-Use (LU) Change


The Landsat images of the medium resolution were used to map the historic land-use change over 30 years in the BMC and then change images were used to simulate land-use for the next decade. The methodology employed to perform the whole process of the detection of land-use change and forecastingaredemonstrated in Figure 2. The ERDAS Imagine, (version 14), TerrSet (version 18.3), and ArcGIS (version 10.8) software were used for data analysis. Land-use images from 1990, 2000, 2010, and 2020 were used to detect the land-use changes for 1990–2000, 2000–2010, and 2010–2020.



The land change modeler is an integrated software platform developed by TerrSet for the analysis of the ecological sustainability of land-use and land-cover changes to support planning and policymaking [35]. This model tool is supported to extract information among the land-use classes of change scenarios [3,35,36]. The model provides three options.The first option is a rapid assessment of quantitative change by graphing gains and losses by land-use types. The second is net-change, which adds the previous land-cover areas for the gains and then subtracts the losses. The third option examines the contribution to changes experienced by single land-use [20]. This model also provides a better understanding of the functions of the land-use systems and the support needed for planning and policy-making [6,7].




3.4. Markov Chain LU Simulation


The land-use change images were used to predict the land-use in 2030 using the Markov chain simulation model. The Markov chain model uses several assumptions to estimate future land-use in a specific manner. Land-use change is a stochastic process, while it is denoted as the state of a chain [27,37]. This method quantifies the condition of status in the rapid change of land-use. Generally, this process can be performed based on a few conditional probabilities that can alter from one status to another in every time step [10]. This model determines land-use maps of the past, and prediction maps for the future, along with the specified dates [35]. The procedure accurately defines how much land would be expected to transition from the past date to the projected date, based on a prediction of the transition potentials forthcoming [5]. The Markov model produces transition matrices and a set of uncertain images by analyzing the temporal scale of land-use [26].



In this study, the future land-use changes are defined through a set of Markov chain transition probabilities matrices. Here the series of processes is stochastic that the value of the process at time t, Xt, depends only on its value at time t − 1, Xt−1, and not on the sequence of values Xt−2, Xt−3, …, X0 that the process passed through in arriving at Xt−1 [9]. The chain forms as follows:


  P r   P r {    x   t    =   j   |        x 0  =  i 0  ,    x  1     =  i  1 ,       … .    x  t − 1     = i   } = P r {  x  t     = j   |    x  t − 1     = i   }  



(1)







The    P r {  x  t     = j   |    x  t − 1     = i   }   shows the one-step transitional probability, the process that provides the transition from state i to state j in one time period [37]. This study consists of a first-order standardized Markov chain.



In this event:


  P r  {     x  t − 1     =  a  i      }  =  P  i j      



(2)




where Pij, the tabulate number, is shown from the experimental data from I to j [37]. The Markov chain improves by the time stationary, the land-use disseminations (t + 1) after tth transition period is s (t + 1) = s(t)P, where P is represented by the Markov transition matrix in the land-use types [19]. Once an adequately large time step ensues, the chain obtains a static state. Here, supply is controlled as S* =    ( 0 )   P t   ; however, it is independent of the initial distribution [9]. The maximum likelihood method is used to estimate for the best use of the constraint that     ∑  j i     P  i j     = 1 ,   and this yields [36]:


     P  i j     =  n  i j     /    n  i      



(3)




where     n  i j      is the total number of observed cells from state i to j, and     n  i      is the total number of cells transiting from state i [38]. Therefore, the study allows for testing a static and first-order Markov chain process.





4. Results


4.1. Land-Use Change from 1990 to 2020


The land-use classified images from 1990 to 2020 were compared in terms of the total area for each land-use type and was compared with reference data for accuracy assessment. A global positioning system (GPS) was used to field surveys as ground truth data to verify the classification accuracy. The accuracy assessment procedure is a very effective method to represent accuracy, with both errors of omission and commission, in land-use classification [39]. The overall accuracy of the images was 86.4% in 1990, 85.2% in 2000, 85.9% in 2010, and 87.1% in 2020 (Table 2). A high accuracy was obtained for sandy and bare land, while agriculture and wetland obtained a lower accuracy.



The temporal land-use change results show that the bare land had decreased to 2.5% from 1990 to 2000, to 3.3% from 1990 to 2010, and to 6.5% during the 1990 to 2020 periods. Similarly, agriculture had declined to 2.3%, 4.0%, and 5.0% for the 1990–2000, 1990–2010, and 1990–2020 periods, respectively (Table 3). Sandy and wetland also showed a declining trend over the 1990 to 2020 periods.



Homestead increased twice in each time step, i.e., 5.1% increased from 1990 to 2000, 10.9% increased from 1990 to 2010, and 22.0% increased during the 1990 to 2020 periods (Table 3).



Figure 3 presents the spatial distribution of land-use changes at a temporal scale. Land-use classes in the BMC can be categorized into two, namely, built-up (i.e., homestead and home garden), and non-built-up (agriculture, bare land, sandy, scrub, and wetland). In 1990, the built-up land area was about 1706.7 ha and it covered 37% of the total land area, while the built-up land area in 2020 was 2599.3 ha and it covered 56.9% of the total land area. Non-built-up land was limited to 1971.1 ha in 2020, which is just 43.1% of the total land area.




4.2. Land-Use Change in 2030


Based on the results, the trends forecast model of the BMC area is simulated as a percentage by the Markov chain. However, homesteads in the BMC had sharply increased from 12.7% in 2000 to 34.1% in 2020, and after 10 years, in the year 2030, land-use for homesteads might have increased to 37.3% (Figure 4).



It seems that the key factors for the increase in homesteadsare the rapid population increase, resettlements, increased service centers, and infrastructure developments. The simulated land-use changes from 1990 to 2030 in the BMC are shown in Figure 5.



Based on the LCM gain and loss analysis, the sandy area shows a higher loss of −63.6% while gaining 28.8%. Home garden, scrub, wetland, and agriculture illustrate more than 50% of the loss while a more than 50% gain of scrub and wetland is expressed. However, homestead shows 50% of the loss and a higher gain of 72.3% among the seven (07) land-use classes. The bare land illustrates the least loss and gains among the land-use types, accounting for a 1.7% loss, and a 1.3% gain, during 1990–2020 (Figure 6).



Based on the LCM net-change analysis, the sandy area has a higher negative change (−95.6%), followed by the home garden (−31.8%), agriculture (−28.6%), and bare land (−0.6%). While the homestead has a higher positive change to 45.1%, the scrub is 19.8% and wetland is 0.8% from 1990 to 2020 (Figure 7).



The certain land-use class is defined by the annual average rate of transitional probability values from one state to another. Table 4 depicts the transition probability of seven land-use classes, namely, agriculture, bare land, home garden, homestead, scrub, sandy, and wetland in the BMC. The transition probabilities from scrub to home garden, homestead, and agriculture are high. Bare land transition to homestead and agriculture is also high. Wetland is the most unchanged land-use based on the transition probabilities.



As a result, the land-use class will change into another land-use type through the transition probability matrix in the future [19]. From Equation (3), in 1990, the certain land-use type converted into the same land-use, which was represented in 2000. However, homestead land-use rarely transfers to other land-use classes in the study. Here, the transition probabilities observed that homestead state to other states as nearly ‘zero’ values without home garden land-use because land-use of the home garden was uncertain due to the civil war in the Eastern Province of Sri Lanka.



On the basis of the results, the land-uses of the home garden–homestead, agriculture–homestead, agriculture–wetland, and bare land–homestead have shown higher-level changes in more than 200 ha. Similarly, in the changes from 100 to 200 ha, the land classes show as agriculture–home garden, bare land–home garden, wetland–agriculture, scrub–home garden, and home garden–agriculture. All other land-use has been transformed to less than 100 ha (Figure 8).





5. Discussion


This study provides information on the spatiotemporal land-use changes that occurred during 1990–2020 in the municipal council limits of Batticaloa and combines the empirical land-use model to simulate the land-use change in 2030. We used theland change modeler as a decision support land planning tool [6,7] to evaluate historical land-use changes (from 1990 to 2020) in the BMC, and the Markov chain stochastic simulation model (for example, [7,8,10,27,29,38,40]) to predict land-uses in 2030. Change detection is important for determining which land-use is changing, and how it is changing, for sustainable land-use planning [40,41,42,43]. The future forecast map of 2030 is useful for developing suitability modeling for homesteads, which were growing exponentially from 2010 to 2020.The land-uses in the BMC have changed because of human-induced activities, such as illegal mining, plantations, sprawling development, encroachment, and natural events, such as storm surges and floods [31,41,42]. An unpredictable sociopolitical system has caused a rapid change in land-use and land-cover in Batticaloa over the past twenty years [43].



Most of our land-use class accuracy (both producer’s and user’s accuracy) is greater than 80%, which is considered a moderate accuracy for classification [7,41,44]. In remote sensing data, the minimum level of accuracy assessment should be determined as at least 85% in land-use types [45]. The accuracy of sandy land-use is comparatively higher (≥94% ≤100%) than other land-uses that are confined to a narrow strip of shoreline/sandbelt (Table 2, Figure 4). The sandy beaches in this area are unique and are characterized by bays and headlands, straight sandy shoreline/beaches, deltas/saline flats, and sparse vegetation [41]. Bare land has limited resources for supporting life and can be easily identified while training the data and, therefore, the accuracy of bare land is noticeably high (≥96% ≤100%).



There was an increase in homesteads between 2010 and 2020 (Figure 5) as a consequence of the civil war ending in 2009 and the migration of people to an area with a peaceful environment and infrastructure facilities. Agriculture is declining over time (Figure 4), and this could be an impact of the tsunami effect in 2004 where the saltwater intrusion onto agricultural lands resulted in infertile or bare lands. Home garden acreage was just over the agriculture lands in the year 2000 and onward and seems to be increasing with the increase in homesteads. Similarly, Partheepan et al. [43] found that the cultivated areasin Batticaloa have increased by 41.9% from 2000 to 2005 because of the peace process prevailing in the country at that time.



The Markov chain model has coupled with geospatial technology in the descriptive capability of prediction. This spatiotemporal model provides, not only a quantitative description of the changes in earlier times, but also the path and level of change in the future. In this study, based on experimental results and empirical analysis, limitations are present. However, four images were used to analyze the land-use change and the images were acquired on different dates (Figure 3). In the Markov chain model, the transition probability is expected to be uniform with the images. Therefore, it is challenging to accommodate variables by random influence, such as the climatic condition and human influence [46]. However, it can be resolved by combining temporal, high-accuracy, and same-dated images for decision-making in long-term forecasts.




6. Conclusions


The aim of this study is based on the geospatial technology analysis of land-use change and a modeling of future land-use in the BMC. The Markov chain model simulates changes in land-use using multi-dated Landsat images from 1990–2020. The results show that the areas of homestead in the BMC increased by 12.7% to 34.1% from 1990 to 2020. During this period, land-use classes of agriculture, wetland, home garden, sandy, and scrub decreased to 5.0%, 4.3%, 2.5%, 2.3%, and 1.4%, respectively. Our results clearly show that the built-up area has gradually increased from 1990 (37.3%) to 2020 (56.8%), while the non-built-up area has declined from 62.7% to 43.1% for the period. The land-use trends were simulated for the forthcoming decade through the use of the Markov model. The results indicate that homestead and built-up areas will have increased by 37.3% and 61.8% in the year 2030, respectively. This result shows that the natural equilibrium of the BMC is threatened by the population pressure of the last 30 years. The historical and forecasting land-use model is important to make better land-use planning decisionsin the BMC for mitigating climatic (e.g.,a tsunami) and/or anthropogenic impacts.
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Figure 1. Study area showing 48 GramaNiladhari Districts (GNDs) in Batticaloa District. 
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Figure 2. Flowchart of land-use change detection in the BMC using the Land Change Modeler. 
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Figure 3. Land-use changes in 1990, 2000, 2010, and 2020 in the BMC. 






Figure 3. Land-use changes in 1990, 2000, 2010, and 2020 in the BMC.



[image: Geographies 01 00010 g003]







[image: Geographies 01 00010 g004 550] 





Figure 4. Prediction of land-use for 2030 in the BMC. 
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Figure 5. Simulated land use change from 1990 to 2030. 
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Figure 6. Percentage of gain and loss of land use from 1990 to 2020. 
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Figure 7. Percentage of the net-change of land use from 1990 to 2020. 
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Figure 8. Land-use change in the BMC between 1990 and 2020. 
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Table 1. Satellite images sensor information.
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	Sensor Name
	Acquisition Date
	Row/Path
	Spatial Resolution





	Landsat 5 TM
	12 September 1990
	55/140
	30 m



	Landsat 7 ETM+
	7 May 2000
	55/140
	30 m



	Landsat 7 TM
	1 April 2010
	55/140
	30 m



	Landsat 8 OLI/TIRS
	27 September 2020
	55/140
	30 m, Pan.-15 m










[image: Table] 





Table 2. Accuracy assessment of land-use classified images.
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Categories

	
1990

	
2000

	
2010

	
2020




	
PA (%)

	
UA (%)

	
PA (%)

	
UA (%)

	
PA (%)

	
UA (%)

	
PA (%)

	
UA (%)






	
Agriculture

	
69.7

	
81.3

	
71.9

	
85.1

	
78.6

	
89.4

	
77.8

	
91




	
Bare Land

	
98.2

	
100

	
96.4

	
98.7

	
97.9

	
100

	
98.2

	
99.8




	
Homegarden

	
88

	
91.4

	
86.9

	
98.3

	
89.2

	
97.3

	
91.6

	
97.6




	
Homestead

	
87.1

	
71.7

	
81.9

	
79.2

	
89.7

	
85.4

	
88

	
81.1




	
Sandy

	
100

	
100

	
99.1

	
100

	
93.7

	
99.6

	
100

	
100




	
Scrub

	
97.6

	
98.8

	
89.2

	
88.6

	
91.3

	
89.5

	
91.7

	
90.1




	
Wetland

	
76.2

	
69.8

	
78.5

	
84.4

	
77.8

	
89.1

	
82.3

	
84.7




	
Overall Accuracy

	
86.4

	
85.2

	
85.9

	
87.1




	
Kappa Coefficient

	
82.3

	
81.7

	
80.2

	
83.6
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Table 3. The land-use types in the BMC from 1990–2020, and a comparison of the extent of land-use in 2030, simulated by a Markov Chain.
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Land-Use Types

	
1990

	
2000

	
2010

	
2020

	
2030

	
Change

	
Change

	
Change




	
Extent (ha)

	
Extent (ha)

	
Extent (ha)

	
Extent (ha)

	
Extent (ha)

	
(1990–2000)

	
(1990–2010)

	
(1990–2020)






	
Agriculture

	
1231

	
1125.7

	
1046.9

	
1003.2

	
846.9

	
−2.3

	
−4

	
−5




	
Bare Land

	
525.4

	
413.21

	
372.9

	
227.2

	
214.4

	
−2.5

	
−3.3

	
−6.5




	
Home garden

	
1152

	
1142.8

	
1266.4

	
1039.7

	
1123.6

	
−0.2

	
2.5

	
−2.5




	
Homestead

	
554.7

	
786.3

	
1050.9

	
1559.6

	
1702.9

	
5.1

	
10.9

	
22




	
Sandy

	
210.9

	
181.7

	
157.5

	
105

	
110.1

	
−0.6

	
−1.2

	
−2.3




	
Scrub

	
259.7

	
348.5

	
224.7

	
195.3

	
177.5

	
1.9

	
−0.8

	
−1.4




	
Wetland

	
636.7

	
572.3

	
451.2

	
440.4

	
395.2

	
−1.4

	
−4.1

	
−4.3




	
Built-up

	
1706.7

	
1929.1

	
2317.3

	
2599.3

	
2826.5

	
4.9

	
13.3

	
19.5




	

	
−37.3%

	
−42.2%

	
−50.7%

	
−56.8%

	
−61.8%

	

	

	




	
Non-built-up

	
2863.7

	
2641.4

	
2253.2

	
1971.1

	
1744.1

	
−4.9

	
−13.3

	
−19.5




	

	
−62.7%

	
−57.8%

	
−49.3%

	
−43.1%

	
−38.1%
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Table 4. Probability transition matrix of land-use classes in 1990 and 2020.
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Year

	
Probability of Changing of Land-Use Classes 2020






	
1990

	
Land-Use Classes

	
Agriculture

	
Bare Land

	
Home Garden

	
Homestead

	
Sandy

	
Scrub

	
Wetland




	
Agriculture

	
0.6062

	
0.0134

	
0.0154

	
0.1489

	
0.0011

	
0.0436

	
0.1715




	
Bare Land

	
0.2327

	
0.2781

	
0.0871

	
0.3961

	
0.0017

	
0.0043

	
0




	
Home garden

	
0.0206

	
0.0061

	
0.4408

	
0.409

	
0.0051

	
0.1033

	
0.015




	
Homestead

	
0.0054

	
0

	
0.3942

	
0.5968

	
0.0031

	
0

	
0.0005




	
Sandy

	
0

	
0.3341

	
0

	
0.15

	
0.412

	
0.0462

	
0.0577




	
Scrub

	
0.2552

	
0.108

	
0.3139

	
0.2813

	
0

	
0.0416

	
0




	
Wetland

	
0.0327

	
0

	
0.0601

	
0

	
0.0127

	
0.0724

	
0.8222
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