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A B S T R A C T   

Study Region Johor River Basin (JRB), Malaysia. Study Focus The study generates long time- 
series land use and land cover (LULC) change at 5- years interval using Google Earth Engine 
and investigate the LULC changes and river morphology changes of JRB. Intensity analysis on the 
LULC changes was conducted to highlight the transition between LULC. Targeted transition from 
natural to disturbed lands were detected, which impact the river morphology of the basin. River 
morphology changes were identified along Johor River, based on the centerline migration derived 
from Channel Migration Toolbox. New Hydrological Insights for the Region JRB has undergone 
high intensity LULC change over the past decades due to significant economic and population 
growth which impacted the river morphology. Channel migration analysis reported high river 
centerline migration (498609 m2 to 1853886 m2) of Johor River. Higher migration rate was 
identified at the estuary of the Johor River and several locations along the river. Specific locations 
with high channel migration were highlighted where human-induced changes are the factors to 
affect the morphology of the river. The proposed method is first applied in the region and the 
results enhance local and regional policies and decision making on food and water security, 
prevent extreme events such as floods, and further degradation of natural land.   

1. Introduction 

Over the past decades, one-third of the global land use has been changed either once or on multiple occasions (Winkler et al., 2021). 
The dynamicity of Land Use and Land Cover (LULC) change has triggered issues related to environmental, ecosystem, water, food 
security, climate change, etc. (Song et al., 2018; Winkler et al., 2021). The LULC science includes characterization of land cover and 
land use and quantification of their changes and their consequences. Drivers of these changes are either natural, such as climate 
variability and change, or anthropogenic, such as socio-economic or political (Roy and Roy, 2010). Any human-induced landscape 
modification driven by economy or politics has impacts on major components in the Earth system, such as carbon cycle, surface 
hydrology, and atmospheric processes (Zhao et al., 2006). These changes also affect social systems and impact food security, energy 
production, and water resources (Wolde et al., 2021). 

Water is the foundation to sustain life (Guppy and Anderson, 2017). Half of the world’s population reside at the vicinity of river (<
3 km) to obtain their main source of water (freshwater) supply (Kummu et al., 2011); and daily essentials such as economic activities, 
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transportation, and natural resources exploration (Fang et al., 2018). However, water scarcity and security issues have emerged at 
national and global scales due to rapid population growth. By 2050, more than 40% of the world’s population will get their daily water 
supply from water-stressed river basins (OECD, 2001). This increase of supply-and-demand of water and resources relative to the 
global population growth has led to significant LULC change especially at the vicinity of rivers, which can severely impact the river 
physical characteristics and ecology (Chin, 2006; Zhao et al., 2006). How LULC changes impact a river basin from various perspectives 
have been studied (Chin, 2006), including runoff and water availability (Wang et al., 2017), discharge (Petchprayoon et al., 2010), 
water yield (Geng et al., 2015), headwater fluvial (Harden, 2006), morphology and structure (Kudnar, 2020; Yousefi et al., 2019) and 
dam construction (WWF, 2004). River morphology refers to the shape of river channels and identifying their changes in terms of the 
area/zone and direction (channel migration) over time can help communities residing near the river bank to guide development away 
from channel migration zones and reduce flood hazards. 

Recent studies by Kong et al. (2020) and Ibitoye (2021) proved that the natural and anthropogenic activities are the main cause of 
river morphology changes. The Johor River Basin (JRB) located in the southern state of Peninsular Malaysia has an important role to 
supply water for local usage and to support part of the water demand of Singapore (Chuah et al., 2018). It is in a humid tropical region 
with monsoon seasons and is occasionally influenced by El Nino events and severely impacted by floods for the past decades (Kia et al., 
2012; Saudi et al., 2015). Droughts, floods, dams and barrage construction, and land reclamation within or surrounding the basin can 
severely affect the naturality of the basin. Thus, it has become a popular area for research particularly relating to hydro-climatology 
studies including floods (Ismail et al., 2015), streamflow (Tan et al., 2015), runoff (Dorofki et al., 2012), drought (Tan et al., 2019a, 
2019b), and soil erosion (Obaid and Shahid, 2017) which are impacted by the LULC changes over the years under the rapid devel-
opment of the area. Wang et al. (2019) identified several land sprawl construction and land reclamation areas over the southern part of 
the JRB, particularly at Tekong Island, Singapore, to accommodate the economic development and inhabitants surrounding the river 
basin. This indicates that the JRB and its surrounding area are rapidly changing, which could have a direct impact on the hydrology 
and ecology of the river basin. In addition, anthropogenic activities including construction of dams and barrage along the JRB have 
affected the natural stability of the river basin, although these activities were to ensure water security and prevent floods in the area 
(Lin, 2011). 

Studies investigating the impact of LULC changes on river morphology are limited and only a few researchers have been conducted 
to date in Portugal (Fernandes et al., 2020), India (Himayoun and Roshni, 2020), Iran (Yousefi et al., 2019, 2016), Nigeria (Ibitoye, 
2021). Despite being a popular study site due to its importance to the region, a long-term analysis on LULC changes within the JRB and 
the impacts on the river morphology is yet to be conducted (Awang Ali et al., 2017). LULC classification and change detection over the 
tropical region is always a painstaking task due to the lack of multi-temporal cloudless satellite data and insufficient ground sampling. 
To date, most of the LULC classification or change detection studies conducted in tropical region are based on satellite images contains 
with some clouds and cloud shadows (Deilmai et al., 2014; Kanniah et al., 2021, 2016, 2015; Tan et al., 2010). Intensity analysis of 
LULC has been successfully applied globally to improve the understanding of the transition between various land use classes (Ekumah 
et al., 2020; Estoque and Murayama, 2015; Gandharum et al., 2022; Yang et al., 2017; Zhou et al., 2014). This advanced analytical 
technique is also useful on detecting errors on historical classification maps which ground truth samples are usually unavailable 
(Enaruvbe and Pontius, 2015; Sun et al., 2021; Tankpa et al., 2020), and added advantage to explain the LULC results in a more 
detailed manner. Moreover, although LULC classification is a popular research in Malaysia, no previous studies applied intensity 
analysis to describe LULC changes in Malaysia. This study utilized the Google Earth Engine (GEE), a cloud-based platform featuring big 
data processing, using a collection of publicly available remote sensing imagery and products (Gorelick et al., 2017) for LULC clas-
sification. Although the GEE has gained much publicity, a review by Amani et al. (2020) summarized machine learning and land cover 
as being a popular research area based on GEE, only a few studies have been conducted in Malaysia over the years. Shaharum et al. 
(2020) compared SVM, RF, and Classification and Regression Tree (CART) classifiers to classify oil palm in Malaysia on 2016–2017 
using Landsat 8 data. Wahap and Shafri (2020) also compared these three classifiers over Klang valley area for year 1998, 2003 and 
2018. Ju et al. (2021) combines Landsat 8 and Sentinel-2 images with a number of indices to perform land classification of JRB but only 
focused on year 2019. To our knowledge, there are limited studies conducted on JRB to identify the impacts of LULC changes to the 
dynamics of river morphology over a long period. The impacts of LULC changes within the river basin can support future planning, 
management, and sustainable development of the JRB and its surrounding areas, it will also assist further studies involving ecosystem 
conservation and services, sustainable land use planning, natural disaster (floods) prevention and water security. 

This study aims to analyze the impacts of LULC changes within the JRB to the Johor river morphology over the past 30 years based 
on remote sensing and geographic information science (GIS) techniques. More specifically, two machine learning algorithms were 
compared to delineate different land use and land cover classes. The intensity of the LULC changes was then analysed at 5 years’ 
intervals between 1990 and 2020. River features classified from the satellite images were processed to generate river centerlines and 
migration polygons. A detailed analysis on river morphology was performed on locations that underwent significant changes over 
time. The results from this study will support the local understanding on the LULC changes and the impact to the river morphology of 
the JRB. It will provide useful data to inform local and national policies and development plans that will contribute to the United 
Nations’ Sustainable Development Goals (UN SDGs) for sustainable development and climate change, i.e., SDG 11 and SDG 13. 

2. Study area 

Over the past three decades, Malaysia’s population grew from 18.4 million to 32.7 million (mean annual growth of 2.0%). The state 
of Johor is strategically located between the Straits of Melaka at its west, South China Sea at its east, and Singapore at its south, and has 
become one of the focused regions for urbanization and economic development in Malaysia. As the development offers opportunities, 
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Johor recorded a higher population growth rate of 2.6% (2.1 million to 3.7 million) than the national rate over the same period 
(Department of Statistics Malaysia, https://www.dosm.gov.my, accessed on 7th July 2021). 

The Johor River Basin (1.426–2.080 N and 103.330 E to 104.075 E) is located in the state of Johor at the southern part of Peninsular 
Malaysia. The ecosystem services of the JRB, particularly on water supply, makes it one of the most highlighted basins in the area. The 
JRB supplies water to the southern Johor zone (where the capital city of Johor Bahru is located) and to Singapore. The JRB is 
distributed over 4 districts in Johor, namely Kluang, Johor Bahru, Kota Tinggi and Mersing, where the Johor River is the main river 
with a total length of 122 km. Originating from Mount Belumut (1010 m) at the northern part of the basin, its major tributaries include 
the Linggui, Sayong, Tiram, and Seluyut Rivers (Fig. 1(b)). The whole of the JRB considered in this study covers an area of about 
238600 ha . Part of it is within the Iskandar Malaysia zone which has been the focus development area of Malaysia since 2006. Land 
transformation due to urbanization, dam constructions and agricultural activities, have been some of the major LULC changes in the 
JRB over the decades, to cope with the increased population, water demand and to support economical income from industrial and 
agricultural sectors. Fig. 1(a) and (b) show the location of the JRB in the Johor state of Peninsular Malaysia. 

3. Data and methodology 

The methodology of this study is divided into two parts. The first part involves digital image classification of cloudless Landsat 
image composites that were generated using GEE based on two machine learning classifiers, the accuracy assessment and change 
detection analysis, and the LULC change intensity analysis. The second part involves the analysis on the river morphology changes 
using the Channel Migration Toolbox (CMT) over the study period in JHB. Fig. 2 shows the general workflow of the study, and the 
following subsections describes the procedures in detail. 

3.1. Google Earth Engine 

The Google Earth Engine (GEE) is a user-friendly, open source, web-based cloud computing platform featuring big-geodata access, 
processing, interpretation, and analysis (Amani et al., 2020). Since the introduction of the GEE in 2010, multiple satellites data 
collection is made available including from the Landsat mission, which is the most widely used dataset (Kumar and Mutanga, 2018) 
with a collection covering around 40 years since the 1970 s (Tamiminia et al., 2020). Recent studies utilized GEE to generate Landsat 
time-series LULC changes analysis and comparing different classification techniques over variety of study sites, benefiting from the 
vast data availability and fast computing capability of GEE (Brovelli et al., 2020; Nyland et al., 2018; Richards and Belcher, 2020; 
Shaharum et al., 2020; Xie et al., 2019). These studies suggest that GEE could accelerate and improve the long time-series LULC 
classification over selected area or regions. The GEE was applied in this study to produce Landsat image composites at 5 years gap, and 
to perform machine learning classification and confusion matrix analysis. Operating on a cloud-based platform, the computing power 
of the GEE facilitates data collection, classification, and analysis processes at a very fast speed. The following sections describe the 
detailed methodology used in the GEE to achieve accurate LULC classification maps for the JRB. 

3.1.1. Cloudless Landsat image composite 
Landsat is one of the satellite datasets in the GEE image collections. Although the first Landsat satellite was launched in 1972, a 

Fig. 1. Location of the JRB in Peninsular Malaysia (a) and the rivers in the basin (b).  
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complete coverage of the Landsat image composite over the study area is only available from 1990. Therefore, Landsat-5 Thematic 
Mapper (TM) and Landsat-8 Operation Land Imager (OLI) were used to generate the image composites (at 5 years interval) for 
classification purposes. The Landsat collection of Tier 1 Surface Reflectance (T1_SR) which underwent atmospheric correction 
including cloud, shadow, water, and snow mask processes, was selected in this study. Both Landsat 6 (failed to enter the orbit) and 
Landsat 7 (scan line corrector failure) were left out from the selection. Table 1 summarizes the characteristics of Landsat 5 and Landsat 

Fig. 2. Workflow chart describing the methodology of the study.  

Table 1 
Landsat-5 and Landsat-8 sensors’ characteristics. Bands in Italics were excluded from the classification due to different spatial resolution.  

Satellite Band Wavelength (μm) Resolution (m) 

Landsat-5 Thematic Mapper 1 – Visible Blue 0.45 – 0.52  30 
2 – Visible Green 0.52 – 0.60  30 
3 – Visible Red 0.63 – 0.69  30 
4 – Near-Infrared 0.76 – 0.90  30 
5 – Near-Infrared 1.55 – 1.75  30 
6 – Thermal 10.40 – 12.50  120 
7 – Mid-Infrared 2.08 – 2.35  30 

Landsat-8 Operation Land Imager 1 – Coastal Blue 0.43 – 0.45  30 
2 – Visible Blue 0.45 – 0.51  30 
3 – Visible Green 0.53 – 0.59  30 
4 – Visible Red 0.64 – 0.67  30 
5 – Near-Infrared 0.85 – 0.88  30 
6 – Shortwave Infrared (SWIR) 1 1.57 – 1.65  30 
7 – Shortwave Infrared (SWIR) 2 2.11 – 2.29  30 
8 – Panchromatic 0.50 – 0.68  15 
9 – Cirrus 1.36 – 1.38  30 

Thermal Infrared Sensor 10 – Thermal Infrared (TIRS) 1 10.60 − 11.19  100 
11 – Thermal Infrared (TIRS) 2 11.50 – 12.51  100  
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8 sensors. 
Cloud cover is always an issue for optical remote sensing images acquired over the equatorial region. To overcome this issue, a 

cloud masking function was applied during the image composition process. The bitmask for pixel_qa (pixel quality attributes) bands 
were considered to mask the clouds and cloud shadow on each Landsat image within each period of interest. Table 2 lists the detail of 
the periods and number of scenes used to generate each image composite. The default period to generate the image composite is one 
year, while for several cases, there are still some masked pixels found on the image composite. Thus, a longer timeframe was set to 
overcome this issue. For example, a timeframe of 2 years (01/01/2004–31/12/2005) was set to generate the image composite for year 
2005. Based on local knowledge, we assume that there are no massive land use and land cover change occurred during the 2 years 
interval within the 5 years window considered in this study. This assumption is supported by 1) the transition from forest to agriculture 
or urban requires land clearance which normally takes years to complete, 2) the built-up of residential and commercial buildings from 
bare soil requires at least 3 years to complete, 3) the clearance and replanting of crops in the study area can be completed within 2–3 
years period. Therefore, we believe that 5 years interval set in this study could be appropriate and representable to the actual land use 
land cover changes. 

Once the Landsat images were listed from each timeframe, the median of each pixel in the JRB was computed to create the cloudless 
Landsat scenes within each timeframe. Median reduction method is used in this study because it is a promising technique in GEE to 
process image composite which can provide equal or improved classification accuracy when compared to other reduction method 
(mean, minimum, maximum, percentile, etc.), single-image and timeseries images (Feizizadeh et al., 2021; Nyland et al., 2018; Phan 
et al., 2020; Richards and Belcher, 2020; Xie et al., 2019). Li et al. (2019) and Luo et al. (2022) proved that the median image 
composite method based on multi-year images could minimize the impact of extreme outliers caused by the seasonal and weather 
effects, resulting a robust image composite for mapping. Therefore, the cloudless Landsat image composites generated based on the 
above procedures are assumed to have stable spectral characteristics and minimal seasonal effects, where the changes of water level 
and river wetted cross-sections will not significantly impact the classification, extraction of river polygons and its centerlines, as well as 
the river morphology analysis. Fig. S1 shows the true color cloudless Landsat image composite of each time interval. 

3.1.2. Machine learning classification 
Machine learning classification is one of the most applied functions in GEE, which includes both supervised and unsupervised 

algorithms (Amani et al., 2020). This study utilized support vector machine (SVM) and Random Forest (RF) classifiers available on GEE 
platform (Gorelick et al., 2017). Based on two recent reviews by Tamiminia et al. (2020) and Sheykhmousa et al. (2020), both SVM and 
RF can provide comparable high accuracy. While both support vector machine (SVM) and random forest (RF) are the most selected 
machine learning classifier over the recent years (Sheykhmousa et al., 2020), conclusion on which classifier performs better in LULC 
classification is not clear. Thus, this study compared the two classifiers and analysed their capability in terms of classification accuracy 
and visual appearance. 

3.1.2.1. Support vector machine classifier. A SVM classifier based on the supervised non-parametric statistical learning technique 
separates the data into classes by optimization of separation hyperplanes. SVM was first introduced in the late 1970 s and the strength 
of SVM is its ability to solve the local extremum dilemma present in the machine learning techniques, by obtaining a global optimal 
solution by solving the convex quadratic optimization problem. The optimization is generally defined by applying soft margin or kernel 
functions (polynomial, radial basis, gaussian radial basis, sigmoid) to solve inseparability issues caused by mixing effects which is 
common in remote sensing image classification. In addition, SVM requires only small training sets to produce higher accuracy than a 
traditional classifier, however, it has shortcomings when dealing with noisy data (Mountrakis et al., 2011; Tamiminia et al., 2020). 

3.1.2.2. Random forest classifier. Random Forest (RF) is the most popularly applied machine learning classifier (Belgiu and Drăguţ, 
2016) and the most frequently used classifier on the GEE platform (Tamiminia et al., 2020). RF, which is based on the decision tree 
method with an ensemble learning approach, utilizes boosting and bagging procedures to solve the classification of satellite image 
pixels. The boosting technique integrates multiple models to solve the same problem, hence increasing the classification accuracy. The 
accuracy of RF classification relies on two parameters, namely the number of trees (Ntree) and number of features (Mtry). The clas-
sification accuracy of RF is more sensitive to Mtry than Ntree, where a smaller Mtry would shorten the processing time but provides 

Table 2 
Details of periods and number of scenes applied to generate each image composite.  

Satellite Year Timeframe n 

Start End 

Landsat-5  1990 1989/06/01 1990/12/31  34  
1995 1994/06/01 1996/05/31  76  
2000 1999/06/01 2001/05/31  78  
2005 2004/01/01 2005/12/31  87  
2010 2009/01/01 2010/12/31  61 

Landsat-8  2015 2014/09/01 2015/12/31  67  
2020 2020/01/01 2020/12/31  53 

*n = number of scenes compiled. 
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lower accuracy. It is common to set Ntree as large as possible as this will not affect the efficiency and cause over fitting during the 
classification process (Belgiu and Drăguţ, 2016). 

3.2. LULC class descriptions 

This study classifies a total of six LULC classes. LULC classes based on the local landuse map provided by the National Land Use 
Information Division, Department of Town and Country Planning Malaysia was referred and simplified. Water class in this study 
includes rivers, ponds, and dams in the study area. Forest class refers to the inland forest while Mangrove class refers to wetland forest 
located by the river or shorelines. Agricultural class includes oil palm plantation, rubber plantation, and other agricultural lands. The 
commercial, industrial, residential, infrastructure and utilities, and transportation (road networks) are classified as Urban. Bare soil 
includes empty lands and cleared lands where the soil surface can be detected from the images. 

3.3. Sampling points 

Lack of field-based data collection is always an issue when conducting a long-term LULC analysis. In this study, on-screen selection 
of sample points from high-resolution Google Earth images were conducted to provide the training and validation points. This method 
is theoretically proven and practiced in Kanniah (2017); Lin et al. (2018). During the selection of the sample points, the time-slider 
function of Google Earth was used to ensure the data used to select the sample points were within the specific period of interest ac-
cording to Table 2. For all the periods, 300 points were randomly identified and the portion of the points for each land use class were 
roughly distributed based on the area of each class. For example, (1) agriculture is the major land use in the JRB, thus the majority 
sample points selected are for agriculture (almost half of the total sample points), and (2) the sample points for water on year 1990 is 
50, while we increased the number of points to 60 after year 1995 since there were more water bodies found in the study area. In order 
to reduce the impact of the location of the sample points to the classification results, we tried to maintain most of the sample points at 
the same location throughout the 30 years’ study period, unless land use change was identified visually during the sample point se-
lection. The selected sample points were imported to GEE script to run the classification. During the classification process, the sample 
points were randomly divided into 2 categories, namely training sample (70%) and validation samples (30%). 

3.4. Post-classification and accuracy assessment 

A minimum mapping unit (MMU) was applied at post-classification to improve the quality of the classified maps. A window size of 
3 × 3 was used on each classified map to generalize spurious pixels according to the neighboring pixels. This process can remove noise 
and salt-pepper effects from the output maps. The GEE platform also supports classification analysis including the confusion matrix 
which is also used to compute the overall accuracy (OA), producer accuracy (PA), consumer accuracy (CA) and Kappa coefficient (KC). 
OA is the ratio between the sum of the major diagonal to the total number of sample points. PA and CA are two accuracy parameters to 
show the agreement between the sample points to a specific class, from the perspective of the producer or the consumer, respectively. 
PA is computed by dividing the major diagonal value of the class (samples that are correctly classified) to the sum of the samples for 
that class. CA is computed by dividing the major diagonal value by the total number of sample classified/mapped as that class. Finally, 
the KC was computed for each classification map to test whether the result is significantly better than a random classification. A KC 
above 0 also refers to significant agreement between the classification map with the reference sample points (Congalton and Green, 
2019). Thus, the OA, PA, CA, and KC were reported in this study for both the SVM and RF classification map of every selected period. 

3.5. LULC changes analysis 

Located within the rapidly developing state of Malaysia, JRB has been subject to intense analysis on the LULC changes to show how 
and what are the major land uses that have changed over the study period. Besides comparison on the total area and percentage of each 
LULC class, change detection analysis is normally conducted to detect the area changes from one class to another. A matrix with 
computed pixel counts or area of the changes was produced from the change detection of two periods, and maps were generated to 
visually identify the area of significant changes. 

In order to understand the LULC changes in more detail, an advance analysis method such as intensity analysis was introduced by 
Aldwaik and Pontius (2012) and tested on several sites including Plum Island in Boston, Zhenlai County in China (Yang et al., 2017), 
and two developing cities in Southeast Asia – Bangkok and Manila (Estoque and Murayama, 2015). Intensity analysis of LULC changes 
can be performed based on the data derived from the change detection matrix. Intensity analysis can be divided into three levels, which 
are interval intensity, category intensity and transition intensity. The interval intensity compares the uniform intensity calculated as 
the rate of change of the whole study period to the rate of change of each time interval. The annual rate of changes also can be 
computed by dividing the interval rates to the number of years of each period. By comparing the annual intensity rate to the uniform 
intensity rate, the LULC change of a specific area can be identified as slow- or fast-paced over a specific period. The category intensity 
computes the annual change intensity of each category based on the gross gains and gross losses, then the intensity is compared to the 
uniform intensity. This comparison examines which category actively changes or stays dormant over the period. The transition in-
tensity explaining the gains (or losses) of a particular category are targeted from (or avoided from) which category. It can highlight 
how intensely a category changed from (or to) another category. The equations involved in computing the interval, category and 
transition intensities can be referred to in Aldwaik and Pontius (2012). Hypothetical errors of each time interval were calculated to 
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explain the deviation of each classification map from the uniform transitions as shown in Enaruvbe and Pontius (2015), with 
consideration of classification errors may influence the accuracy of the intensity analysis. 

3.6. River morphology changes 

To investigate the morphological changes (channel migration) of the Johor River, the raster classification maps of the JRB were 
vectorized, and the polygons of water bodies (rivers, dams, ponds, etc.) were extracted. At a 30-meter spatial resolution of Landsat 
composite images, some parts of the river and tributes with width less than the Landsat spatial resolution are not clearly identified due 
to the mixing pixel effects commonly occurring in remote sensing data. Therefore, we limited the river morphology analysis to the 
main river (Johor River) in the JRB (Fig. 1(b)). Fig. 3 describes the steps applied to derive river centerlines and use the centerlines to 
compute river migration area and distance. Firstly, the area of the Johor River was computed based on the polygons and compared 
among the different years to understand the areal changes of the river over time. Secondly, the centerlines of the river were generated 
from the river polygons (Fig. 3(a & b)) using the Create Thiessen Polygon function in ArcGIS version 10.5 (Lewandowicz and Flisek, 
2020). Centerlines are commonly used to investigate the morphological changes of a river (Ibitoye, 2021; Kong et al., 2020). During 
this process, the centerlines were generated based on the boundary of the polygons, so the centerlines can represent the changes of the 
shape and direction (morphology) of the river. The length of the centerlines was then compared among the years to define the changes 
of the total length of Johor River over the period. 

The Channel Migration Toolbox (CMT) (Legg et al., 2014) developed by the Department of Ecology, State of Washington, USA, 
integrated in ArcGIS 10.5 was used to analyse the morphological changes. The main purpose of CMT is to measure river migration rates 
along the entire river and within the river reaches (sections of the river). Transects were drawn within the reaches to directly measure 
river migration at specific locations (Fig. 3(c & d)) (Legg et al., 2014). Three tools were used in the CMT to derive the migration 
area/zone and distance of the river, namely: 1) Reach-Average Channel Migration Tool, 2) Transect Generation Tool, and 3) Transect 
Channel Migration Tool. By importing the river centerlines into the CMT, the first tool overlays the centerlines to create polygons that 
represent the migration area/zone during each specific period. In order to analyse the river changes in a more detailed manner, 13 
reaches at different lengths were set along the river (R-1 to R-13, Table 3). The function of these reaches is to separate the entire river 

Fig. 3. Methodology applied to create Thiessen polygons within the river polygon (a), river centerline and reaches (b), transects and channel 
migration areas and distance using centerlines (c), and polygons showing the migrated area and how the transects are overlayed to derive the 
migrated distance (d). 
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into sections, so the migration rate of each reach can be clearly defined and analysed. The second tool generates the transects within 
each reach at a user-specified gap. The distance between transects is relative to the width of the river, where greater transect gap is 
recommended for wider river (Legg et al., 2014), thus different number of transacts were generated for each reach considering the 
relative width of the river. Table 3 summarizes the gap set for the transects and the number of transects within each reach. The third 
tool applied in this study overlays the transects on to the migration area polygons defined from Tool 1. The lateral movements of 
centerlines across multiple periods can be measured using this tool, and the distance of the migration at each transects are exported. 
Based on the transects migration distance table, analysis such as the migration distance of specific transects, mean migration distance 
within each reach, and total migration distance of the entire river can be computed. Analysis of the impact of LULC changes on river 
morphology changes was performed by comparing the LULC change intensity with the total migration area and total migration dis-
tance computed from CMT. Furthermore, specific locations with significant river migration were highlighted and the reasons for the 
river morphology change were discussed. 

4. Results and analysis 

4.1. Classification maps and accuracy assessment 

Classification procedures based on GEE minimize the time and steps required to complete the classification of the JRB over three 
decades with 5 years interval. Classification maps for years 1990, 1995, 2000, 2005, 2010, 2015, and 2020 were produced based on the 
cloudless Landsat image composites (described in Section 3.1.1). Table 4 lists the PA, CA, OA, and KC for each year and their respective 
classes. Statistically, the RF classifier has higher OA and KC when compared to the SVM classifier. Both SVM and RF classifiers showed 
very high accuracy above 0.90 and RF recorded perfect classification accuracy on several occasions (OA = 1.00). According to Breiman 
(2001), it is possible for RF classifier to produce OA of 1.0 due to several reasons when: (1) the RF has built a full grown tree, and (2) RF 
is based on the bootstrapped training sets that the out-of-bag method decreases the error rate. In addition of the high accuracy of SVM 
and RF, the spatial distribution of the classification maps generated from SVM (Fig. 4), and RF (Fig. S2) are also similar. However, from 
detail visual interpretation on the output maps, we found that the SVM classifier performed better on identifying narrow river, when 
compared to the results from the RF classification. The rivers identified using the SVM classifier were found to be mis-classified as their 
surrounding land use classes in the RF classifier. Fig. 5 shows a zoomed location comparing this issue. From Fig. 5, we can notice that 
the Sayong river located at the western side of the Johor River Basin was correctly classified using the SVM classifier but some parts of 
the Sayong river were classified as Agricultural area when the RF classifier was applied. Based on this finding, we conclude that despite 
the RF classifier produced a higher classification accuracy, it can only produce more generalized classification maps. The SVM clas-
sifier on the other hand is found to capture more details, especially over narrower features such as rivers in the JRB region. This finding 
is corresponded to Zagajewski et al. (2021) who found that SVM has superiority on classifying heterogeneous area, capture more 
features, and detecting edge pixels (Heydari and Mountrakis, 2018), while RF tends to be more generalized on agricultural area (Dabija 
et al., 2021). The potential of the RF classifier to delineate narrow features needs to be explored further. Therefore, in the following 
section the results produced from the SVM classification are described and discussed. 

Fig. 4 shows the majority of the LULC of the JRB is for agricultural usage with agricultural land covering more than 60% 
(150000 ha) of the basin in all the years analyzed in this study. This is followed by forest land that covers about 20% of the basin. Most 
of the forests are found at the northeastern part of the basin and other forest patches are located at the middle and the eastern part of 
the basin. Urban development is found to be expanding at the southern part of the basin while mangroves are located along the Johor 
River and its estuary. This type of LULC distribution is common in the SEA region where the majority of forest lands were cleared for 
agricultural crops, and urbanization surrounding the river (Kummu et al., 2011) being the main water source for daily supply and 
industrial usage. The construction of dams became a common practice in SEA as well as at global scale, primarily at the area of rapid 
population growth (Sabater et al., 2018), such as in the JRB. 

Table 3 
Reaches and transects of the Johor River Basin generated for the channel migration analysis.  

Reach Reach Length (m) Transect gap (m) No. of Transects 

R-1  5000.00  500  10 
R-2  5000.00  500  10 
R-3  5000.00  500  10 
R-4  5000.00  500  10 
R-5  5000.00  750  7 
R-6  5000.00  750  7 
R-7  5000.00  750  7 
R-8  5000.00  750  7 
R-9  5000.00  1000  5 
R-10  8000.00  1000  8 
R-11  12309.59  1500  8 
R-12  9000.00  1500  6 
R-13  15619.18  1500  10  
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Table 4 
The Producer accuracy (PA), Consumer accuracy (CA), Overall accuracy and Kappa values of the classification results.  

Year Classifier Water Urban Agricultural Forest Mangrove Bare soil Overall Kappa 

PA CA PA CA PA CA PA CA PA CA PA CA accuracy coefficient 

1990 SVM  0.973  1.000  1.000  0.923  0.908  0.963  0.942  0.891  1.000  1.000  1.000  0.889  0.945  0.927 
RF  1.000  1.000  1.000  1.000  0.988  1.000  1.000  0.979  1.000  1.000  1.000  1.000  0.995  0.993 

1995 SVM  1.000  1.000  0.941  0.941  0.951  0.906  0.837  0.923  1.000  1.000  1.000  1.000  0.940  0.918 
RF  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000 

2000 SVM  1.000  1.000  1.000  1.000  0.975  0.940  0.868  0.943  1.000  1.000  1.000  1.000  0.966  0.955 
RF  1.000  1.000  1.000  1.000  1.000  0.988  0.974  1.000  1.000  1.000  1.000  1.000  0.995  0.994 

2004 SVM  0.944  1.000  1.000  1.000  0.896  0.885  0.809  0.776  1.000  1.000  1.000  1.000  0.912  0.886 
RF  0.979  1.000  1.000  1.000  0.987  1.000  1.000  0.980  1.000  1.000  1.000  0.917  0.991  0.988 

2010 SVM  1.000  1.000  0.889  0.941  0.952  0.930  0.911  0.872  0.727  1.000  1.000  1.000  0.937  0.914 
RF  1.000  1.000  1.000  1.000  0.975  1.000  1.000  0.957  1.000  1.000  1.000  1.000  0.990  0.987 

2015 SVM  1.000  1.000  1.000  1.000  0.939  0.939  0.872  0.872  1.000  1.000  1.000  1.000  0.954  0.940 
RF  1.000  1.000  0.969  1.000  0.988  0.988  1.000  0.974  1.000  1.000  1.000  1.000  0.991  0.988 

2020 SVM  1.000  1.000  1.000  1.000  0.943  0.957  0.933  0.913  1.000  1.000  1.000  1.000  0.967  0.957 
RF  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  1.000  
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4.2. LULC change analysis 

Based on the classification maps as shown in Fig. 4, the area of each class was computed as in Table 5 and plotted in Fig. 6. Over the 
period of the 30 years examined, a significant loss of land cover, especially forest, was identified, and the most rapid reduction of forest 

Fig. 4. Classification maps of JRB using the SVM classifier, (a) 1990, (b) 1995, (c) 2000, (d) 2005, (e) 2010, (f) 2015, and (g) 2020.  
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was found between 1990 and 1995, with a total reduction of 20992.6 ha. In the same period, agricultural land expanded 15573.2 ha, 
and most of these expansions were at the expense of forest destruction. This transition of forest to agricultural land, especially oil palm, 
has a long history to support national income from commodity manufacturing and trading (Aznam Yusof and Bhattasali, 2008). Losses 
of mangrove areas were also detected during the study period. Although mangrove covers only less than 2.0% of the whole JRB region, 
nearly 30% of mangrove losses were identified from 1990 to 2020. Since most mangrove lands were located at the downstream of the 
JRB, the major loss of mangrove areas was found to be associated with the development of the Pasir Gudang Port and conversion to 
agricultural activities. Note that the lowest mangrove area recorded was in 2010 with 2822.2 ha, then a regrowth of mangrove was 
noticed in years 2015 and 2020, increasing the total mangrove land to 3081.6 ha by 2020. The regrowth of mangrove within the past 
10 years can be accredited to an increasing public awareness due to the policy of the Iskandar Malaysia Regional Development Au-
thority on mangrove conservation and restoration (Kanniah et al., 2021). 

Water is an essential resource that supports the daily life of the people living in the Johor state and Singapore (Chuah et al., 2018; 
Heng et al., 2017). From 1990 to 1995, the construction of the Linggui dam, a reservoir with maximum capacity of 760 million cubic 
meters, served as the main water supply source for the area at the northern side of the JRB. The dam construction increased the 
coverage of water area in JRB from 8662.5 ha to 13619.9 ha, with a net increase of 4957.4 ha (57.3%). The Linggui dam project also 
contributed partly to the loss of forest area within this period. Another increase in water bodies is found in 2020 where the construction 
of another dam (Seluyut dam) increased areas covered by water to 15690.40 ha (6.6%), which is the highest of the 30 years period. 
Besides dams, sand mining and man-made ponding along the river for economic and agricultural usage was also found to be the reason 
for the widening of Johor River, which consequently increased the water area and changed the river morphology. The expansion of 
urban areas, i.e. the Penggerang industrial area at the southern east of the Johor coast (not in the JRB), meant that more water was 
demanded for industrial usage and to support the daily water needs of the population that had moved into the area. The urban 
expansion of the JRB rose from 4603.5 ha in 1990 to 10541.7 ha in 2020, which was more than a two-fold gain over three decades. The 
most rapid gain of urban area was between 2005 and 2010, which corresponds to the highest loss of bare soil area from 2005 to 2010. 

A change detection analysis was conducted to show generally how each LULC class changed during the 30 years period. Based on 
Fig. 6 and Table 6, water, urban, and agricultural gained 6484.48 ha, 6337.53 ha, and 10699.29 ha respectively, while forest, 
mangrove, and bare soil lost 21919.32 ha, 1374.03 ha, and 229.95 ha, respectively. A total of 24.28% of increment of water surface 
was recorded while the highest gain was from the Urban class (68.55%), from 4203.81 ha rising to 10541.34 ha. Agricultural land 

Fig. 5. Comparison of river identification based on SVM classifier (a) and RF classifier (b); classification maps of year 2020 were used to show the 
capability of the two classifiers to classify rivers. 
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Table 5 
Area (ha) and percentage of LULC for respective year.   

1990 1995 2000 2004 2010 2015 2020  

Area (ha) % Area (ha) % Area (ha) % Area (ha) % Area (ha) % Area (ha) % Area (ha) % 

Water  8662.5  3.6  13619.9  5.7  13808.7  5.8  12761.2  5.3  14815.5  6.2  13690.4  5.7  15690.4  6.6 
Urban  4603.5  1.9  4850.4  2.0  5458.9  2.3  5455.8  2.3  8979.4  3.8  9058.8  3.8  10541.7  4.4 
Agricultural  153748.5  64.4  169321.7  71.0  162600.0  68.1  159067.0  66.7  158331.8  66.4  165028.4  69.2  161525.1  67.7 
Forest  65569.1  27.5  44646.5  18.7  49488.8  20.7  52077.4  21.8  51940.1  21.8  42610.9  17.9  45298.3  19.0 
Mangrove  4272.8  1.8  4017.9  1.7  4106.4  1.7  3536.3  1.5  2822.2  1.2  3062.9  1.3  3081.6  1.3 
Bare soil  1758.4  0.7  2158.8  0.9  3151.4  1.3  5718.9  2.4  1724.9  0.7  5164.1  2.2  2478.2  1.0 
Total  238614.8  100  238615.1  100  238614.1  100  238616.6  100  238613.9  100  238615.5  100  238615.2  100  
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gained 10692.99 ha (11.01%) over the same period. The loss of natural ecosystems (forest and mangrove) was 45.82% and 42.79%, 
respectively, over the 30 years period. The most significant LULC change was the transition from forest to agricultural land, where 
22191.57 ha (9.3% of the total land in JRB) of forest land was cleared and used for agricultural activity. Bare soil is among the smallest 
LULC class but shows the highest percentage of change (94.17%), due to the rapid land clearing and urban built-up activities over the 
study period. A more detailed analysis of change detection at 5 years intervals can be found in the change detection matrix in the 
Supplementary document (Table S1 – S6). 

4.3. LULC change intensity analysis 

The change detection matrix at 5 years intervals (Table S1 – S6) can be used to provide information about the LULC intensity 

Fig. 6. Coverage area of the LULC classes of the year of investigation.  

Table 6 
Change detection matrix (number of pixels) between 1990 and 2020.   

Water Urban Agricultural Forest Mangrove Bare soil Total (2020) Gross Gain 

Water  78893  2119  17490  65747  7370  2714 174333  95440 
Urban  2655  14888  70688  19691  2892  6312 117126  102238 
Agriculture  10784  25843  1491642  246573  2810  17040 1794692  303050 
Forest  5789  3402  77598  407180  7099  2237 503305  96125 
Mangrove  3412  1  517  1808  28500  2 34240  5740 
Bare soil  728  456  17876  5854  836  1785 27535  25750 
Total (1990)  102261  46709  1675811  746,853  49507  30090 2651231   
Gross Loss  23368  31821  184169  339673  21007  28305  
Net Gain/Loss  72072  70417  118881  -243548  -15267  -2555    
% Changes  24.28  68.55  11.01  45.82  42.79  94.17     

Fig. 7. Interval intensity plot for six time intervals.  
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analysis. Note that we used the number of pixels but not the converted area (ha) as the main unit for intensity analysis to prevent any 
degradation of accuracy in the analysis during the process of pixel to area conversion. Fig. 7 shows the interval intensity analysis for the 
JRB. The left side of the plot describes the total percentage of changed area within each interval. The highest interval change is noticed 
in the period between 2011 and 2015 while the period between 2016 and 2020 recorded the lowest change intensity among other 
periods. The right side of the plot describes how fast the area changed annually. Similarly, the fastest and slowest annual change was 
for periods between 2011 and 2015 and 2016 – 2020, respectively. Uniform intensity (UI), presenting the change intensity of the whole 
period (30 years) was calculated and compared to the annual change area rate. The uniform intensity in this study is 3.48%, where only 
the two intervals: 1990 – 1995 (4.23%) and 2011 – 2015 (4.37%) recorded a relatively faster rate (more intense LULC changes then 
normal) of change among the six periods. Three intervals (1996 – 2000, 2001 – 2005, and 2016 – 2020) were found to have a slower 
annual change intensity than the UI. During the interval between 2006 and 2010, the annual change rate was found to be almost 
similar to the UI. All the bars on the right side of the plot indicate the rate of change of the JRB was not stationary throughout the study 
period. 

We further analysed the category intensity change for each LULC class over the 6 intervals during the 30 years period (Fig. 8). The 
bars on the left side of the plots indicate the annual change area (number of pixels) of each class, including their gross gain and gross 
loss during each interval. The bars on the right side of the plot indicate the annual change intensity of each class; if the bar is longer 
than the uniform intensity line, the changes of the respective class is active during the period. If the bar is shorter than the uniform 

Fig. 8. Category intensity of (a) 1990–1995, (b) 1996–2000, (c) 2001–2005, (d) 2006–2010, (e) 2011–2015, and (f) 2016–2020. W = Water, U 
= Urban, A = Agricultural, F = Forest, M = Mangrove, and B = Bare soil. 
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intensity line, then the changes of the respective class is dormant during the period. It can be noticed that forest and agricultural area 
recorded the most gain and/or loss in each interval mainly because they have the largest coverage over the JRB and are rapidly 
changing. However, agricultural area and forest do not show the highest annual change intensity when compared to urban and bare 
soil. The bars on the right hand side of the plots indicate the annual change intensity of each class, which can explain that the LULC 
changes are simply due to the large size of the categoies or can be related to the intensity of changes of the category. If the bar of the 
gain or loss is longer than the uniform intensity (red dotted line), the change of the LULC category is relatively active. It is obvious that 
urban, forest, and bare soil have higher annual intensity and active changes (gain and/loss) within each interval, where depletion of 
forest, land clearing, and urban development are all significant factors of a rapidly developing region. The bar of gain of urban and bare 
soil extends over the uniform line for all the intervals, indicating the urban and bare soil gains are more intensive (active) than the 
other LULC. 

Similarly, the bar of forest loss is always longer than the uniform line, indicating active forest loss in the JRB throughout the 30 
years period. In all the plots, the annual change intensity of the agricultural land during each time interval is found to be dormant 
(annual changes less than the uniform intensity) despite the agricultural area annual change being the highest in most of the intervals. 
This indicates that although agricultural land has the highest annual gain and/or loss, the change of agricultural land was relatively 
consistent and dormant during the six intervals. An active gain of water was found within the 1990 – 1995, 2011 – 2015, and 2016 – 
2020 periods. Over the study period, two dams were built which is the main reason for the active gain of water bodies between 1990 
and 1995 (Linggui Dam) and 2016 and 2020 (Seluyut Dam). On the other hand, an active loss of water was identified between 2011 
and 2015, particularly due to drought conditions resulting from an El Nino event in 2015 (Low and Loganathan, 2019). 

At the transition level, we focus our analysis on the natural LULC (Forest) and the irreversible LULC (Urban) to show areas where 
there were forest losses, and where urban areas were gained from; and whether these transitions were systematically targeted/avoided 
from the specific class. Fig. 9 demonstrates the annual transition rate and intensity from forest to other LULC for each period. Higher 
transition intensity from forest to water was identified during the 1990 – 1995 and 2016 – 2020 intervals, particularly due to the 
occupancy of forest lands for dam construction. This can be explained by forest being targeted for transition to water. At the other 
intervals, the intensity of forest transition to agricultural, bare soil, and mangrove was higher. Targeted transition (clearance) of forest 
to bare soil was noticed as four out of six intervals have higher annual transition intensity of bare soil than the uniform intensity. As the 
urban expansion in JRB area is found doubled during the study period, we hypothesized that the clearance of forest could be targeted to 
urban development. However, the forest clearance does not fully contribute to the urban transition, as the annual transition intensity of 
urban is always below (avoided transition) the uniform intensity. This may be because part of the clearance of forest became agri-
cultural land instead of urban land. This argument can be supported by the plots shown in Fig. 10 as: 1) the annual gain intensity of 
urban from forest is always below the uniform intensity of all intervals (showing systematic avoidance of transition over the period), 
proving that forest is not the main LULC that is targeted for urban transformation, and 2) bare soil has the highest annual transition 
intensity, which is always higher than the uniform intensity value of all intervals; showing that urban gains targeted bare soil more 
intensively compared to forest (and other categories). This condition also can be explained as bare soil is systematically targeted for 
transition to urban. Thus, we can conclude that direct transition from forest to urban in JRB was avoided throughout the 30 years 
period. Over all the intervals, the computed hypothetical annual transition errors are less than 4% in terms of accounting the apparent 
deviation from the uniform transitions of respective intervals. Note that the computation of hypothetical errors of uniform annual 
transition assumes the changes of a targeted category of the initial time allocated different area of the final time. 

As shown in Fig. 8, high transition intensities from forest to bare soil, and higher transition intensities from forest to agricultural 

Fig. 9. Transition analysis from Forest for (a) 1990–1995, (b) 1996–2000, (c) 2001–2005, (d) 2006–2010, (e) 2011–2015, and (f) 2016–2020.  
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than from forest to urban (avoided transition); indicates that most of the urban conversions are from agricultural and bare soil, rather 
than from forest itself. Here, a detailed investigation was performed to explore the main category(ies) that contributed to the increase 
of urban land. Analysis of the agricultural land losses could answer this query. Fig. 11 analyzed the intensity of agricultural losses to 
bare soil and urban for the six intervals. Targeted clearance of agricultural land to bare soil was identified throughout the study period, 
where all the annual transition intensity bars are longer than the uniform line of the respective intervals. There is also targeted loss of 
agricultural land to urban (except 2001 – 2005). This analysis proves that the LULC changes from systematically targeting transition of 
agricultural to bare soil and from bare soil to urban, indicates that the LULC changes from forest to urban was avoided – direct 
destruction of forest land for urban uses was inactive during the study period. 

4.4. River morphology analysis 

Urbanization can impact the morphology of the river due to increase of streamflow, runoff, sediment transport etc. The changes 
that occurred on the physical properties i.e., area, length, and migration area and distance of the Johor River at every 5 years interval 
are presented in this section. Fig. 13 shows the overlaid river polygons to show the changes of the river boundary over the years. The 
centerlines and their length and areal extent derived from the Johor River are presented in Table 7. In general, the area of water 
increased from 5442.46 ha in 1990 to 5684.94 ha in 2020. On the other hand, the length of the centerlines increased from 1990 to 
2005 then decreased from 2010 to 2020. The mean length of the centerlines is recorded as 90249.77 m. For the analysis of channel 
migration, the centerline of Johor River is divided into 13 reaches (Fig. 14) based on the centerline of year 1990 (as the original state). 

Analysis on two outputs from the CMT are focused here including the river migration area and the river migration distance. The 

Fig. 10. Transition analysis to Urban for (a) 1990–1995, (b) 1996–2000, (c) 2001–2005, (d) 2006–2010, (e) 2011–2015, and (f) 2016–2020.  

Fig. 11. Annual transition intensity plot of agricultural losses to bare soil and urban over the six intervals.  
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Fig. 12. Proportional relationship between LULC change intensity to total migration area and total mean migration distance.  

Fig. 13. Johor River boundary changes over 1990–2020, zoomed in to respective sections (S1 - S8).  
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river migration area refers to the area of polygons generated by overlaying the centerlines of subsequent years. The river migration 
distance refers to the distance detected by overlaying the transects at specific locations along the centerlines. Table 8 explains the 
trends of Johor River migration over the study period. Table 8 (a) shows the migration zones within each reach, their total migration, 
and the total polygons generated along the river over each interval; and Table 8 (b) reported the migrated distance detected by all the 
transects within each reach (mean migration distance) and their total over each period. Less migrated (changed) portion of the river is 
found within R-5 to R-9 (italicized) (Table 8 (a & b)). In general, highest area migration (1853886 m2) of Johor River occurred between 
2010 and 2015 and least area migration (498609 m2) occurred from 1995 to 2000. We compared the annual change intensity (Fig. 7) 
with the total migration area and total migration distance as shown in Fig. 12. The proportional relationship between LULC changes 
intensity with the total migration area and total mean migration distance shows that higher LULC change intensity can lead to higher 
river migration, which could increase the river morphology changes over the respective period. Therefore, the result implies that LULC 
changes can impact the river morphology of the JRB. 

Among the reaches, higher migration (shaded in Table 8 (a)) occurred in R-12 (1188252 m2) and R-13 (1986384 m2). This situ-
ation could be due to the R-12 and R-13 are located near the estuary, which has the widest width along the Johor River, where a slight 
changes on the centerline will cause higher migration of area over these reaches. Fig. 15 (a) showed the maps of the locations of R-12 
and R-13. From Fig. 13, significant changes at both sides of R-12 and R-13 can be seen, where on the left side of the river, some areas 

Table 7 
Area and the length of centerlines of Johor River focused in this study.  

Year Area Length 

1990  5488.62  89928.77 
1995  5384.74  90964.90 
2000  5396.37  91261.31 
2005  5372.03  91294.96 
2010  5711.05  90451.75 
2015  5547.66  89518.95 
2020  5683.61  88327.78  

Fig. 14. Centerlines of river and channel migration zones over 30 years within the Johor River Basin.  
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Table 8 
Channel migration area (a) and mean channel migration distance (b) of Johor River.  

(a) Migration Area (m2) Total No. of polygons  

R-1 R-2 R-3 R-4 R-5 R-6 R-7 R-8 R-9 R-10 R-11 R-12 R-13 

1995 42953.0 42739.2 27461.0 38559.3 41442.1 45726.2 42956.9 36742.3 42553.3 112537.7 88916.3 77733.5 377207.2 1017528  570 
2000 31248.7 18989.1 21061.3 30286.5 31006.9 20599.0 38734.5 21523.5 23008.5 48742.5 32665.3 69125.1 111617.8 498609  501 
2005 60117.5 44103.3 49065.7 43167.6 45974.0 48029.5 50176.2 29957.0 34315.8 53195.0 89019.4 69230.1 116250.0 732601  603 
2010 46086.0 49651.4 43643.0 88633.7 38652.6 37321.6 42218.9 29913.3 29029.3 62590.6 86379.2 349704.8 562878.5 1466703  659 
2015 68220.5 87062.9 41337.9 59406.6 43572.5 45785.7 60174.8 53836.5 48818.9 75757.8 169984.1 412795.8 687132.3 1853886  448 
2020 145134.8 42224.5 44451.4 130976.8 48892.2 45378.9 156334.8 47909.4 43709.9 89785.9 152751.2 209662.5 131298.0 1288510  439  

393760.5 284770.4 227020.3 391030.4 249540.4 242840.8 390596.1 219882.0 221435.7 442609.5 619715.4 1188251.7 1986383.8    
(b) Mean Migration Distance (m) Total   

R-1 R-2 R-3 R-4 R-5 R-6 R-7 R-8 R-9 R-10 R-11 R-12 R-13   
1995 14.66 35.12 11.17 14.70 21.65 7.90 2.19 8.30 19.70 10.54 11.72 6.79 41.27 205.72   
2000 14.21 7.92 14.99 17.32 12.86 9.97 9.55 6.31 12.78 11.51 4.47 3.12 9.03 134.03   
2005 13.52 15.18 13.86 9.00 11.87 13.09 10.50 4.52 6.52 12.14 8.80 8.50 11.34 138.84   
2010 12.10 21.00 9.96 33.98 * 6.85 7.43 9.58 6.00 2.80 6.53 46.22 8.60 44.58 215.62   
2015 17.28 45.25 * 12.51 7.80 9.16 14.50 17.20 12.38 12.33 9.26 26.66 56.89 57.93 299.15   
2020 41.30 * 10.33 15.47 38.30 * 6.83 15.22 40.92 * 14.39 4.33 8.35 28.75 34.01 12.68 270.86    

113.06 134.80 77.96 121.09 69.22 68.10 89.94 51.89 58.46 58.33 126.62 117.92 176.84    

*Values selected for detail analysis on migration distance. 
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Fig. 15. Specific locations of river morphology changes in Johor River by reach(es); (a) R-12 and R-13 near the estuary of the river, (b) R-1 at the 
outlet of Linggui dam, (c) R-2 showing a meander closure, (d) R-4 indicates riverside ponding for agricultural usage, and (e) R-7 near Kota Tinggi 
town where a barrage was built. 
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were covered by water in 2010 but no water remained after 2015. We suspect this could be due to heavy development of the area, 
where the Senai-Desaru Expressway (indicated in Fig. 15 (a)) was built, which caused serious mangrove degradation and led to 
flooding in 2010. Moreover, on the right side of R-13, development of aquacultural activities were noticed, which could be the main 
reason that contributed to the high changes recorded. Land reclamation (Wang et al., 2019) near the estuary of Johor River could also 
contributes to the high channel migration. 

Table 8 (b) captures more details of channel migration at specific locations. Several high mean migration distance values were 
detected and analyzed (values with asterisk). R-1 recorded relatively higher migration distance throughout the study period. The main 
reason for the high migration distance is because this area is located at the outlet of Linggui dam built on year 1992, where most of the 
impacts following the construction of dams could be detected. Highest migration distance of R-1 was detected over year 2015–2020, 
where a mean of 41.30 m of migration was recorded from the 10 transects generated within this reach. Fig. 15 (b) highlighted the 
changes of R-1. Several sand mining activities were noticed along the main river and these activities created ponding of water besides 
the river, which have been classified as part of the river based on our classification algorithm. The ponds created by sand mining 
activities can be clearly identified from the LULC classification map of year 2020, where forest and agricultural land were cleared for 
the purpose of sand mining. The presence of these sand mining ponds (changes occurred in LULC) increased the migration area and 
distance of the river (river morphology of R1) as shown in Table 8. Sand mining near the river, if not properly managed, can bring a 
negative impact to the river itself and the surrounding environment and ecosystem, including shallowing the river and increasing 
sediment flow downstream. 

Fig. 15 (c) displayed a meander closure along the R-2 between year 2010 and 2015, resulting a mean migration distance of 45.25 m. 
The inlet of the river meander was found to be filled with soil, possible reasons for this are due to the shortening of river or to avoid 
flooding over the plantation zone. Another high mean migration distance was detected due to plantation activities within R-4 between 
year 2005–2020 (Fig. 15 (d)). Total mean migration distance of this reach from 2005 to 2020 is recorded as 80.08 m. Over this area, 
ponds built along the river have been classified as the river. Since about 65% of the JRB is agricultural land, these ponds were built to 
store water for irrigation purposes. Water from the river can flow into these ponds and support the surrounding plantation activities. 
These ponds are located closely to the main river and have been classified as Water in the LULC maps, which we think could bring great 
impact to the river morphology changes. Therefore, we include the area of ponds classified as the river in the analysis to show the 
impacts of these man-made ponds to the morphology changes. In addition, a barrage was built at the Kota Tinggi town (R-7) in 2017 to 
prevent the saline water flow to the upper stream (Lee & binti Zaharuddin, 2015) and to prevent floods (Fig. 15 (e)). Channel migration 
distance of 40.92 m was reported due to the change of water course and the barrage separated the river into two parts and increased 
the water area surrounding it. The existence of the barrage could influence the biodiversity of the area, impacting the fishery pro-
duction due to a reduced flow of saline water (Sinha et al., 1996). 

Through the analysis of migration area and migration distance computed based on the river centerlines using the CMT, the shape 
and width changes of Johor River is analysed. Changes of the shape and width of Johor River will affect the creation of the centerlines, 
while the migration of centerlines can represent the changes of the river morphology during a specified area and period. This section 
proved that significant morphology changes on Johor River was identified, where the largest changes found near the estuary of the 
river. Several locations with high migration distances were identified and proved that some human-induced activities are the main 
causes of river morphology changes. 

5. Discussion 

5.1. LULC monitoring using GEE 

Remote sensing and geospatial technologies offer unique opportunities in mapping, monitoring and quantitative analysis of land 
surface processes, such as land degradation and deforestation and their impact on the biosphere (Dubovyk, 2017). Remote sensing has 
been used to classify LULC since the launch of Landsat satellites in 1970 s (Souza-Filho et al., 2016). Although Landsat data are 
available at every 16-day intervals, frequent cloud cover, especially in the tropical/maritime regions like Malaysia, make only very few 
images available for producing change detection maps. Nevertheless, compositing procedures (mosaicking clear pixels) from available 
partially cloudy images have been developed (Roy et al., 2010). The Google Earth Engine (GEE) has become a popular platform for 
remote sensing image processing to eliminate clouds and LULC monitoring. Despite the GEE provides comprehensive image composite 
method; some issues are still noticeable on the composite images. One of the issues is the presence of cloud shadow which could not be 
detected and removed based on the C Function of Mask (CFMask) algorithm used by Landsat on GEE. To overcome this issue, an 
improved cloud shadow filter must be developed in the near future (Barboza Castillo et al., 2020), specifically over the tropical region. 
LULC classification in this study using GEE with SVM and RF classifiers showed high classification accuracy (OA > 0.90) and SVM 
classifier was found advantageous on classifying narrow features as suggested by Heydari and Mountrakis (2018); Zagajewski et al. 
(2021). The capability of SVM to classify narrow river could be due to the non-linear hyperplanes theory which can successfully 
delineate water pixels surrounding by other LULC classes; while RF which is based on the ensemble tree theory could mis-group the 
water pixels into the other LULC classes during the voting process. Generally, the use of GEE increases the classification speed from the 
perspective of satellite data collection, processing, classification, and accuracy assessment. The methodology of this study can be 
utilized to a larger region (i.e. state and national scale) to enhance the LULC classification in terms of time and cost consumptions. 
Future study can utilize high spatial resolution remote sensing data which can improve the accuracy of LULC classification and change 
detection, and includes the digital elevation model (DEM) as input of slope during river centerline generation in order to enhance the 
quality of river morphology changes identification. 
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5.2. LULC Changes and Impacts 

Increased food production due to population growth has caused large scale forest clearance in the SEA as a whole over the last 50 
years (Maja and Ayano, 2021). Similarly, rapid growth in industrialization, urbanization and aquaculture have also contributed to loss 
of arable lands and coastal ecosystems (Sejati et al., 2020). Extensive urbanization increases water scarcity issues which leads to the 
construction of dams and exploration of groundwater (Chen and Trias, 2020). Impacts of LULC changes of river basins has been 
extensively studied and linked to climate change (temperature, precipitation etc.) and alteration of hydrological processes (runoff, 
discharge, floods, streamflow, evapotranspiration, lateral flow etc.) (Chanapathi and Thatikonda, 2020; Getachew et al., 2021; 
Petchprayoon et al., 2010; Sinha et al., 2020; Zope et al., 2017). Deforestation and urbanization are two key factors that contribute to 
LULC changes of a river basin, while the building of a reservoir or dam within a river basin has become very common in recent years 
(Behera et al., 2018; Li et al., 2020; Woldemichael et al., 2012) to overcome water related issues. The Johor River Basin is an area 
where tropical flora and fauna presents, but population growth and urbanization have altered the LULC of the area dramatically as 
shown in this study. The findings of this study are similar to our previous LULC study of the Iskandar Malaysia Development Region 
(Kanniah et al., 2015), where loss of natural land cover (forest and mangrove) and gain of agricultural, urban, and bare soil were 
identified. A total of 8.5% of forest loss and 0.5% of mangrove loss were identified during the study period in JRB, which were 
converted into dams, agricultural lands, urban area, and cleared bare soil. To ensure water security for the local population and 
support regional (Singapore) necessity, dams were built in the JRB. Construction of a dam can have a strong impact on the river 
ecosystem where river flow regulations, river channelization, water abstraction are among the most influencing factors that cause river 
stress (Sabater et al., 2018). The building of dams increased the areas covered by water in the study area, where an increase of 
4957.4 ha and 2000 ha were identified between 1990 and 1995 and 2015 – 2020, corresponding to the period when the Linggui and 
the Seluyut dams were built, respectively. Besides damming, building of a barrage, and human exploration (sand mining) were also 
identified along the river. Changes of the rivers in a basin can have socio-economic, biodiversity, hydrology, and environmental 
impacts. Consequently, the changes of these LULC could have caused changes in the river morphology. From this study, we identified 
the increase of water area when analyzing the main river (Johor River) in the JRB, which was mainly due to damming, building of a 
barrage, and human exploration (sand mining). 

Inconsistencies in LULC change based on the intensity analysis in this study (Fig. 7 to Fig. 11) clearly show the intensity of the LULC 
changes, particularly the depletion of forests and agricultural lands for water (dams) and urban development. Within each interval, at 
least 12% of land area was changed within JRB. Approximately 25% of area changes was identified on two intervals (1990 – 1995 and 
2010 – 2015). The high area changes occurred between 1990 and 1995 could be due to the introduction of New Development policy of 
the Malaysia government while the development of Iskandar Malaysia region could be the reason for high changes occurred between 
year 2010–2015. The detailed analysis highlights hotspots in LULC change of bare soil (94.17%), urban (68.55%), forest (45.82%), and 
mangrove (42.79%) and it is useful to local stakeholders and policy makers for regulating and realizing sustainable development goals 
(SDGs) to prevent over exploration of land and resources in the area. The expansion of oil palm and rubber plantation lands in the JRB 
over the past decades is found to correspond to the regional pattern. Gains and losses of bare soil were found always active over the 
study period, indicating active forest clearance to bare soil and active transition of bare soil to urban development, which is particular 
pattern of a rapidly developing region. As it has been suggested previously, this intensify LULC changes could bring severe impacts to 
the area, including the changes of river morphology. 

5.3. River morphology changes 

Based on the Channel Migration Toolbox, the area and distance changes of the Johor River was detected based on the polygons and 
centerlines generated from the classification results. Higher river migration (area and mean distance) was identified during the period 
when there is higher LULC change intensity and vice versa (Fig. 12). This finding supports our hypothesis that LULC changes can 
impact the river morphology in JRB. Changes of river morphology usually can only be detected over decades but human interference 
can directly induced channel adjustments (Surian and Rinaldi, 2003). Recent studies concentrated on examining river morphology 
changes following the construction of dams (Li et al., 2020; Piqué et al., 2016) and flood events (Magliulo and Valente, 2020; Yousefi 
et al., 2019), and found that these activities contribute to river morphology changes at different magnitudes due to the characteristics 
of the study area. Dingle et al. (2019) concludes that tropical river characterized with higher channel migration rate then temperate. 
However, research on river morphological changes is found limited in the Southeast Asia. From the analysis, most of the migration 
captured in this study are human-induced, including mangrove degradation due to expressway construction (R-12 and R-13), dam 
construction and sand mining activities (R-1), agricultural activities (R-2 and R-4), and the construction of barrage (R-7). These 
anthropogenic activities, although mainly targeted to improve humans’ livelihood, particularly over the high populated area, should 
be planned with a boarder perspective and according to international and local policies to prevent habitat fragmentation, ecological 
impacts, and assure water security and environmental sustainability (Hohensinner et al., 2018; Spada et al., 2018). Further research is 
required to explain the changes of the area of river over the time, since these changes are mainly due to the combined effects of natural 
(rainfall, runoff, drought, tides, etc.) and manmade activities (sand mining, aquaculture conversion, etc.). The method introduced in 
this study can be developed as a toolkit to consistently investigate the migration and morphological changes of the rivers in the region. 

6. Conclusion 

This study investigated the LULC changes of the Johor River Basin and the changes of river morphology over the period 1990–2020, 
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based on remote sensing and GIS techniques. The Google Earth Engine was applied with Landsat imageries and two classifiers (SVM 
and RF) were compared. High classification accuracy was achieved with an overall accuracy above 90%, while SVM produced more 
detailed classification maps compared to RF with better capability to detect narrow river features. Increase of Water and Urban area 
based on the classification results indicate that JRB is a hotspot of urbanization with increasing water demand with the construction of 
two dams. The main river (Johor River) in the JRB was selected for river morphology change analysis. Intensity analysis on the 
classification results shows an average of 3.48% of JRB area underwent LULC changes annually. Forest, Urban, and Bare soil are the 
classes changing actively throughout the 30 years period. Activities including sand mining, artificial meander closure, and barrage 
construction were identified along the Johor River, and the impacts of these activities to the river migration is highlighted in this study. 
However, the impacts of these anthropogenic modifications to the ecosystem and environment are unknown. A better understanding 
on how the LULC and river morphology changes in this river basin impacts the environment, hydrological processes, ecosystem 
services, social and communities will become a critical subject to enhance and sustain future planning and management, to ensure 
water security and protect a sustainable livelihood of the area. 
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