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Abstract. Population settlements lead to fast growing urban area throughout worldwide which is required
to be monitored to maintain sustainability. Considering Remote Sensing (RS) and Geographic Information
System (GIS) techniques in Melaka River basin, Malaysia, both methods are effective to monitor and to
support decision-making in urban planning. Land Use Land Cover (LULC) was effectively used to study
the urban sprawl, apart from that Cellular Automata-Markov (CA-Markov) chain model was applied to
predict the urban scenarios for sustainable growth. The results clearly suggested that major land use changes
are built-up area and water bodies. Only vegetation classes decreased in land use. The kappa statistic for
1990, 2000, and 2010 are 0.88, 0.87, and 0.90, respectively. Meanwhile, the validation assessment of k-
statistic is 0.9, which resulted the model is valid to predict the future land use. Modeling stated that land
use classes trend and pattern is transformed especially due to the urban built up area expansion. As
conclusion, RS and GIS techniques provide effective support tools in decision making for policy makers in
designing more sustainable urban habitats.
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Introduction

Urbanization became a major concern worldwide especially in cities with poor planning
and management (Getu and Bhat, 2022). Urbanization process is inevitable, especially
when economic development took place and indirectly led to rapid population growth
(Dada and You, 2022). Hence, the unplanned and unorganized urbanization had caused
various problems such as pollution (Hua, 2017), deforestation (Saha et al., 2022), as well
as traffic congestion (Rahman et al., 2022). Therefore, the updated and accurate information
on land cover changes at particular regions are needed to recognize and evaluate the
changes of the surrounding environment (Xu et al., 2022). Generally, urban sprawl is
known as the extension of human populations away from the highly built up areas into rural
or suburban regions, particularly due to benefits in economic value and impact the
ecosystem (Nasr et al., 2021). Urban expansion or urban sprawl concept is implemented
when the rural areas transform into cities and town, especially involved with
industrialization activities that focus on the economic development. Although this
development provides benefits to human populations, nevertheless, these actions indirectly
lead to environmental degradation especially the damage to the farmlands and forest areas.

The population growths are considered uncontrollable and rapid migration from other
country into highly developed urban areas had ultimately caused urban sprawl. Since
population growth is expected to have correlated with urban sprawl dependently (Saha et
al., 2022), hence, the level of urbanization is suspected to increase from 20% in 2001 to
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35% in 2011 (Hasan, 2011). In Melaka State, without notification by the local state
government, the rural areas transformed into unorganized urbanization due to economic
reformation and industrialization. The transformation process caused the rural areas to
convert into cities and towns, which issuing the urban sprawl as another problem in
urbanization. Nonetheless, urban sprawl comes with a cost. These costs can only be paid
by the environment, where degradation happen because of the loss of farmlands and forest
areas. Based on Baig et al. (2022), indicate remote areas and rural hilly terrains is likely to
cause migration to happen and this may turn into urban centres area, which already has
happened for a few decades and reached an alarming rate in several developed countries.
The Department of Statistics Malaysia (2006, 2011), clearly suggested the drastic increment
in population that suspected in the districts of Melaka Tengah, while Jasin districts in rural
hilly area and Alor Gajah districts in remote areas showing negative growth rate due to
massive migration occurring in the Melaka Tengah, which mainly forms the motivation of
this study. The unplanned urbanization is suspected to have resulted from high and rapid
population growth, whereby indirectly impact the pattern of land use in urban centres.

In order to design an appropriate and effective urban planning system, the evaluation
towards the land use transformation must be conducted.

Many researchers applied geospatial techniques for urban development studies, urban
management studies, as well as planning purposes (Modiri et al., 2022; Zhou et al., 2022;
Ghalehteimouri et al., 2022; Albasri et al., 2022). Cellular Automate (CA) has the ability
to work on uniform grid-based principle, thus it became popular in developed modeling of
urban growth that involves with simulating spatial processes (Modiri et al., 2022; Zhou et
al., 2022). The CA can represent any multiple structures in systems by using simple rules
from a small set of regions and state areas, and this is a benefit for urbanization studies
(Modiri et al., 2022; Zhou et al., 2022; Ghalehteimouri et al., 2022). The CA process uses
‘what-if” scenarios, where it is used for the activities involved in planning approach (Modiri
etal., 2022; Zhou et al., 2022).

The combination of CA plus Markov Chain Model (CA-Markov) will contribute a robust
approach in the analysis of land use land cover (LULC) changes with spatial and temporal
dynamics modeling, due to their advantage of incorporating remote sensing (RS) and
geographical information system (GIS) data as well as providing more detailed information
(Maurya et al., 2022; Peng et al., 2022). Generally, the transition probabilities are controlled
among LULC classes through temporal dynamics processes in Markov model approach
(Modiri et al., 2022; Maurya et al., 2022; Peng et al., 2022), meanwhile CA have the ability
to determine the local rules whether through spatial filter of CA or transition potential maps
(Maurya et al., 2022; Peng et al., 2022). It is popular to apply the CA-Markov model into
urban environments, especially to predict the future LULC including the combination of
biophysical and socioeconomic data, as it was recognized by many researchers (Modiri et al.,
2022; Zhou et al., 2022; Maurya et al., 2022; Peng et al., 2022).

Several objectives had been set up in this study, namely; (i) to analyze the Melaka River
basin temporal and spatial changes in the range of year 1990-2000-2010; (ii) to predict and
simulate the changes in land use for the future maps of 2020 and 2030 by using techniques
of CA-Markov in modeling the urban sprawl. The outcome of the presented study is
expected to be highly beneficial, useful, and advantageous to urban planners, resource
managers, policy makers and other experts in geography.
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Materials and Methods
Study Area and Dataset

The city developers and planners are required to design the development strategy based
on sustainable approach without compromising the environment. Therefore, measuring
the development trend as well as future land use patterns provide benefits and advantages
to both developers and planners. This study concentrated in the Malacca River basin,
Malacca State, Malaysia (Figure 1). As expected urban sprawl started in the congested
city, and covered the surrounding areas of forest, lake, croplands, etc., thus assessment
and measurement is required. The geographical coordinate of Malacca State lies between
2°23’16.08”N to 2°24°52.27”N latitude and 102°10°36.45”E to 102°29’17.68”E for
longitude. The dataset of Landsat is obtained from USGS Earth Explorer for January 10,
1990 (Wednesday) and March 10, 2000 (Friday) using Landsat Thematic Mapper (TM),
and February 02, 2010 (Tuesday) using Landsat Operational Land Imager (OLI). Only
Landsat OLI were used based on multispectral of band 2, band 3 and band 4 for the
combination of images in ENVI, while the other two used band 1, 2, and 3 for the image
combination. All imagery data are at the path: 126 and row: 059. To avoid conflict during
analysis, all images were used in original resolution of 30m. Only cloud-free spatial
coverage, as well as high spectral resolution of Landsat images were acquired for all data
sets used in the study.

Figure 1. The study area of Malacca River basin, Malacca State, Malaysia

Data Pre-Processing and Image Classification

By incorporating the tools of ENVI, IDRISI Selva environment and GIS, the acquired
data of the Melaka River basin will be processed and analysed to obtain the information
regarding urban growth and environmental monitoring (Figure 2). USGS Earth Explorer
is considered one of the excellent satellite databases that provide data with less cost and
time, whereby all imageries are obtained from the department were used in this study.
The imageries were in raw data and pre-processing was required before proceeding to
analysis. Pre-processing is vital to remove the radiometric and geometric errors in the
dataset, and to avoid any misinterpretation in further analysis. Then, supervised
classification based on Maximum Likelihood, Minimum Distance, and Parallelepiped
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Classification, were used to identify the study area which represent land used classes that
being established by the user and every pixel was classified according to statistical
analysis. Generally, by using simple logical rules based algorithms in Parallelepiped
Classification, selection of vectors (i.e. training site) will be assigned with a specific class
(e.g. built up area) and every class of training sample is statistically calculated based on
the training sites before further analysis can be carried out (Modiri et al., 2022). In other
words, if the specific class is digitized within the training site range, then provided
specific class value will represent the pixel of band information in the classification
process. These values are determined by a maximum and minimum value. As the same
as Parallelepiped Classification, Maximum Likelihood classification can be explained as
the vector is assigned to the specific class based on pixel, whereby the probability for
each pixel equal to the specific class will result as high value (Modiri et al., 2022; Ajiboye
et al., 2022). Then, the Minimum Distance classification is referred to the vector’s mean
of each specific class is calculated based on the nearest distance of unknown pixel within
the training site (Modiri et al., 2022; Ajiboye et al., 2022). In this study, the imagery data
is performed based on delineated classes of built up area, vegetation area, and water
bodies (Table 1).

Satellite Data: Landsat Parameters of Urban
TM (1990, 2000) and Spraw%:
Landsat OLI'TIES {2010) 1. Distance from the
- s City
¢ 2. Duistance from the
, . Main Road
3. Distance from the
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Figure 2. Methodology used in the study
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Table 1. Classes delineated on the basis of supervised classification

Category Description
. Includes residential, industrial, commercial, transportation, sewage
Built Up Area ;
treatment plant, and farming areas.
Vegetation Area Includes agricultural lands and forest fields.
Water Bodies Includes rivers, lakes, gravels, stream, canals and reservoirs.

Land Use Land Cover (LULC), Cellular Automata (CA) Model, Markov Chain Model,
and CA-Markov Chain Model

The land use land cover (LULC) was created using supervised classification for the
year of 1990, 2000, and 2010. In order to conduct the LULC analysis, ENVI ver.4.0 was
used to carry out the process. In order to detect, quantify and analyse the changes between
two maps of different years, post classification changes analyses were built up area,
vegetation area, and water bodies. In other words, two classified images was be
interpreted and compared on a pixel basis to produce changes “-from, -to” information
(Ajiboye et al., 2022). The images of 1990 and 2000, as well as 2000 and 2010 was cross-
tabulated to make comparison to determine the qualitative and quantitative changes.
Meanwhile, Markov chain model has the ability to continuously develop the land used
based on the basic core of historical development (Albasri et al., 2022). Since this
approach applies stochastic process, therefore it is often used in simulation and modeling
LULC (Getu and Bhat, 2022). Then, Cellular Automata (CA) model is used the transition
rules by changing the original grid cells into others character of grid cells, which also can
influences the composition and configuration of the entire cells simultaneously (Modiri
et al., 2022). So, both models have the capability to transform and develop the weighting
spatial into similar (or different) land use classes by using contiguity filter of Transition
Area file, which is important for the land use characteristic to be enhanced in later time
period in a particular area (Modiri et al., 2022). In general, after complete designation of
a specific class (e.g. built-up area) in 1990 and 2010 through Maximum Likelihood
classification, the outcome from CA-Markov analysis will eventually recognise the
designated class to perform training algorithms for estimated map of 2020 as well as 2030
(in this case, it refers to the built-up area). Hence, the probable land use classes provided
will be spatially geo-referred. Therefore, CA-Markov chain model is applied due to the
benefits in spatial and temporal dynamic as well as advantages in quantifying estimation
for LULC dynamic modeling purposes (Modiri et al., 2022; Maurya et al., 2022). Detailed
procedures for the application of LULC analysis, and CA-Markov chain model analysis
can be found in the literature (Modiri et al., 2022; Maurya et al., 2022; Kabeto et al.,
2022).

The urban sprawl is affected by several factors that were included in this study, and
were defined by using Euclidean distance from the city, roads, and railway line. For
example, when an area is close to the city and road, the probability of development might
be higher; whereas if an area is farther away from the city and road, then the area might
be less exposed to the development. The result provided from the change detection
analysis were used to construct transition matrices based algorithm rules for the modeling
purposes using IDRISI software. The change from 1990 to 2000 was calculated using
CA-Markov model chain analysis to predict the 2010 of land use land cover. Afterwards,
the land use land cover of 2010 was validated between the predicted and the reference
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map. Lastly, the process was repeated to predict on the 2020 and 2030 of land use land
cover, whereby the techniques can only be done with incorporating the above mentioned
parameters.

Accuracy Assessment and Validation Prediction Model

Data provided are required to determine the quality of information, and the test can
only be done by using accuracy assessment technique into the imageries of 1990, 2000,
and 2010. The classification on imageries can only be accurate if Kappa test is carried
out, whereby all confusion matric elements including diagonal elements can be calculated
(Ghalehteimouri et al., 2022). The accuracies of classification for 1990, 2000, and 2010
are 87.21%, 88.17%, and 93.35%, which have the kappa statistics of 0.88, 0.87, and 0.90,
respectively. The minimum level for accuracy assessment identification of LULC
categories in remote sensing data should be at least 85% (de Azevedo Lacerda et al.,
2021). Meanwhile, validating the prediction model of CA-Markov is carried out between
both actual image and simulated image. In other words, the model’s outcome (simulated
map) will be compared to an actual (or present with the latest or updated) land use map.
For instance, this study used actual map of 2010 and compared it with the simulated map
of 2010. Then, comparison of both maps was validated using Kappa Index of Agreement
(KIA) in IDRISI Selva, whereby the value is 0.9 (Kno = 0.913; Klocation = 0.907;
KlocationStrata = 0.907; Kstandard = 0.922). Kisamba and Li (2022) stated that if the
result of K-statistics is more than 0.8 can be considered accurate. Afterwards, the process
was repeated for 2000 and 2010 to simulate 2020 map and forecast 2030 map.

Results and Discussion

The data can be separately classified into classes by using classification algorithm.
This study employed supervised method based maximum likelihood, minimum distance,
and parallelepiped classification in the LULC classification, whereas unsupervised
method using K-mean was used in the CA-Markov classification. These techniques are
popular in classification for both supervised and unsupervised methods, especially for
environmental modeling (Ghalehteimouri et al., 2022). These techniques of classification
are carried out for three different years in the Melaka River basin, which is presented in
Figure 3, Figure 4, and Figure 5.

Based on Figure 3 and Figure 5, interpretation through visualization indicates that the
built up area clearly increased from 1990 to 2000 and these classes continued to rise in
2000 to 2010. Classifications of images are required to be accurate before the comparison
of images for prediction can be carried out. As stated in accuracy assessment, the result
for classification images of 1990 (87.21%), 2000 (88.17%), and 2010 (93.35%) achieved
the minimum level for identification in LULC. Therefore, further analysis for comparison
by using Kappa test between actual (Figure 5) and reference (Figure 6) maps (i.e. K-
statistic = 0.9) were conducted with 0.8 as the minimum value of K (Kisamba and Li,
2022). Afterwards, the techniques were repeated to predict or simulate the future land use
land cover of 2020 and 2030 (Figure 7 and Figure 8). The details of LULC and CA-
Markov chain model are further explained below.
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Figure 4. LULC actual map of 2000
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Change Detection and Future Growth Projection

The percentage for LULC of different classes are presented in Table 2 and Table 3.
The results clearly indicate that the changes with major effect in between 1990 to 2000
was built up classes (54.5%), followed by vegetation area (60.11%), and water bodies
(7.46%). The development continued to change between 2000 to 2010 in built up area for
18418.33 hectare (51.85%), and water bodies for 2367.82 hectare (6.77%). Only
vegetation is suspected to have decreased in the 1990-2000 period to 14513.24 hectares
(39.26%). Based on the analysis of LULC, it is obviously stated that the growing of built
up area is unstoppable in the Melaka River basin. In other words, new development of
urban settlement and housing demand in the state indirectly caused significant impact to
the pattern of land use in the city for the twenty-years period from 1990 to 2010.
Simultaneously, water bodies are assumed to have decreased from 1990 to 2000 due to
the transformation of the coverage area with the demand of built up area and vegetation
area. Nevertheless, water coverage is expected to increase in 2000 to 2010, which might
be due to converting vegetation area of forest field into water bodies. Lastly, only
vegetation area decreased continuously for twenty years, whereby this class is suspected
to have transformed into built up area and/or water bodies.

Table 2. Transition of area and matrix calculation using land use maps for 1990 to 2000

1990-2000
Category (hectare, ha . .
gory ( ) Built Up Area Vegetation Area Wat_er
Bodies
. F 14140.69 6960.46 236.85
Built Up Area p 66.27 32.62 111
Vegetation Area F 11639.12 29123.92 2763.97
g p 26.74 66.91 6.35
. F 592.68 586.91 955.41
Water Badies P 2776 27.49 44.75

*Note: F=Frequency; P=Percentage

Table 3. Transition of area and matrix calculation using land use maps for 2000 to 2010

2000-2010
Category (hectare, ha . .
gory ( ) Built Up Area Vegetation Area Wat_er
Bodies
. F 22588.97 3809.41 353.12
Built Up Area p 84.44 14.24 1.32
Vegetation Area F 12498 54 22453.76 2014.70
g P 33.81 60.74 5.45
. F 5919.83 7370.25 19524.93
Water Badies P 18.04 22.46 59.50

*Note: F=Frequency; P=Percentage

The urban sprawl for future prediction was measured using Cellular Automata (CA)
Markov chain model. As highlighted in the methodology above, due to the ability of CA-
Markov chain model to ‘spontaneously’ enhance the global dynamic rather than local
interaction rules, makes these techniques more reliable to forecast the pattern of urban
sprawl in the future prediction (Xu et al., 2022). To enable the prediction of future land
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use, the training process can only be repeated when the provided maps (i.e. comparison
between simulated and references maps)are tested to determine the accuracy. The K-
statistic value can only be archived when reach the minimum level of 0.8 as shown in the
validation prediction model above, the details of particular classes are presented in
Table 4. There are minor differences between simulated and actual maps, for instance
built up area is +3.93 km?; vegetation area is —10.74 km?; and water bodies is +6.81 km?,
respectively. Then, the predicted future land use can proceed to the next decade for 2020
and 2030. Land use classes consists of built up area with 51.17% (14784.92 hectare),
vegetation area with 35.9% (4497.26 hectare), as well as water bodies with 11.59%
(3872.38 hectare). For the next ten years in 2030, built up area is suspected to increase
about 9.03% (3142.68 hectare), by 0.73% (184.56 hectare) for vegetation area and water
bodies coverage can increase by 3.9% (1058.12 hectare) (Table 5).

Table 4. Comparison between actual and simulation map of LULC types in 2010

Category (km?) Actual Map Simulation Map
Built Up Area 282.50 286.43

Vegetation Area 353.02 342.28
Water Bodies 34.48 41.29

*Note: F=Frequency; P=Percentage

Table 5. Transition of area and matrix calculation using land use maps for 2010 to 2020

2010-2020
Category (hectare, ha . .

gory ( ) Built Up Area Vegetation Area Wat_er
Bodies

. F 24573.84 3703.90 704.26
Built Up Area P 84.79 12.78 2.43
Vegetation Area F 14464.07 16954.30 3168.12
g p 41.82 49.02 9.16
. F 320.85 793.36 2317.29

Water Bodies P 9.35 23.12 67.53

*Note: F=Frequency; P=Percentage

Built Up Area

In the majority of cases vegetation areas and water bodies are occupied by new built
up land to fulfill the demands of housing and industrial needs, as well as commercial
activities. Due to high population growth human migration occurred during the past
decade in the Melaka State, this circumstance enhanced the opportunity of urban sprawl
in the highly developed city (Kabeto et al., 2022). The majority of highly built up areas
are observed in the city center and a low-density area is assumed to have scattered form
alongside with the road. Comparing Figure 3, Figure 4 and Figure 5, it clearly indicates
that the development of built up area is expanding from urban land into sub-urban land
in the Melaka River basin, which is suspected to extend for about 20 km towards north.
Due to uncontrolled and unmanageable development, the overexploitation of natural
resources by rapid urbanization activities indirectly enhanced environmental issues,
especially river water pollution in the Melaka River basin. For instance, residential
activities, industrial activities, as well as septic tank and sewage treatment plant activities,
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are suspected to contribute as main contamination in the Melaka River. Since these
activities continuously increase in the number from 1990 to 2030 (Table 6 and Table 7)
and suspected to grow larger scale upward towards the north side (Figure 7 and Figure
8), therefore, human activities could enhance the river pollution in percentage through
anthropogenic activities (Rosli et al., 2015). So, by implementing the simulation
approach, this prediction method can serve as a guide to conserve and preserve the land
cover in the study area, plus along with decision-makers it can eventually improve the
land use management as well as balance the artificial development and ecosystem
conservation.

Table 6. Transition of area and matrix calculation using land use maps for 2020 to 2030

2020-2030
Category (hectare, ha . .

gory ( ) Built Up Area Vegetation Area Wat_er
Bodies
. F 25067.95 3715.81 1824.24

Built Up Area p 81.90 12.14 5.96
Veaetation Area F 10589.95 18898.29 3106.26

9 P 32.49 57.98 9.53
. F 1052.29 930.01 1815.21

Water Bodies P 27.71 24.49 47.80

*Note: F=Frequency; P=Percentage

Table 7. LULC type in Malacca River basin for 1990, 2000, 2010, 2020, and 2030

Category (km?) 1990 2000 2010 20_20 20;30
(Measured) | (Measured) | (Measured) | (Predicted) (Predicted)
Built Up Area 174.23 252.53 282.50 297.14 315.02
Vegetation Area 484.22 386.32 353.02 338.71 313.18
Water Bodies 11.55 31.15 34.48 34.15 41.80

*Note: F=Frequency; P=Percentage

Vegetation Area

The land use in vegetation area is assumed to have decreased continuously for 20 years
from 1990 to 2010, and land use pattern is expected to reduce in number for the next
decade from 2010 to 2030 (Table 7). Based on ground observations, the majority of forest
field is transform into two classes, which is agriculture and built up area. Meanwhile,
agriculture land was expected to remain unchanged for several years from 2000 to 2010;
but the demand to fulfill the human activities increased causing the agriculture land to
transform into built up classes as stated in Table 7. For example, the area coverage is
reduced about 97.9 km? from 1990 to 2000, and continued to decrease for the next ten
years by 33.3 km?, 14.31 km?, and predicted to decrease by 25.53 km? until the year of
2030. The deforestation and continuous changes in vegetation land results in significantly
high possibility of loss to others classes which will lead to decreasing trend of natural
resources and environmental quality in the Melaka River basin. Most of the land resources
that transformed into others classes is likely to have occurred in upstream river (or rural
area). In other words, the land clearing of forest and agriculture is expected to happen in
the ‘north-west’ area. Therefore, further contamination prevention in the Melaka River
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basin is assumed to be not possible when the built up activities is develop from the ‘south’
to the ‘north-west’ area (Figure 7 and Figure 8).

Water Coverage

As expected, the past studies show the water coverage in the study area including
rivers, lakes, and reservoirs, is predicted to be reduced with time. Nevertheless, the
reservoir in the Melaka River basin (e.g. Durian Tunggal Reservoir) is suspected to have
increased between the years of 1990 to 2000 by 19.6 km? (Table 7). The Durian Tunggal
Reservoir is located at ‘north-cast’ of the Melaka River basin. This reservoir supplies
water resources to Melaka residents. The water bodies are scattered mostly surrounding
the ‘north-cast’ of the Melaka River basin (Figure 4). For the next ten years until 2010,
the water bodies are suspected to reach a maximum coverage with an increment of 3.33
km? (Table 7) to ‘north-west’ of Melaka River basin (Figure 5). In other words, there are
several changes especially the location of land use for agriculture classes which are
assumed to have shifted from the east-to-west. Therefore, this caused the shift of
coordinate location for agricultural land within the basin to centralize at the ‘north-west’
area and indirectly enhanced the water resources to develop within the Melaka River
basin. It is important to have water supply for agriculture activities surrounding the area.
On the other hand, the majority of livestock (i.e. chicken, goat, and cow) activities are
concentrated at Durian Tunggal Reservoir, which indirectly might increase the non-point
source pollution in the reservoir and contaminate the Melaka River.

Conclusion

Incorporating between remote sensing and GIS techniques, this study demonstrates the
pattern changes in urban land use system and mapping of urban sprawl. Apart from the
tourism sectors as major driver of the state economy, the Melaka has the potential to
develop an industrialization center in the country. The dynamic growth of population in
highly developed city, whereby as stated in the study, can be used to predicted future
scenario especially for making decision in the Melaka State. By applied simple rule, the
CA approach that has ability to mix into spatial components, would advantages in
increasing the computational efficiency. Excluding the socio-economic factors, the
existing land use changes (plus geographical factors) can be calculated and the most likely
to influence a land use class could be determine by applying the prediction model. CA-
Markov chain model analysis clearly suggested the future land use changes in agriculture
land decreased and subsequently increased in built up area of urban settlements and water
bodies coverage in the basin. Based on the state development planning, since the tourism
sector is concentrated in the city, therefore, industrialization is probably focuses in sub-
urban areas as well as agricultural lands located at rural area. RS and GIS techniques
applied in urban sprawl mapping can support the decision making especially for policy
makers to design urban expansion plans with the adoption of a sustainable habitat
development approach.
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