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Abstract. Land cover changes particular in urban catchment area has been rapidly occur. Land cover changes occur as a result of increasing demand for built-up area. Various kinds of environmental and hydrological problems e.g. floods and urban heat island can happen if the changes are uncontrolled. This study aims to predict land cover changes using coupling of Markov chains and cellular automata. One of the most rapid land cover changes is occurs at upper Ci Leungsi catchment area that located near Bekasi City and Jakarta Metropolitan Area. Markov chains has a good ability to predict the probability of change statistically while cellular automata believed as a powerful method in reading the spatial patterns of change. Temporal land cover data was obtained by remote sensing satellite imageries. In addition, this study also used multi-criteria analysis to determine which driving factor that could stimulate the changes such as proximity, elevation, and slope. Coupling of these two methods could give better prediction model rather than just using it separately. The prediction model was validated using existing 2015 land cover data and shown a satisfactory kappa coefficient. The most significant increasing land cover is built-up area from 24% to 53%.  
Introduction
Land cover changes is a complicated, dynamic, and spatially explicit phenomena. Land cover changes affected by many factors related spatial-temporal phenomena, for example: proximity, physical conditions, and also socio-economics factors [1,2,3]. In order to detect land cover changes, geographic information system (GIS) and remote sensing are powerful tools to generate land cover changes effectively and efficiently [4,5,6]. Furthermore, advanced GIS technique can even predict land cover changes [7].
Over last decades, some studies trying to find out the best method for predicting land cover changes. In general, there are three types of land cover changes modelling i.e. empirical/statistical model, dynamic model, and hybrid model. A hybrid model known as a better model than empirical/statistical model and dynamic model because it combined two advantages both empirical/statistical model and dynamic model [8]. One of hybrid model that commonly used to predict land cover changes is geographic information system (GIS) based Markov chains-cellular automata model. This research is coupling two different methods: Markov chains, which is empirical/statistical model, and cellular automata, which is dynamic model that incorporate using GIS platform.
The purpose of this research is to predict future land cover changes in upper Ci Leungsi catchment area based on Markov chains-cellular automata spatial model, and to review the effectiveness of MC-CA spatial model for predicting land cover changes in catchment area scale. This research is important to recognize the future condition of upper Ci Leungsi catchment area with assumption by business as usual approach (BAU). In addition, the result of this research can be used as a reference to formularize best management practices of integrated water resources management in the future. 
Area of Study and Data
Upper Ci Leungsi catchment area is located in Bogor Regency, about 15 kilometers from Bekasi City and 25 kilometers from Jakarta, the capital city of Indonesia. This catchment area is a subsystem of Bekasi watershed. The total catchment area is approximately 231 km2 that cover five districts namely Gunung Putri, Citeureup, Klapanunggal, Babakan Madang, and Sukamamakmur. 
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Figure 1. Location of study area

This research used multi-temporal land cover data to process the Markov chains - cellular automata spatial models. Multi-temporal land cover obtained by digital image processing from Landsat 5 and Landsat 8 that downloaded from http://earthexplorer.usgs.gov. This research also used physical characteristics maps such as: slope, elevation, and infrastructure proximity maps such as road network, central business district locations, and highway gate locations. Physical characteristics and infrastructure maps were used as driving factors to develop cellular automata, while multi-temporal land cover was used to produce Markov transitional probabilistic map. Here is a list of data used in this research:

Table 1. List of datasets
	Datasets
	Source
	Date or Year
	Resolution

	Landsat imageries
· LT51220642005183BKT01
· LT51220652005183BKT01
· LT51220642010213BKT01
· LT51220652010213BKT01
· LC81220642014256LGN00
· LC81220652014256LGN00
	United States Geological Survey (USGS)
	Acquisitions :
· 02/07/2005
· 02/07/2005
· 01/08/2010
· 01/08/2010
· 13/09/2014
· 13/09/2014
	Raster
(30 meters)

	Digital elevation model
	ASTER Imagery
	2009
	Raster
(30 meters)

	Road network map
	Badan Informasi Geospasial (BIG)
	2009
	Vector


Methodology
Markov chains is a dynamic processes based on Markovian random process that calculate the probability of changes from particular object (for example: forest) into another objects (for example: built-up area). Markov chains describes as transitional probability matrix [1]:



The probability of changes from particular object (ith) into another object (jth) is described as a transformation probability (Pij); n is the land cover types of the catchment area. Pij must meet the following condition below [1]:

0 ≤  ≤ 1(i, j = 1, 2, 3, …, n)
 = 1 (i, j = 1, 2, 3, …, n)

Based on non-after effect of Markovian random processes and probability of Bayes condition, Markov chains model is obtained by [1]:


Where:
 is state probability of any times
 is preliminary state probability

Cellular automata developed by Von Neumann for self-reproducible systems [8]. Cellular automata characteristics are spatially explicit and dynamics that can simulate the evolution of two-dimensional objects [9, 10]. GIS raster data is known have resemblance with cellular automata concept hence many studies generate future land cover using cellular automata [9]. In order to generate future land cover map, there are many variables that drive the change of objects, called driving force [11]. Driving force consists of many factor for example: proximity, elevation, slope, etc. [1, 2, 3, 11]. 
Markov chains is just calculating the probability of changes but cannot represent the changes in a spatial-explicit term [12, 13]. Combining Markov chains and cellular automata is effort to minimalize the weakness of Markov chains [13]. Cellular automata represent the spatial-explicit term and location of changes while Markov chains predict changes quantitatively. Combining two methods would give better result than perform a model separately [14]. The procedure of Markov chains-cellular automata model is presented in figure below:
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Figure 2. The procedure of Markov chains – cellular automata model
Accuracy test was conducted in order to know how the reliability, capability, and limitation of Markov chains is – cellular automata spatial models to predict land cover changes. Accuracy test of land cover model is an important part of the model that become the standard evaluation model whether the result of the model can be used for policy maker or not [21, 22]. The accuracy of the predicted land cover model was assessed using the kappa statistics. Using the same methods and steps, Markov chains – cellular automata spatial model was applied to create the projection of 2014 land cover based on 2005 land cover and 2010 land cover then the 2014 projected model is being evaluated with kappa statistics based on 400 ground truth derive from high resolution satellite imagery, Quickbird images. The kappa statistics calculated by equation below:


   
Result and Discussions
Land Cover Changes Analysis
Spatial Pattern of land cover changes
[image: ]The classification of land cover divided into 7 types i.e. built-up area (BA), forest (FO), shrubs (SH), bare land/mining (BM), cultivated area (CA), paddy field (PF), and water bodies (WB). Over 10 years, built-up area is growing rapidly in Upper Ci Leungsi catchment area. Generally, the spreading of built-up areas concentrated in the central and northern part of the catchment. The spatial pattern of built-up area also indicated the linearity following the road network. Land cover changes can be seen in figure below:
Figure 3. Land cover changes between 2005 to 2010 and 2010 to 2014
The figure above shows that built-up area spreads significantly from 14% to 23% in period time 2005 to 2010 and 23% to 28% in period time 2010 to 2014. Over a decade, built-up area grew double. On the other hand, other types of land cover such as shrubs and forest is declining distinctly. Forest was declining from 18% to 9% while shrubs was also declining from 58% to 52% for over ten years. It is an evidence that there were much area of shrubs and forest that converted into built-up area between 2005 to 2014. Other types of land cover i.e. bare land/mining, cultivated area, paddy field, and water bodies was not significantly changing that just declining or increasing only 1% between 2005 to 2014.
Transitional probability matrix of land cover changes
Transitional probability matrix is matrix that calculate the probability changing of each types of pixel of land cover into another types of land cover based on Markovian random process [15, 16]. The probability describes in a range of value between 0-1 which zero value means that the event of changing is impossible happen and 1 means is certainly happening. The transitional probability matrix of is shown below:
Table 2. Transitional probability matrix of land cover
	From
	Period
	Land cover
	To

	
	
	
	FO
	SH
	BM
	CA
	BA
	PF
	WB

	
	05-10
	FO
	0.54
	0.29
	0.00
	0.16
	0.01
	0.01
	0.00

	
	10-14
	
	0.85
	0.15
	0.00
	0.00
	0.00
	0.00
	0.00

	
	05-10
	SH
	0.01
	0.83
	0.00
	0.03
	0.10
	0.03
	0.00

	
	10-14
	
	0.00
	0.75
	0.01
	0.05
	0.12
	0.07
	0.00

	
	05-10
	BM
	0.00
	0.03
	0.69
	0.00
	0.29
	0.00
	0.00

	
	10-14
	
	0.00
	0.01
	0.88
	0.00
	0.11
	0.00
	0.00

	
	05-10
	CA
	0.00
	0.68
	0.00
	0.19
	0.04
	0.01
	0.00

	
	10-14
	
	0.01
	0.62
	0.01
	0.30
	0.04
	0.02
	0.00

	
	05-10
	BA
	0.00
	0.00
	0.00
	0.00
	1.00
	0.00
	0.00

	
	10-14
	
	0.00
	0.00
	0.00
	0.00
	1.00
	0.00
	0.00

	
	05-10
	PF
	0.00
	0.00
	0.00
	0.00
	0.24
	0.12
	0.00

	
	10-14
	
	0.08
	0.00
	0.00
	0.06
	0.27
	0.07
	0.00

	
	05-10
	WB
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	1.00

	
	10-14
	
	0.00
	0.01
	0.00
	0.00
	0.00
	0.00
	1.00



Based on transitional probability matrix of land cover above, five types of changing have higher probability (higher than 0.2) than the other i.e. forest becomes shrubs, bare land/mining becomes built-up area, paddy field becomes built-up area. The other transitional probability is relatively low therefore the probability of the changes is not significant.  
Land cover Prediction
Driving Factor 
Driving factors are used to determine the location that may changes from each pixel of land cover into another type [17]. Driving factors divided into three types, slope, elevation, and infrastructure’s proximity. Infrastructure’s proximity then itemized into specific types that could stimulates the changes such as proximity from road, proximity from highway gates, and proximity from central business district. 
Slope is one of important factor that driving the land cover changes [13]. A steep slope could become limiting factor for built-up area. Most of built-up area is found in relatively flat area because related to the easiness of structure and building construction. Furthermore, steep slope is vulnerable for mass movement that could stimulate landslide so it become another reason why slope is a limiting factor for built-up area [18]. 
Proximity also becomes important factor particular for built-up area invasion. Built-up area will occupy the land that close to vital infrastructure i.e. road networks, central business districts, and highway gates. Determining proximity of highway gates that become one of driving factor is unique because highway is the most important infrastructure for residents to access the capital city of Indonesia, Jakarta where the majority of Ci Leungsi catchment’s residents work there. Ci Leungsi catchment located in peri-urban of Jakarta that many residents of this catchment depends on Jakarta and use highway as a major road to access Jakarta [19, 20]. All of driving factor then will be used for cellular automata based on multi-criteria analysis. 










	










Figure 4. Driving factor maps

Land cover Change Prediction
Land cover change prediction in 2020, 2025, 2030 is shown in figure 7. The prediction shows expansion of built-up area in the central of catchment area. The expansion might be happening because the central of catchment area is suitable for the development of built-up area since it is physical characteristics (low to moderate elevation and flat slope) and its proximity to the infrastructure. It also shows the disappearing of paddy field and shrubs that might be converted into built-up area in the future. The forest predicted still exist because pixels of forest located in limiting factor, which has characteristics: steep slope, high elevation, far from road network, central business districts, and highway gate. This limiting factor makes forest might still exist and not decreasing significantly in the future. Based on figure 6 below, built-up area is predicted increasing from 28% to 39%, 46%, and 53% in 2020-2030. Almost all of types except built-up area and water bodies is predicted decreasing. The most decreasing area is shrubs, disappears about 24% from 2014 to 2030.
[image: ]
Figure 5. Land cover prediction (left: 2020, center: 2025, right: 2030)


Figure 6. Land cover changes prediction charts 

Accuracy Test of Prediction Model
The overall kappa coefficient test table is shown that the prediction model is 82.58%, tested from 400 ground truth data that acquired from Quickbird image. The best user’s accuracy is built-up area, forest, and water bodies which above 90%. Other types of land cover i.e. shrubs and bare land/mining has adequately accuracy which above 80% but cultivated area and paddy field has lower accuracy than the other land cover, just about below 80%.
Table 3. Kappa coefficient test table
	land cover
	ground truth
	ground Truth
	user's accuracy (%)

	
	ref. 1
(FO)
	ref.2
(SH)
	ref.3
(BM)
	ref. 4
(CA)
	ref. 5
(BA)
	ref. 6
(PF)
	ref. 7
(WB)
	
	

	FO
	37
	3
	-
	-
	-
	-
	-
	40
	92.50

	SH
	-
	107
	-
	5
	8
	-
	-
	120
	89.17

	BM
	-
	5
	24
	1
	-
	-
	-
	30
	80.00

	CA
	-
	12
	-
	18
	-
	-
	-
	30
	60.00

	BA
	-
	9
	-
	-
	111
	-
	-
	120
	92.50

	PF
	-
	-
	-
	4
	7
	19
	-
	30
	63.33

	WB
	-
	-
	-
	-
	-
	-
	30
	30
	100.00

	Ground Truth
	37
	136
	24
	28
	126
	19
	30
	400
	82.50

	Kappa Coefficient
	82.58



Conclusion and Recommendation
A business as usual land cover projection model in Ci Leungsi catchment was successfully executed using coupling of Markov chains and cellular automata spatial model with adequately kappa coefficient. The result of projection models showed that built-up area will increase almost doubled from 24 to 53%. Almost of land cover types predicted accurately except cultivated area and paddy field. For next research, developing some land cover change scenarios based on land use policy and best land use management probably can improve the accuracy of projection model and also finding the most influential driving factor that changing the land cover. There are some opportunities to apply the projection model for improving best management practices in Ci Leungsi Catchment to support integrated water resources management program. This research is also very useful as a reference for land use planning in watershed scale for government and stakeholders. 
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Landcover Changes Prediction
2010 (baseline)	FO	SH	BM	CA	BA	PF	WB	8.2894736842105257	52.337719298245609	1.2017543859649122	4.7412280701754383	28.289473684210524	4.2149122807017552	0.92543859649122806	2020	FO	SH	BM	CA	BA	PF	WB	8.473684210526315	44.359649122807014	0.80263157894736836	4.4122807017543861	39.359649122807014	1.6798245614035086	0.91228070175438591	2025	FO	SH	BM	CA	BA	PF	WB	7.6622807017543852	38.811403508771932	0.80263157894736836	3.8508771929824563	46.486842105263158	1.4692982456140351	0.91666666666666663	2030	FO	SH	BM	CA	BA	PF	WB	6.8245614035087723	33.995614035087719	0.80263157894736836	3.3684210526315788	52.80263157894737	1.2850877192982457	0.92105263157894723	
Percentage
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