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Abstract — Kuching and its surrounding area are vital in Sarawak’s economic growth. Over the years, the transformation of its
land cover (LC) has brought significant ecological, physical, and socioeconomic consequences. Updated and precise LC maps
are essential for urban planning, sustainable development, and environmental forest degradation monitoring. This study mainly
focuses on LC classification using the Support Vector Machine Classifier (SVM) algorithm. The change has been identified for
five general classes, which are Urban Land, Barren Land, Forest Land, Agriculture Land, and Water Bodies, for 35 years using
Landsat 5 TM image dated 26 June 1988 and Landsat 9 OLI image dated 16 April 2023 in ArcGIS 10.6.1 software. Change
detection analysis indicated that from 1988 to 2023, the LC patterns changed significantly. The most substantial changes were
urban land, which increased significantly from 6,200.71 ha in 1988 to 22,144.76 ha in 2023, which represents a net increase of
15,944.05 ha or 3.88 per cent change (%), followed by agriculture land, barren land, forest land, and water bodies categories.
The results show good classification performance because the user’s accuracy for every class is above 85%. LC change, which
displays the spatial expansion of the urban land in Kuching, indicates the development of Sarawak is in line with the aspiration
to be a developed state by 2030 (Post COVID-19 Development Strategy 2030).
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1.0 Introduction
The changes in the land cover of an area are complex outcomes influenced by a combination of
natural and socioeconomic factors over time and space (Dires Tewabe & Temesgen Fentahun,
2020). Land cover change monitoring involves detecting and analyzing changes in land cover over
time. This process is important for understanding the land surface, managing natural resources, and
assessing the impact of human activities on the environment (Roy and Roy, 2010). Land cover is
also crucial for sustainable land resource planning and understanding changes in hydrological
processes to meet the growing demand for basic needs and human welfare (Dires Tewabe &
Temesgen Fentahun, 2020). Remote sensing satellites provide regular and consistent data
acquisitions, enabling researchers to monitor changes over time. This temporal resolution
facilitates the analysis of trends, patterns, and seasonal variations in land cover (Roy and Roy,
2010). Remote sensing sensors capture multispectral and hyperspectral data, allowing for the
identification and classification of different land cover types. This data is used to create detailed
land cover maps, providing valuable insights into the composition of urban planning. Conventional
mapping methods, which involve manual records and field surveys where teams physically visit
locations to collect data on land cover, topography, and existing maps, can be time-consuming and
expensive, especially for large areas (Vivekananda, 2021). Remote sensing offers many advantages
over traditional data acquisition methods by collecting data over large areas relatively quickly and
providing valuable information more efficiently, timely, and cost-effectively (Vivekananda, 2021).
Landsat data sets, with their medium-resolution capabilities, historical archives, and cost-free
accessibility, have become a cornerstone for land cover change detection analyses worldwide.
Their role in providing valuable information for monitoring Earth’s surface changes over time is
significant, contributing to the environment and supporting various land management and planning
applications. Landsat data sets can be obtained free of charge from the United States Geological
Survey (USGS) Earth Explorer online portal (http://earthexplorer.usgs.gov) (Vivekananda, 2021).
Kuching, the capital of Sarawak, Malaysia, was chosen as the study area due to rapid
changes in land use/land cover activities. This study aims to produce land cover maps for 1998 and
2023, followed by a comprehensive analysis of changes over 35 years using remote sensing and
Geographic Information Systems (GIS). Support Vector Machine (SVM) is often used to classify
land cover, detect features, or analyze patterns in satellite imagery (Rokni, 2014). In addition, using
the Support Vector Machine (SVM) algorithm for the land cover classification approach involves
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several steps, such as data preparation, classifier training, land cover classification for both years
and change detection analysis. The main contribution of this article is to analyze land cover in
Kuching, Sarawak, Malaysia, using multiple temporal Landsat images. This localized study
provides valuable insights into the impact of urban expansion, forest changes, and agricultural
shifts on this division, which is crucial for local policymakers and urban planners. This study
focuses on the whole division of Kuching, whereas the previous study from Kemarau, 2021,
concentrates specifically on the city area of Kuching. Compared to the unsupervised technique

applied by Kemarau, the SVM methodology produces better accuracy.

2.0 Study Area

Sarawak is one of the states of Malaysia situated on the island of Borneo. The total area of Sarawak
is 12416972.17 ha. Sarawak consists of twelve divisions, one of which is Kuching, which is also
its state capital. Kuching comprises three districts (Lundu, Kuching, and Bau) and two sub-districts
(Padawan and Sematan). The total area of Kuching is 410878.83 ha. In 2020, the total population
of Kuching recorded was 812,900 [Reference from Sarawak.gov.my website]. Kuching (Figure 1)

has been selected as our study area primarily due to its rapid changes in land use activities.

Figure 1. Study area.

3.0 Methodology

This study used remote sensing satellite imageries to interpret land cover change detection. Landsat
5 TM image dated 26 June 1988 and Landsat 9 OLI image dated 16 April 2023 were classified
using the Supervised Classification method. The LC maps produced were then compared for
change detection analysis. In this study, the methodology adopted was as follows: (1) Data
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Acquisition, (2) Image Pre-processing, (3) Selection of Training Samples, (4) Image Classification,
(5) Accuracy Assessment, and (6) Change Detection. The methodology flow chart is shown in
Figure 2. All the processing involved, supervised classification, generating points for accuracy

assessment purposes, and post-classification change detection comparison method were performed
using ArcMap 10.8 software.

[ Data Collection ]
[

Satellite Data Reference
«Landsat TM 1988 *Sarawak Series No. 22 ($522) Land Use Map (1992) - 250,000 scale
«Landsat OLI 2023 *Sarawak Series 30(5830) Land Cover Map (2020-2021) - 50, 000 scale

¥

Data Pre-processing
*Layer stacking
*Reproject image
*Subset image
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Figure 2. Methodology flow chart.

3.1 Data Acquisition

Landsat imageries with the Path/Row of 121/059 were used in this study area. Level 2 Landsat 5
Thematic Mapper (TM) image and Level 2 Landsat 8 and 9 image of Operational Land Imager
(OLI) sensor were downloaded from the United States Geological Survey (USGS) Earth Explorer

website (http://earthexplorer.usgs.gov). The images chosen were the best, with the least cloud

cover. Information about the imageries used is shown in Table 1.
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Table 1. Information on the imageries used.

Satellite Date Band Name Wavelength Range Resolution (m)
(pm)

Landsat 5 26 Jun 1988 Band 1 Blue 0.45-0.52 30

™
Band 2 Green 0.52 - 0.60 30
Band 3 Red 0.63 - 0.69 30
Band 4 NIR 0.76 - 0.90 30
Band 5 NIR 1.55-1.75 30
Band 6 TIR 10.40 - 12.50 120
Band 7 MIR 2.08 -2.35 30

Landsat 9 16 April 2023  Band 1 Coastal 0.43 -0.45 30

OLI Aerosol
Band 2 Blue 0.45-0.51 30
Band 3 Green 0.53-0.59 30
Band 4 Red 0.64 - 0.67 30
Band 5 NIR 0.85-0.88 30
Band 6 SWIR 1 1.57—-1.65 30
Band 7 SWIR 2 2.11-2.29 30
Band 8 0.50 - 0.68 15
Panchromatic
Band 9 Cirrus 1.36 — 1.38 30
Band 10 TIR 10.6 —11.19 100
Band 11 TIR 11.5-12.51 100

3.2 Image Pre-Processing

The imageries were stacked using the Band Composite function in ArcGIS. Then, they were
reprojected to Borneo RSO (Rectified Skew Orthomorphic). Both scenes were subset according to
the Kuching Division boundary obtained from the Land and Survey Department, Sarawak. The
410,878.83-hectares subset images of 1988 and 2023 are shown in Figures 3(a) and 3(b),

respectively. These images were used for land cover classification and subsequent analysis.
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(a) (b)
Figure 3. (a) False Color Composite (FCC) 1988 Landsat 5 TM image of the study area. (b) FCC
2023 Landsat 9 OLI image of the study area.

3.3 Selection of Training Samples

In supervised classification, training samples are used to identify classes and calculate their
signatures (ESRI, 2021). Training samples were created using the training sample drawing tools
on the Image Classification toolbar. Band combinations 5, 4, and 3 were used for feature analysis.

Data sets were trained according to the tone of the pixel colour.

3.4 Image Classification

The study area was broadly classified into five general classes: urban land, barren land, forest land,
agricultural land, and water bodies, using a Support Vector Machine Classifier (SVM). A detailed
description of the classes is provided in Table 2. Each class was derived according to texture, tone,
and colour (Radhakrishnan et al., 2014). According to the study by Nurul et al. (2021) and Abbas
et al. (2014)), the SVM classifier has higher accuracy than the MLC algorithm in land cover

mapping.
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Table 2. Area information for 1988 and 2023 classification categories.

Year
Class 1988 2023
Hectares (ha) Percentage (%) Hectares (ha) Percentage (%)

Agriculture Land 201,225.76 48.97 186,642.53 45.43
Barren Land 15,240.31 3.71 9,951.95 242
Forest Land 178,369.48 43.41 181,446.65 44.16
Urban Land 6,200.71 1.51 22,144.76 5.39
Water Bodies 9,842.57 2.40 10,692.94 2.60
Total area 410,878.83

The SVM is a non-parametric classifier. The success of the SVM depends on how well the
process is trained. The easiest way to train the SVM is by using linearly separable classes. (Abbas
et al., 2014). According to Osuna et al. (1977), if the training data with k number of samples is
represented as {Xi, Yi}, i =1,2,...,.k where X € Rn is an n-dimensional space andy € {—1, +1} is a
class label. These classes are considered linearly separable if a vector W exists perpendicular to the
linear hyper-plane (which determines the direction of the discriminating plane), and a scalar b
shows the offset of the discriminating hyper-plane from the origin. For the 2 classes, i.e. class 1
represented as —1 and class 2 represented as +1, 2 hyper-planes can be used to discriminate the data

points in the respective classes. These are expressed as;

WXi+b>+1 forall y=+1, i. e. a member of class 1 (1)

WXi+b<-I forall y=-1, 1. e. a member of class 2 (2)

3.5 Accuracy Assessment

Classification accuracy assessment is an essential step after image classification. (Vivekananda et
al., 2020). According to Congalton and Green (1999), as a general rule of thumb, a minimum of 50
sample points per category is recommended, increasing to 75-100 sample points per category if
you have large numbers of categories (> 12). For each 1988 and 2023 image set, the accuracy

assessment tool of the supervised classifier randomly generated 260 and 253 reference points,
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respectively, using the stratified random sampling method. The software immediately identified
each point with a colour and pixel value (Mahadi et al., 2023). The stratified random sampling
creates points randomly distributed within each class, and each class has several points proportional

to its relative area.

3.6 Change Detection

Remote sensing and GIS-based change detection approaches are widely used due to their cost-
effectiveness and high temporal resolution (Vivekananda et al, 2020). The post-classification
comparison technique includes classifying imageries and comparing the relevant classes. This was
conducted by converting the classified raster images into vector layers. To calculate the degree of

change (C) for each class, the following equation was used:

Ci=Li- Bi 3)

The change in class is divided by the covered area base year and multiplied by 100, the
computation used to calculate the percentage of change (C%) (Vivekananda et al., 2020). This

process was conducted in each land cover class.

Pi=Li— BiBi x 100 ()

The number of classes in the image is indicated by I. Ci indicates how much class I have
changed. Pi is the percentage change in class I (Vivekananda et al., 2020). Li is the earlier image

(1988), while the most current image is Bi (2023).

4.0 Results and Discussion

The accuracy assessment results for the two data sets are shown in Tables 3 and 4. The area
information for each class in both years was obtained from the attribute table. A post-classification
comparison technique was performed, where the LC map 1988 was compared with the 2023 LC

map. Based on the comparison, the changes that occurred in 35 years are presented quantitatively.
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4.1 Kuching LC Pattern in 1988

The LC map layout generated from the Landsat TM image is displayed in Figure 4a. The
classification categories for 1988 and their area information are listed in Table 3. Based on the
results, the largest category was agriculture land (201,225.76 ha, 45.43% of the total area), followed
by forest land (178,369.48 ha, 43.41% of the total area), barren land (15,240.31 ha, 3.71% of the
total area), water bodies (9,842.57 ha, 2.40% of the total area) and urban land (6,200.71 ha, 1.51%

of the total area).

Table 3. Confusion Matrix for the produced 1988 LC Map of the study area.

Reference Data

- Water  Forest  Barren  Urban  Agriculture Row User
Classified Data Cloud Bodies Land Land Land gLand Total ACZ;:; &y
Cloud 10.00 0.00 0.00 0.00 0.00 0.00 10.00 100.00
Water Bodies 0.00 9.00 1.00 0.00 0.00 0.00 10.00 90.00
Forest Land 0.00 0.00 91.00 0.00 0.00 8.00 99.00 91.92
Barren Land 0.00 0.00 0.00 9.00 0.00 0.00 9.00 100.00
Urban Land 0.00 0.00 0.00 1.00 8.00 0.00 9.00 88.89
Agriculture Land 0.00 0.00 11.00 0.00 0.00 112.00 123.00 91.06
Column Total 10.00 9.00 103.00 10.00 8.00 120.00 260.00

z;o)ducer ACCUraCY 10000 10000 8835  90.00  100.00 93.33
0

Overall  Accuracy 91.92
(%)
Kappa Statistics 0.8709

4.2 Kuching LC Pattern in 2023

The classified image for 2023 (Figure 4b) was produced using the Landsat 9 image. According to
the results, the Kuching division area mainly consisted of agricultural land (186,642.53 ha, 48.97%
of the total area), followed by forest land (181,446.65 ha, 44.16% of the total area). Urban land
rose to the third place, with 5.39% of the total area, covering 22,144.76 ha. Water bodies are
10,692.94 ha, 2.60% of the total area. Finally, barren land areas are 9,951.95 ha, which makes
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2.42% of the total area. The classification categories for 2023 and their area information are listed
in Table 4. From 1988 to 2023, the LC patterns changed significantly.

1988 LAND COVER MAP OF KUCHING DIVISION

Legend

Agrieuture Land

- Water Bedy
- Forest Lang

Barren land

- Urban Land

Gloud

2023 LAND COVER MAP OF KUCHING DIVISION
3 ’.@‘9

(@) LC map of the study area in 1988.

Table 4. Confusion Matrix for the produced 2023 LC Map of the study area.

(b) LC map of the study area in 2023.

Figure 4. Classification output using Support Vector Machine algorithm.

Reference Data

op Water ~ Forest  Barren  Urban  Agriculture Row User
Classified Data Cloud Bodies Land Land Land gLand Total AC((:;: )a &y
Water Bodies 10.00 0.00 0.00 0.00 0.00 0.00 10.00 100.00
Cloud 0.00 10.00 0.00 0.00 0.00 0.00 10.00 100.00
Forest Land 0.00 0.00 104.00 0.00 1.00 5.00 110.00 94.55
Barren Land 0.00 0.00 0.00 9.00 1.00 0.00 10.00 90.00
Urban Land 1.00 0.00 0.00 1.00 12.00 0.00 14.00 85.71
Agriculture Land 1.00 0.00 6.00 0.00 0.00 92.00 99.00 92.93
Column Total 12.00 10.00 110.00  10.00 14.00 97.00 253.00
Producer Accuracy
(%) 83.33  100.00 9455 90.00 85.71 94.85
Overall  Accuracy
(%) 93.68
Kappa Statistics 0.9031

4.3 Kappa Coefficient and Overall Accuracy for 1988 and 2023 Imageries

An accuracy assessment was performed on both 1988 and 2023 LC maps. For the 1988 LC map,

260 pixels were selected randomly using the stratified random sampling method. It had a kappa
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statistic of 0.8709 and an overall accuracy of 91.92% (Table 3). The producer’s accuracy for each
class was higher than 80%. The user’s accuracy for all classes was higher than 85%.

For the 2023 LC map, 253 pixels were randomly selected. The kappa statistics and overall
accuracy of the 2023 LC map were 0.9031 and 93.68%, respectively (Table 4). The producer’s
accuracy for each class was higher than 80%, and the user’s accuracy for every class was higher
than 85%. The accuracy for each class was observed to be satisfactory in both classifications. Both
classification maps produced higher than 80% Kappa values, indicating good classification
performance (Lillesand et al., 2004; Jensen, 2005). Kappa values also tell us how well the

classification process performed compared to a random assignment of values (Tammy et al., 2023).

4.4 Change Detection from 1988 to 2023
The area for each LC class and its changes from 1988 to 2023 are presented in Table 5. Figure 5
displays the spatial expansion of the urban land. In 2023, the area for urban land has increased
massively compared to 1988. Positive and negative changes were observed over 35 years in the
study area. The agricultural land and barren land categories decreased in their area, whereas the
urban land, forest land, and water bodies categories increased.

As displayed in Table 5, the most substantial changes in area were observed for the urban
land category, followed by agriculture land, barren land, forest land, and water bodies categories.

Figure 10 shows the graph depicting the land cover changes in percentage of the study area.

4.4.1 Urban Land

The urban land increased significantly from 6,200.71 ha in 1988 to 22,144.76 ha in 2023,
representing a net increase of 15,944.05 ha. This urban land increased due to the rise in population,
demand for shelter by inhabitants, and tourism activities. Another reason for growth is that the
study area is in Kuching, the capital city of Sarawak, where the demand for development is higher

than that of other places in Sarawak.
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1988 2023
Figure 5. Expansion of urban land from 1988 to 2023.

4.4.2 Water Bodies

The area for water bodies increased from 9,842.57 ha in 1988 to 10,692.94 ha in 2023, representing
a net increase of 850.37 ha (Figure 6). The increase is due to the conversion from other land
categories into water bodies over the past 35 years.

One of the main factors is the completion of Bengoh Dam’s impoundment in 2015. Flooded
areas from the dam have increased the number of water bodies in the affected area. The
development of aquaculture ponds built in mangrove areas is another reason for the increase in the
water bodies areas. This development activity aligns with the policy of developing commercial

aquaculture by establishing the Sarawak Aquaculture Industrial Zone (AlZ).

1988 2023

Figure 6. Expansion of water bodies area from 1988 to 2023.

4.4.3 Agriculture Land
The land area of agriculture decreased (Figure 7) from 201,225.76 ha in 1988 to 186,642.53 ha in
2023, representing a net decrease of 14,583.22 ha. The available agricultural land is due to the

demand for urban development and changes in cultivation to forest land. Some of the former land
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used for cultivation, such as paddy, rubber, pepper, etc., in rural areas has been abandoned and
become forest land because people migrate to cities/ urban areas.
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Figure 7. Degradation of agricultural land from 1988 to 2023.

4.4.4 Forest Land

Forest land areas increased from 178,369.48 ha in 1988 to 181,446.65 ha in 2023, representing a
net increase of 3,077.17 ha (Figure 8). This incremental increase is attributed to converting
agricultural land to forest land. Some of the land is no longer cultivated and has become forest

land. The reforestation of former logging areas also contributed to increased forest land in the study
area.

1988 2023
Figure 8. Expansion of forest land from 1988 to 2023.

4.4.5 Barren Land
Barren land areas decreased from 15,240.31 ha in 1988 to 9,951.95 ha in 2023, representing a net
decrease of 5,288.37 ha (Figure 9). The degradation of barren land is attributed to the conversion

into urban and agricultural land. The cleared land has become urban land, such as town buildings,
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shophouses, etc. Some barren land removed for plantation has also been grown, such as oil palm,

paddy, and other agricultural land.

1988

2023

Figure 9: Degradation of barren land from 1988 to 2023.

Table 5. The area for each LC class in the 1988 and 2023 data sets has changed over 35 years.

LC Area (ha)
Area Changed (ha) Percent change

No Class Name 1988 2023

(2023-1988) (%)
1 Agriculture Land 201,225.76  186,642.53 -14,583.22 -3.55
2 Barren Land 15,240.31 9,951.95 -5,288.37 -1.29
3 Forest Land 178,369.48  181,446.65 +3,077.17 0.75
4 Urban Land 6,200.71 22,144.76 +15,944.05 3.88
5 Water Body 9,842.57 10,692.94 +850.37 0.21

(+) Indicates an increase, and (—) indicates a decrease in the area under an LC class over 35 years (1988—

2023)

LC Changes of Kuching Division from 1988 to 2023

4.00
3.00
2.00
1.00

0.00
-1.00

Percentage (%)

-2.00

-3.00
Lt
-4.00

AGRICULTURE BARRENLAND FORESTLAND

LAND

Land Cover

URBANLAND WATERBODIES

Figure 10: Graph showing the land cover changes percentage of the study area.
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5.0 Conclusion and Future Work

Classification of satellite images to identify and map land cover changes in Kuching Division over
35 years from 1988 to 2023 was successfully carried out in the present study. Land cover changes
accuracy assessment was performed using a confusion matrix, with a significant accuracy of over
85% for each class. This study found that the main class of land use change in Kuching is urban
land, with an increase of 3.88%, as Kuching is the capital city of Sarawak. The study successfully
presents LC changes and future predictions highlighting significant patterns of land use change in
the Kuching Division. This information could be helpful for land use/land cover administration and
future planning under the Sarawak State Post COVID-19 Development Strategy (PCDS) 2030. To
enhance this study further, several approaches can be considered: developing a land cover
classification method using deep learning, utilizing high-resolution satellite imagery to increase
detail and accuracy in distinguishing land cover types, and generating a trend analysis of land cover
classification over the selected time range. Regarding environmental concerns, it is recommended
that the scope of the study be expanded to explore the relationship between urban growth and land
surface temperature (LST). This would provide insights into how urbanization affects the local
thermal environment and help develop strategies to manage and mitigate the effects of urban heat

islands.
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