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Abstract: Natural landscapes have changed significantly through anthropogenic activities, partic-
ularly in areas that are severely impacted by climate change and population expansion, such as
countries in Southeast Asia. It is essential for sustainable development, particularly efficient water
management practices, to know about the impact of land use and land cover (LULC) changes. Geo-
graphic information systems (GIS) and remote sensing were used for monitoring land use changes,
whereas artificial neural network cellular automata (ANN-CA) modeling using quantum geographic
information systems (QGIS) was performed for prediction of LULC changes. This study investigated
the changes in LULC in the Perak River basin for the years 2000, 2010, and 2020. The study also
provides predictions of future changes for the years 2030, 2040, and 2050. Landsat satellite images
were utilized to monitor the land use changes. For the classification of Landsat images, maximum-
likelihood supervised classification was implemented. The broad classification defines four main
classes in the study area, including (i) waterbodies, (ii) agricultural lands, (iii) barren and urban
lands, and (iv) dense forests. The outcomes revealed a considerable reduction in dense forests from
the year 2000 to 2020, whereas a substantial increase in barren lands (up to 547.39 km2) had occurred
by the year 2020, while urban land use has seen a rapid rise. The kappa coefficient was used to assess
the validity of classified images, with an overall kappa coefficient of 0.86, 0.88, and 0.91 for the years
2000, 2010, and 2020, respectively. In addition, ANN-CA simulation results predicted that barren
and urban lands will expand in the future at the expense of other classes in the years 2030, 2040,
and 2050. However, a considerable decrease will occur in the area of dense forests in the simulated
years. The study successfully presents LULC changes and future predictions highlighting significant
pattern of land use change in the Perak River basin. This information could be helpful for land use
administration and future planning in the region.

Keywords: LULC; geographical information system; change detection; Perak River basin; cellular au-
tomata (CA) simulation; artificial neural network (ANN); future prediction; sustainable development

1. Introduction

The process of determining changes in any process or object through analysis at dif-
ferent time periods is known as change detection [1]. Over time, humans have brought
significant changes to the earth’s surface to produce food through agricultural techniques.
Nearly one-third of the surface of the earth is estimated to be agricultural, and over half
of the earth’s surface has been altered during the past few years [2]. This transition from
naturally arising farming land to agricultural land is still underway [3]. These significant
changes have drawn the attention of land use administrators and researchers to the influ-
ence of land use changes on hydrological processes [4]. Land use managers and decision
makers can better understand the interactions between human and natural activities by
examining the trends in change detection.

The assessment of LULC changes at various levels, such as global and regional,
includes the evaluation of changes within river basins [5]. The tremendous growth in the
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rate of population is the dominant factor at the global scale in the transition of land use,
according to [6]. The drastic variations in land cover, especially in emerging countries, are
mainly due to comprehensive urban development and the transformation of natural areas
into industrial or agricultural lands [7]. The depletion of natural land, thick forests, and
watersheds puts considerable pressure on the hydrological regimes and mechanisms of
river basins [8]. It is important to provide multi-temporal sets of data for the evaluation of
changes in the spatial characteristics of land [9]. The use of multi-temporal datasets makes it
simple to explain the major LULC changes along with their pattern [10]. The advancement
of computer technologies and the introduction of Landsat satellites have made it simpler
to trace the changes and advancements that have occurred over the last several decades.
Remote sensing technology linked with a GIS has been usefully implementated in the
identification of multiple environmental characteristics, i.e., vegetation covering, urban
sprawls, transition in forests, and particularly variations in LULC changes for certain time
periods [11]. It has been observed that remote sensing and GIS techniques offer more
accurate and cost-efficient data evaluation in comparison to other traditional approaches
and surveys [7]. Remote sensing is defined as observing spatial variations in different
objects without physical interaction with them. To classify the various characteristics of
the earth, remote sensing uses space-borne satellites. Because of their frequent monitoring
of the earth’s features, they have the ability to assist in tracking changes on the land
surface [12]. The information gained on temporal and spatial levels allows scientists and
researchers to recognize the large-scale changes in pattern of land and permits regional
policymakers and authorities to make future decisions. The application of remote sensing
in natural disaster management has been reported in many studies. It had been used for
monitoring floods in India [13]. Geomorphic factors were examined for the establishment
of a decision support system by [14] in order to avoid the occurrence of landslides using
remote sensing. Furthermore, it has proved useful in identifying changes in agricultural
patterns, land cover changes, and urban sprawls [15]. GIS are regarded as essential for
identifying the changes in remotely sensed images [16]. It offers the ability to integrate
data from multiple resources for the identification of change. The combined effect of the
hydrological maps, soil and topographic maps, and classified images obtained through
GIS may provide helpful information in extracting land use for a given area. In addition,
it may show the tendencies of land use changes because of its ability to develop the
model by using provided statistics and datasets. Moreover, GIS and remotely sensed
images are widely utilized to recognize LULC changes [17–19]. For tracking land cover
changes, the combined use of GIS and remote sensing has been demonstrated to be a
reliable and profitable technique [20–23]. The efficacy of space-borne imaging in mapping
LULC changes has been demonstrated in many studies [24,25]. Several Landsat images of
various time spans (1972–2008) have been used by [26] to investigate the land use and land
cover changes in Egypt. In order to examine LULC changes in Rwanda, [27] used Landsat
images from various years (1987–2016). The recent study by [28] analyzed LULC changes
in Kenya by using GIS and remote sensing techniques. Similarly, numerous studies have
been reported to observe LULC changes in different catchments in Malaysia [29–31].

For the forecasting and simulation of LULC changes, a wide range of models have
been developed so far [32–34]. For land use modeling, statistical-based methods and
machine learning methods have also been used for decades [35,36]. These methods sta-
tistically describe the relationships between variables [33]. Markov chain analysis (MCA)
or Markov models [37], cellular automata (CA) [38], cellular automata–Markov models
(CA–Markov) [39], artificial neural networks (ANNs), binary logistic regression, and fractal
models [40,41] are among the most common models used for simulation and prediction of
LULC changes [42]. For LULC simulation, CA constitute an appropriate and commonly
used model [32]. However, it appears from the literature that so far, no study has been
conducted for prediction of LULC changes in the Perak River basin. The combination
of ANN-CA for prediction of LULC changes has also not been utilized for this region.
Performing such a study is imperative, and its outcomes could be helpful for regional
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policymakers and authorities in making decisions for future monitoring and planning.
Therefore, in this study, ANN-CA simulation was used to forecast the land cover change
scenarios for the Perak River basin until the year 2050.

The Perak River basin is an important asset to the people in the region and the primary
source of raw water in the region. Hence, the sustainability of the environment in and
around the Perak River basin is important, as urbanization is one of the possible challenges
to the sustainable growth of the region. Therefore, the aim of this study was to examine
the LULC changes in the Perak River basin of Malaysia from the years 2000, 2010, and
2020 with the specific objectives to measure the extent and causative factors of land use
in the Perak River basin over the given time span. ANN-CA simulation was employed to
determine the future aspects of LULC changes in the Perak River basin for the years 2030,
2040, and 2050.

2. Materials and Methods
2.1. Study Area

Perak is situated in the western part of peninsular Malaysia, bordered to the north side
by Kedah and the south coast of Thailand, to the northwest by Palau Penang, to the east by
Kelantan and Pahang, and to the south by Selangor, and occupies an area of 21,035 km2. It
ranges geographically from 3◦30′ N to 6◦0′ N longitude and100◦0′ E to 102◦0′ E latitude,
as shown in Figure 1 [31]. The shapefile of the study area was obtained from a website
providing data-interpolating variational analysis (DIVA–GIS) (Retrieved on 27 February
2021, https://gadm.org/maps/MYS.html) from which study area map was clipped. The
second-largest river basin in peninsular Malaysia is the Perak River basin. It occupies
about 70% of the state of Perak and has a river basin area of approximately 14,908 km2.
Its reservoirs occur between the Perak–Kelantan–Thailand mountainous areas, bordering
the Belum forest in the north of the region. Sg. Pelus, Sg. Kinta, Sg. Batang Padang, and
Sg. Bidor are the main tributaries in the surrounding area. River system communities
inhabited along the main river include Lenggong, Kuala Kangsar, Gerik, and Parrit. The
range of temperature in the Perak River basin is from 22 ◦C to 35 ◦C, with sunny days and
cold nights all around the year. The rate of humidity varies from 80 to 82% annually, which
is relatively high. The mean annual precipitation is recorded to be 3200 mm.
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The United States Geological Survey (USGS) earth explorer website was used for
acquiring the digital elevation model (DEM) from which the elevation data of this study
area were extracted, as shown in Figure 2. The radar system collects information that
results in the most precise and detailed topographical map of the surface of Earth ever
produced. The Perak River basin area consists primarily of gentle, elongated highlands
with mild to steep slopes. The study area has a range of elevation between 27 m and
2168 m above mean sea level (MSL). From Figure 2, it can be observed that areas towards
the north side such as Hulu Perak, Kuala Kangsar, Kinta and Batang Padang have the
highest elevation rates above mean sea level. Regulations for planning and development
in hilly and highlands regions have been established by the government of Malaysia. The
regulations were categorized into various elevation ranges: lowlands (less than 150 m), hilly
lands (150–300 m), highlands (300–1000 m), and mountainous lands (more than 1000 m).
The elevation of the study area is directly proportional to the steepness of slopes, which
has a direct connection with soil erosion rate [43].
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Figure 2. The elevation map of the study area.

A slope map of the study area was made in order to estimate the steepness of the
region. From the slope map, five classes of distinct steepness were generated. The variation
in steepness was based on the topographical features of the study area. The main ranges of
steepness in the five classes of the study area were from 0–3.48◦, 3.48–7.67◦, 7.67–11.83◦,
11.83–16.26◦, and 16.26–36.14◦, as shown in Figure 3. The factor of slope steepness has a
significant effect on the rate of soil erosion, soil stability, and sedimentation. The amount
of soil erosion increases with the increase in slope gradient due to a rise in the velocity of
surface runoff [44].
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2.2. Data Acquisitions and Preparation

Landsat images acquired from Landsat 5 and Landsat 8 satellites were utilized to
analyze the LULC changes, whereas dates were chosen focusing on the quality and ac-
cessibility of Landsat data and weather conditions, as shown in Table 1. The data for
Landsat 5 and Landsat 8 showed a minimal consistency issue from the perspective of
spatial composition. These issues were rectified during pre-classification phase of the
analysis and have been successfully addressed by some previous studies [4–6] as well.
The visible bands (red, green, and blue) were selected for land use classification. The
bands selected for Landsat 5 classification were 2, 3, and 4, whereas 4, 5, and 6 bands were
selected for Landsat 8 image classification [45]. Four Landsat images were obtained for the
years 2000, 2010, and 2020 from the USGS earth explorer website (Retrieved on 27 February
2021, https://glovis.usgs.gov) using Path/Row 127/56, 127/57, 128/56, and 127/57 for the
Perak River basin (Table 1). The datasets were added to ArcGIS to generate LULC maps.
The ArcGIS 10.8 software package was used at the different stages of the analysis. The
images obtained from the satellite were sensed at various times of the year and all had the
same spatial resolution (30 m). The resulting four images were clipped to extract the study
area, after checking the Landsat scene by date.

https://glovis.usgs.gov
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Table 1. Detailed data for the Landsat images used for the study area.

Year Landsat Scene ID Path Date Acquired Resolution (m) Row Earth-Sun
Distance

2000

LT51270562000237BKT00 127 24 August 2000 30 56 1.0109543
LT51270572000237BKT00 127 24 August 2000 30 57 1.0109543
LT51280562000020DKI00 128 20 January 2000 30 56 0.9839503
LT51280572000148BKT01 128 27 May 2000 30 57 1.0132773

2010

LT51270562010056BKT00 127 25 February 2010 30 56 0.9898357
LT51270572010360BKT00 127 26 December 2010 30 57 0.9834906
LT51280562010047BKT00 128 16 February 2010 30 56 0.9878930
LT51280572010047BKT00 128 16 February 2010 30 57 0.9878930

2020

LC81270562020228LGN00 127 15 August 2020 30 56 1.0128081
LC81270572020228LGN00 127 15 August 2020 30 57 1.0128080
LC81280562020315LGN00 128 10 November 2020 30 56 0.9902608
LC81280572020267LGN00 128 23 September 2020 30 57 1.0034227

2.3. Classification

In order to achieve high precision of classification, false color composites and indexes
of water and vegetation were produced with normalized differences. For improved visual-
ization, the mixture of green, near-infrared (NIR), and red bands (R) was the false color
composite that was utilized. Moreover, NDVI, i.e., normalized difference vegetation index,
and NDWI, i.e., normalized difference water index, were created for all images. The usage
of NDVI in estimation of vegetation covering has been effectively in past years for different
purposes [46]. It can be described by Equation (1):

NDVI =
NIR− R
NIR + R

(1)

where NIR and R indicate the reflectance of the surface over nearly 0.8 µm and visible band
(0.6 µm) in the spectrum of light, respectively. Normalized difference water index (NDWI)
as shown in Equation (2), on the other hand, demonstrates the maximum water reflectance
around an area by using the visible green band (G) (0.5 µm) and the near-infrared band
(NIR) (0.8 µm) [47–49].

NDWI =
G− NIR
G + NIR

(2)

False color images helped in detection and visualization of different land characteris-
tics, while NDVI and NDWI were used to distinguish the vegetative and water surfaces,
respectively, in the study area. The supervised classification technique has been used
effectively in the case of spectral variability in individual types of cover, and hence it was
applied for the digital classification of Landsat images [50]. Supervised classification yields
superior results in comparison to unsupervised classification, as shown by many recent
studies [51,52]. All the satellite images were analyzed by applying per-pixel signature to
the same digital number (DN) of various landscape features and used to distinguished the
study area into four classes. The defined classes were dense forests, barren and urban lands,
waterbodies, and agricultural lands, as shown in Table 2. Training samples were selected by
defining polygons around the representative locations for each of the predetermined LULC
types. An appropriate spectral signature is one that helps to ensure that there is negligible
confusion between land covers that are to be mapped [53]. A total of 120 spectral signatures
for each class were captured; therefore, an accumulated 480 training points from all four
classes were selected. Then, the signature files were created, which are representative of a
class or a cluster. After the creation of signature files, they were added with the base map,
which provides the background of the geographical context of the study area.
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Table 2. The classification scheme for land use and land cover (LULC).

Class Description

Waterbodies Rivers, open water, lakes, ponds, and reservoirs.
Barren and urban lands Land areas of exposed soil and barren areas influenced by humans.

Dense forests Continuous stands of trees, many of which may attain a height of
50 m, including natural forest, mangrove, and plantation forest.

Agricultural lands Mainly composed of grass, vegetation, crop plants, cultivated lands,
and shrub lands.

Later, for the supervised classification of the Landsat images, the maximum-likelihood
classification technique was applied. With this classification method, selection of pixel
values related to different classes can be controlled by the user [54]. The outcomes obtained
from the supervised classification and images of higher resolution show the classification
of the study area. Then, kappa coefficient was calculated for the accuracy assessment of
classified maps. The kappa coefficient is an accuracy indicator for measuring the overall
coherence between the classified images and reference data. Multi-separate variables tech-
nique was used to calculate kappa coefficient, which was used to measure the accuracy of
classified maps. It was derived from the confusion matrix that relates the classification map
and referenced data [55]. The kappa coefficient was calculated by using Equation (3) [56]:

K =
N ∑m

i=1 CMii −∑m
i=1 CicorrCipred

N2 −∑m
i=1 CicorrCipred

(3)

where K represents Cohen’s kappa coefficient, Cicorr represents the corrected random
samples in rows of confusion matrix, Cipred represents the predicted random samples in
columns of confusion matrix of each class, CMii represents the diagonal elements of the
confusion matrix, and n represents the total number of random samples. The flow chart of
all the processes involved in the methodology is shown in Figure 4.
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2.4. Change Detection

Change detection is considered as a primary method for identifying the variations in
land use pattern of different classes (i.e., waterbodies, barren and urban lands, agricultural
lands, and dense forests) in distinct periods of time. The essential characteristic of this
method is the capacity to identify the changes in data from various sources and time
spans [57]. Change detection was calculated by finding the difference in the area covered
by different land use classes between the two periods of 2000 to 2010 and 2010 to 2020.
For the calculation of area covered by different land use classes, the “attribute table” was
obtained after the land use classification was analyzed. The pixels covered by each class
were divided by the total pixels of the study area to obtain percentage change in cover for
each class, as shown in Equation (4) [58].

Percentage cover (%) =
pixels covered by land use class

total pixel o f the study area
× 100 (4)

2.5. Artificial Neural Network–Cellular Automata Modeling

During the last two decades, several models based on simulations have been devel-
oped that are used for the modeling of land cover changes around the globe [59]. In this
study, a combination of ANN and CA was used to simulate and evaluate the LULC trends
of the Perak River basin up to the year 2050 using open source QGIS software version
2.18.25 [60]. The CA feature in QGIS is based on the Markov chain algorithm; i.e., it relies
on the present state of land use rather than the previous state [15]. This model generates
the output data in the form of tables and maps by combining previous and current land use
maps with spatial input parameters [61]. Based on that data, MOLUSCE uses algorithms
to train the model. Since ANN algorithms are more accurate than other algorithms, it was
used to train the transition potential model of LULC [60]. In recent decades, ANNs have
become most common in remote sensing for proper LULC modeling and classification [62].
An ANN is composed of neurons, which are the same as those found in the brains of
humans, and it uses them to recognize the trends in data [63]. The most popular form of
ANN is the multilayer perceptron (MLP) [64]. The MLP-ANN preprocesses the provided
data from land use groups such as barren and urban lands, water bodies, and agricultural
lands by using dummy coding of different groupings into a collection of independent
variables such as 0 and 1.

The transition potential model used in this study was trained with a momentum of
0.050 and a learning rate of 0.100 for the stabilization of learning graph. Furthermore,
the number of iterations was set to 100 to prevent the issue of overfitting in the model.
ANN-CA simulation was utilized to simulate the land use changes. The state of the new
cell was determined by the existing state of a current cell and changes in the neighborhood
cells in CA [65,66]. The ANN-CA simulation selects raster data, such as classes of LULC,
raster of spatial parameters, and transition potential model, based on ANN algorithm [67].
Potential changes are determined for each class, and the simulation creates a raster of the
most likely transitions. The simulation examines a fixed number of pixels, with the greatest
certainty for each transition corresponding to the most likely transitions, and then adjusts
the class of the pixel [68]. Multiple iterations of the simulation were performed to achieve
subsequent prediction maps of 2030, 2040, and 2050.

Validation was conducted after the ANN-CA simulation, which allows for verifying,
comparing, and validating the outcomes achieved. The method of validation was carried
out by comparing simulated outcomes to the reference data [68]. Calibration and validation
processes are critical factors in validating a simulation model, and [69] stated that there
is a clear distinction between these two terms. The predicted map of 2020 was obtained
by inserting classified maps of 2000 and 2010 as input data. The predicted map of 2020
was compared with the observed classified map of 2020 to assess the degree of agreement
between the pixels of the two maps. The overall kappa coefficient was calculated, the
value of which ranges from 0 to 1 [15]. The high degree of agreement and satisfactory
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value of kappa coefficient indicated the validation of the simulation model. This validated
simulation model formed the basis for future predicted maps of 2030, 2040, and 2050. The
detailed methodology flow chart of prediction maps is shown in Figure 5.
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3. Results and Discussions
3.1. Land Use Change and Accuracy Assessment

The spatial representation of LULC types of four major classes of land cover, namely
(i) waterbodies, (ii) agricultural lands, (iii) barren and urban lands, and (iv) dense forests,
from the year 2000 to 2020 is shown in Figure 6a–c. These figures illustrate the land use
condition in the Perak River basin. Firstly, for the composition of the band, Landsat images
were inputted into an image analysis tool. Then, by using Landsat images, the signatures
of all the spectral classes were identified. For the purpose of supervised classification,
the classes with the same spectral signatures were merged. This allows all the pixels that
are included in an image to be automatically assigned to the land cover classes [70]. The
maximum-likelihood classifier was employed by applying training sets developed from
Landsat images.

The accuracy assessment of the classified images was the next stage after classification.
The stratified samplings were generated by using Google Earth images, and then accuracy
assessment of LULC maps was performed. Confusion matrix was created between testing
samples and classified images for the measurement of accuracy. It is a simple way to
evaluate how frequently a pixel misidentifies class [15]. For the formation of confusion
matrix table, 189, 202, and 177 random points were selected on the classified maps for years
2000, 2010, and 2020 respectively (Table 3). These random points represented different
land use classes that were compared with Google Earth images. These random points
represented the producer’s values and user’s corrected values. The dataset table was
transformed into a confusion matrix by comparing the total producer’s values and the
user’s corrected values in the respective classes. According to Anderson’s classification
scheme, the kappa values of classified images are considered satisfactory if they reach
the minimum accuracy of 0.85 [45]. Several attempts were made by increasing training
sample size to enhance accuracy until reaching kappa coefficient of more than 0.85 as the
desired accuracy. The overall accuracies of classified images for the years 2000, 2010, and
2020 were 0.86, 0.88, and 0.91 respectively, as shown in Table 3. Additionally, the table also
describes the accuracy of each class for all the images. Based on the outcomes shown in
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the table, it is apparent that the accuracy of classification of waterbodies (96%) is relatively
higher as compared to agricultural and barren land in the year 2000. This is because
the forests and waterbodies represent clear pixels and make the process of classification
simple [71]. In comparison to this, the accuracy of the barren and agricultural classes
was comparatively poor due to the mixed environmental characteristics. The accuracy
assessment for all images indicates that it is difficult to determine agricultural lands and
areas with fewer forests with high precision due to the spatial resolution restrictions of the
Landsat images. The existence of waterbodies and farmlands in barren areas contributes to
a rise in the amount of mixed pixels. For appropriate mapping of agricultural and barren
lands, ancillary data and visual representation of images was used. For the classified images
of the years 2010 and 2020, the confusion matrix in Table 3 demonstrates the increase in
accuracy of classifications. The accessibility of ancillary data for the classification was the
reason for the enhancement of accuracy. The accuracy for agricultural and barren land
classification also improved due to the interconnection of various data sources, i.e., the data
from Google Earth and Landsat images data. These findings offer a significant foundation
for the future study of LULC changes.

Table 3. Accuracy assessment of the LULC classifications in the Perak River basin.

2000 AL W BL DF Total UA (%)

AL 36 0 1 3 40 90
W 0 47 1 1 49 96
BL 1 2 49 4 56 87
DF 3 0 2 39 44 89

Total 40 49 54 47 189
PA (%) 90 95 91 83
OA (%) 90

K 0.86

2010 AL W BL DF Total UA (%)

AL 55 0 1 3 59 93
W 0 42 1 1 44 95
BL 4 2 57 1 64 89
DF 3 0 0 32 35 91

Total 62 44 59 37 202
PA (%) 89 94 97 86
OA (%) 92

K 0.88

2020 AL W BL DF Total UA (%)

AL 61 0 0 2 63 97
W 0 45 0 0 45 100
BL 3 0 27 0 30 90
DF 2 0 1 36 39 92

Total 66 45 28 38 177
PA (%) 92 100 96 95
OA (%) 95

K 0.91
Note: AL = Agricultural lands; W = Waterbodies; BL = Barren and urban lands; DF = Dense forests; UA = User’s
accuracy; PA = Producer’s accuracy; OA = Overall accuracy; K = Kappa coefficient.

3.2. Land Use Changes in Perak River Basin

The details of land use changes in the Perak River basin for the years 2000, 2010, and
2020 are given in Tables 4 and 5, as well as Figure 7. In the year 2000, the major land
cover in the study area was occupied by dense forests comprising 56% of the total area,
followed by agricultural lands (27.73%), barren and urban lands (14.63%), and waterbodies
(1.62%). Compared to the year 2000, in 2010, the land cover experienced a tremendous
decrease in dense forests (43.69%), followed by a considerable increase in barren and
urban lands (15.71%) as well as a slight increase in the area of waterbodies (1.68%) and
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agricultural lands (39.05%). However, for the year 2020, the observed LULC changes were
dominated by a sizeable increase in the area of barren and urban lands (20.39%), followed
by a dramatic decrease in dense forests (35.47%) and a slight increase in waterbodies (1.75%)
and agricultural lands (42.46%), as shown in Table 4.
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Table 4. Outcomes of the classification of LULC for images from the years 2000, 2010, and 2020,
demon-strating the area of each class and its percentage of the Perak River basin.

Years 2000 2010 2020

LULC
(Area)

Area
(km2) % Area

(km2) % Area
(km2) %

Dense
Forests 12,512.30 56.02 9739.54 43.59 7925.04 35.47

Agricultural
Lands 6195.98 27.73 8714.08 39.04 9603.39 42.46

Barren and
Urban
Lands

3270.01 14.63 3510.39 15.71 3817.07 20.29

Waterbodies 363.18 1.62 377.47 1.68 391.79 1.75

Table 5. Changes in area and percentage cover of LULC classes between the years 2000–2010, and
2010–2020 of the Perak River basin.

Years 2000–2010 2010–2020

LULC (Area) Area (km2) % Area (km2) %

Dense Forests −2772.77 −12.4108 −1812.85 −8.11
Agricultural

Lands 2518.09 11.27 889.90 3.46

Barren and
Urban Lands 240.38 1.07 307.36 4.59

Waterbodies 14.29 0.06 15.31 0.068

Water 2021, 13, x FOR PEER REVIEW 13 of 20 
 

 

 
Figure 7. LULC change graph for 2000, 2010, and 2020 for Perak River basin. 

The main factors contributing to the increase in barren and urban lands in the Perak 
River basin were rapid expansion of urban development, the increase in the growth of 
agricultural cultivation that eventually contributed to the degradation of forest, and the 
variation in the amount of annual rainfall [72–74]. Such LULC change analysis is im-
portant for a deeper understanding of how these developments were changing the hydro-
logical process of the Perak River basin. Remotely sensed image integration with GIS has 
the ability to provide a good basis for comparing the influencing factors to the dynamics 
of the river basin. The outcomes obtained from the analysis have shown that in the last 
two decades, the land use in Perak, Malaysia has been changed. The main components of 
the river basin have been decreased dramatically, such as dense forests. Barren land, by 
comparison, has seen more changes and increased more considerably than any other class 
of land use. Due to the increase in barren and urban land, the huge number of light forests 
have been converted into development zones, and thus the area of impermeable surfaces 
has been enhanced [75]. The rapid urbanization was mainly due to industrial develop-
ment and growth in the rate of population. A slight positive increase was detected in the 
class of waterbodies in the year 2010, which can be attributed to the rise in water bodies, 
such as reservoirs that perform the function of retention ponds in the season of floods. 
Increases in barren lands and rainfall played significant roles in changing the hydrological 
system of the river basin [76–78]. Precipitation over recently built areas results in increased 
rates of runoff, which creates the issue of floods in the low-lying region, according to var-
ious studies [79]. Additionally, in urban areas where the capacity for flood retention and 
drainage is not adequate, heavy rainfall may also lead to an increase in stagnant water. 
Factors influencing the river basin, i.e., change in climate, land use, and changes in soil 
infiltration rate, may also result in significant deterioration of the river basin hydrological 
process [80]. Therefore, the analysis of land use changes can also provide key details on 
potential improvements to the hydrology of the river basins. 

3.3. Prediction of Land Use Changes Using ANN-CA 
3.3.1. Transition Potential Modeling Using ANN 

The transition potential model was trained using an ANN for identifying LULC 
changes between the years 2000 and 2010. The changes in the area of different classes were 
used to create the LULC transition matrix, which is an input for the ANN to obtain the 
transition probability. The ANN was run with the learning rate of 0.09 and a maximum 
iteration of 100, and momentum was set to 0.050. These inputs were found to be optimal 

Figure 7. LULC change graph for 2000, 2010, and 2020 for Perak River basin.

The main factors contributing to the increase in barren and urban lands in the Perak
River basin were rapid expansion of urban development, the increase in the growth of
agricultural cultivation that eventually contributed to the degradation of forest, and the
variation in the amount of annual rainfall [72–74]. Such LULC change analysis is important
for a deeper understanding of how these developments were changing the hydrological
process of the Perak River basin. Remotely sensed image integration with GIS has the
ability to provide a good basis for comparing the influencing factors to the dynamics of
the river basin. The outcomes obtained from the analysis have shown that in the last two
decades, the land use in Perak, Malaysia has been changed. The main components of
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the river basin have been decreased dramatically, such as dense forests. Barren land, by
comparison, has seen more changes and increased more considerably than any other class
of land use. Due to the increase in barren and urban land, the huge number of light forests
have been converted into development zones, and thus the area of impermeable surfaces
has been enhanced [75]. The rapid urbanization was mainly due to industrial development
and growth in the rate of population. A slight positive increase was detected in the class of
waterbodies in the year 2010, which can be attributed to the rise in water bodies, such as
reservoirs that perform the function of retention ponds in the season of floods. Increases in
barren lands and rainfall played significant roles in changing the hydrological system of the
river basin [76–78]. Precipitation over recently built areas results in increased rates of runoff,
which creates the issue of floods in the low-lying region, according to various studies [79].
Additionally, in urban areas where the capacity for flood retention and drainage is not
adequate, heavy rainfall may also lead to an increase in stagnant water. Factors influencing
the river basin, i.e., change in climate, land use, and changes in soil infiltration rate, may
also result in significant deterioration of the river basin hydrological process [80]. Therefore,
the analysis of land use changes can also provide key details on potential improvements to
the hydrology of the river basins.

3.3. Prediction of Land Use Changes Using ANN-CA
3.3.1. Transition Potential Modeling Using ANN

The transition potential model was trained using an ANN for identifying LULC
changes between the years 2000 and 2010. The changes in the area of different classes were
used to create the LULC transition matrix, which is an input for the ANN to obtain the
transition probability. The ANN was run with the learning rate of 0.09 and a maximum
iteration of 100, and momentum was set to 0.050. These inputs were found to be optimal
to train the ANN. ANN-CA simulated the prediction map of 2020 based on the transition
potential model and spatial parameters.

3.3.2. Validation of ANN-CA Simulation

The simulation results were statistically validated by kappa coefficient and percentage
of correctness. The kappa coefficient was calculated using the guidelines in QGIS [60]. The
same method of validation has been successfully used in the previous studies concerning
land use prediction using ANN-CA simulation [15,81]. The parameters used for validation
were obtained from the simulated and classified reference maps of 2020. The comparison
of these maps produced the kappa coefficient and percentage of correctness. The value
obtained for the kappa coefficient was 0.83. The graph shown in Figure 8 represents
the comparison and correlation between the predicted and reference maps of 2020. The
validation graph tracks the agreement between data points of the two maps, which suggests
an accurate prediction has been conducted, whereas a divergence from the reference line
signifies the inaccurately simulated land cover. The minimal errors related to the simulation
can be attributed to the inaccurate identification of land use patterns and misinterpretation
of spatial parameters (i.e., network of roads, elevation, and slope maps). Similar trends
have been reported during the validation of simulated maps in previous studies [61,81,82].

The predicted maps of 2030, 2040, and 2050 were obtained by implementing multiple
iterations of the validated simulation results of 2020. The percentage correctness of the
simulation was 73.41%. The percentage of correctness suggests that there would be a
73.41% chance of correctness in predicted outcomes of 2030, 2040, and 2050 simulations
when compared with the actual LULC maps of 2030, 2040, and 2050. It also indicates that
if the current LULC changes would proceed in the same trend, then the future land use
pattern for the Perak River basin would be comparable to the maps shown in Figure 9.
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3.3.3. Prediction Maps of Year 2030, 2040, and 2050

The outcomes of ANN-CA simulation as shown in Figure 9 illustrate that the Perak
River basin will see a slight increase in areas of barren lands and agricultural lands in
the years leading to 2030, 2040, and 2050. Based on the simulation results, there will be a
minor decrease in the area of waterbodies of (−1.56 km2) between the years 2030 to 2040
and (−2.53 km2) from the year 2040 to 2050 due to the expected increases in bedload and
sedimentation in the flood retention ponds and rainfed catchments, as shown in Table 6.
Similarly, an increase in the area of agricultural lands of (60.6 km2) was predicted from the
year 2030 to 2040 and (46.9 km2) from the year 2040 to 2050. However, dense forests will
decrease (−335.91 km2) from the year 2030 to 2040 and (−94.77 km2) from the year 2040 to
2050 due to the expected increase in rates of deforestation and conversion of forests into
developed areas. Similarly, there will be an increase in the area of barren and urban lands
(65.95 km2) from the year 2030 to 2040 and (51.24 km2) from the year 2040 to 2050 due to
an expected increase in commercial, residential, and industrial areas.

Table 6. Projected land use and land cover changes for the years 2030, 2040, 2050.

Class Name Area (km2)
2030

Area (km2)
2040

Area (km2)
2050

Change
from 2030 to
2040 (km2)

Change
from 2040 to
2050 (km2)

Waterbodies 388.72 387.16 384.633 −1.56 −2.53
Barren and
urban lands 3830.35 3896.3 3948.24 65.95 51.24

Dense forests 7461.2 7125.39 7030.62 −335.91 −94.77
Agricultural

lands 9788.3 9847.8 9894.7 60.6 46.9

3.3.4. Land Use Transition Matrix of Simulated Outcomes

A transition matrix table illustrates how future land use classes may change during
the periods of 2020–2030, 2030–2040, and 2040–2050. The transition matrix table was
formed by comparing the observed classified map of 2020 with the simulated map of 2030,
and similarly comparing the simulated map of 2030 with 2040 and 2040 with 2050. The
transition matrix indicates the changes in land use patterns in the simulated years. The
observed changes in land use classes are shown in Table 7. From the table, it is evident
that from 2020–2030, the major transition occurs in dense forest to agricultural lands.
Similarly, there is a shift of agricultural lands to barren and urban lands. However, minor
transformations occur in the classes of waterbodies, barren and urban lands. This trend of
changes in the land use patterns remains constant in the years leading up to 2040 and 2050.

Table 7. Land use transition matrix of the year 2030, 2040, and 2050.

2020–2030

Waterbodies Barren and
Urban Lands Dense Forests Agricultural

Lands

Waterbodies 0.90 0.06 0.03 0.01
Barren and
urban lands 0.00 0.94 0.01 0.05

Dense forests 0.00 0.06 0.75 0.19
Agricultural

lands 0.00 0.12 0.05 0.83
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Table 7. Cont.

2030–2040

Waterbodies Barren and
Urban Lands Dense Forests Agricultural

Lands

Waterbodies 0.96 0.00 0.00 0.04
Barren and
urban lands 0.00 0.98 0.01 0.01

Dense forests 0.00 0.02 0.87 0.11
Agricultural

lands 0.00 0.03 0.06 0.91

2040–2050

Waterbodies Barren and
Urban Lands Dense Forests Agricultural

Lands

Waterbodies 0.97 0.00 0.01 0.02
Barren and
urban lands 0.00 0.95 0.01 0.04

Dense forests 0.00 0.02 0.85 0.13
Agricultural

lands 0.00 0.07 0.05 0.88

4. Conclusions

The present study has successfully provided an application of ANN-CA for the
monitoring and prediction of LULC changes and spatial distribution patterns. The growth
in LULC changes and future prediction of the Perak River basin were analyzed by using
multi-temporal data from the year 2000 to 2020. The LULC changes maps classified for the
years 2000, 2010, and 2020 demonstrated the major changes in the study area. Furthermore,
areas of various LULC classes were calculated to monitor decadal changes in each class.
According to the findings, barren and urban lands in the Perak River basin grew rapidly
between 2000 and 2020. In 2000, the total area of barren and urban lands in the region
was 3270.01 km2, which had increased up to 3817.07 km2 by the year 2020, leading to
extreme soil erosion risk in the catchment. This shows that there was an approximately
five-fold increase in barren and urban lands during this period of time. The decadal change
in LULC mapping of the Perak River basin indicated that the dense forests significantly
decreased from 12,512.30 km2 in the year 2000 to only 7925.04 km2 in 2020. However, a
slight increases were observed in the areas of waterbodies, from 363.18 km2 in 2000 to
391.89 km2 in 2020, and agricultural lands, from 6195.98 km2 in 2000 to 9603.39 km2 in
2020. Dense forests near the Perak River basin were transformed into non-agricultural
lands initially and later converted into a developed built-up area.

The study suggested that an ANN-CA simulation model is one of the most appropriate
and effective approaches for simulating complex types of LULC changes, and it can be used
for other regions with a similar level of complexity. From the outcomes of the ANN-CA
simulation, barren and urban lands will expand by many folds in commercial, industrial,
and residential areas over the next decades up to 2050. The outcomes of this study on
LULC changes and its future prediction might be useful for regional policymakers and
authorities in developing sustainable urban planning and improving living standards.
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