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Abstract

The importance of the land cover map in many areas including environmental issues, regional 
planning, sustainable development and many other issues has been considered in the global 
literature. This study aims to detect land cover changes that occurred in a part of Cameron 
Highlands, Pahang, Malaysia for a decade between early 2008 until the late 2017. However, in 
this research Landsat-7 (ETM+) satellite data (2008 and 2017) were acquired and corrected using 
environment for visualizing images (ENVI) software. Support vector machine (SVM) model was 
used to classify land covers of both years. Results show that during this period of time forest has 
underwent considerable changes among all from 49.517532 km2 in 2008 to just 34.90341 km2 by 
the year 2017. The second substantial change belongs to vegetation and florification from 31.265611 
km2 in 2008 to a peak of 42.83176 km2 by the year 2017. It means that forest mostly have been 
replaced by vegetation and florification. Furthermore, the overall accuracy and Kappa coefficient 
using confusion matrix for the year 2008, using support vector machine classification model are 
96.4051% and 0.9294, respectively. While these values for the year 2017 are 97.5198% and 0.9674 
in order. The current research can be valuable for land cover management in Cameron Highlands 
by Malaysian policy and decision makers.
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Highlands
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1. Introduction

 Land cover change detection have 
been taken into account as one of the main 
requirements for variety of purposes, including 
environmental impact evaluation, spatial 
development, land use change detection, climate 
change studies, greenhouse gas inventories and 

etc. (Wessels et al., 2003; Burkhard et al., 2012; 
Zhu and Woodcock, 2014; Gómez et al., 2016; 
Wang et al., 2017; Yin et al., 2018). Recognizing, 
quantifying and monitoring changes by remote 
sensing and geospatial database in any scale and 
place have been considered in the international 
literature (Turner et al., 2007; Jin et al., 2013; 
Belward and Skøien, 2015; Lv et al., 2017; 
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Ma et al., 2017; Sidhu et al., 2018). However, 
digital land cover change detection is a process 
of measuring and extracting the changes that 
occurred in a specified place through satellite 
imagery.
 Forest losses and its replacement by other 
land covers is the least well identified and 
quantified land cover changes and also is one 
of the main problems worldwide (Chidumayo, 
2013; Mayes et al., 2015; Megahed et al., 2015; 
Miettinen et al., 2016). Malaysia and Cameron 
Highlands in particular are not exception in 
this case and have been experienced huge land 
cover changes. Natural causes are the main 
reason for long term changes in land cover, 
however human activities play a substantial role 
in changing land covers across the world (Jin et 
al., 2013; Sidhu et al., 2018). As a matter of fact, 
Cameron Highlands is a tropical area, where 
most of the time is under the cloud coverage 
therefore acquiring multispectral images 
without cloud coverage takes too much time. 
 Time consuming,  expensive  and 
traditional methods of field survey, interpreting 
old map and literature review are not enough 
to understand, recognize and quantify the 
happened changes in predetermined areas like 
Cameron Highlands. However, remote sensing 
offers an outstanding tool to measure changes 
in land covers in different scales, times and 
places (Moser et al., 2013; Amici et al., 2017; 
Hasmadi et al., 2017; Wu et al., 2017). The 

current research is highly useful for policy and 
decision makers in order to monitor the study 
area, because it opens up new opportunity of 
quantifying the changes among different land 
covers. However, using ETM+ satellite imagery 
as well as SVM model are the contribution to 
the knowledge of the current study.  
 Many studies have been focused on land 
cover change detection by using different of 
models, techniques, and satellite imageries, 
including Shahabi et al. (2012) used normalized 
difference vegetation index (NDVI), principal 
component analysis (PCA); Nutini et al.(2013) 
employed multi-temporal analysis and Landsat 
images; Kim et al. (2014) used Landsat imageries; 
Mayes et al. (2015) benefited from Landsat 
5-8 data and linear spectral mixture analysis; 
Choudhary and Pathak (2016) examined land 
use change detection using Landsat imageries 
of TM. ETM and OLI; Leite et al. (2017) utilized 
Landsat 5/TM images and geographical objects; 
Sidhu et al. (2018) applied the Google Earth for 
land cover change mapping; Zoungrana et al. 
(2018) employed MODIS satellite imagery for 
application of land cover change detection.
 This study aims to assess and quantify 
the changes occurred in the land covers from 
the year 2008 until the late 2017 for a part 
of Cameron Highlands using support vector 
machine (SVM) model.
 
2. Description of the study area

Figure 1. Geographical location of the study area
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 For this study a part of Cameron Highlands, 
Pahang, Malaysia was selected. However, this 
scope located in the Longitudes 101˚ 20’ 00”E 
to 101˚ 27’ 10’’E and Latitudes 4˚ 23’ 30’’ N to 
4˚ 31’ 10’’ N. The study area covers 86.895 km2 
(Figure 1). Cameron Highlands is located in 
the Main Range of Malaysia geological units, 
which is narrow and sharply defined (Lee, 2009; 
Makoundi et al., 2014).
 The study area is a farming place and 
also an attractive tourist destination for 
people around the world, therefore, it needs 
fundamental consideration from Malaysian 
government. The lowest and the highest area in 
the region are 912 meters and 1960 meters above 
the sea level. Refer to Malaysian Meteorological         
Department (MMD) the average rainfall in the 
study area fluctuates between 1800 mm to 3000 
mm annually. In the study area, land covers of 
florification and forest have the biggest areas of 
42.83176 km2 and 34.90341 km2, respectively.

3. Materials and Methods

 In this study the Landsat-7 ETM+ data for 
a part of Cameron Highlands were downloaded 
through Earthexplorer.usgs.gov website. Since 
we determined to detect changes for a decade, 
then ETM+ data of early 2008 and the late 
2017 were collected. Table 1 illustrates the 
characteristics of ETM+ satellite imagery.
 However, these data by using environment 
for visualizing images (ENVI) software 
radiometrically, atmospherically, spectrally and 

geometrically were corrected. Because scan line 
corrector (SLC) of the Landsat-7 from the year 
2003 onward has not been working properly, 
so all the Landsat-7 data from aforementioned 
date onward have to be spatially gap filled.
 Once the spatial resolution of satellite 
imageries have been resampled to 15 meters 
(using panchromatic band), they are then used 
to generate normalized difference vegetation 
Index (NDVI) and normalized difference built-
up index (NDBI). NDVI map was derived from 
ETM+ as follows:
     
     (1) 
                                                    
Where: Near infrared (NIR) band reflects the 
electromagnetics pulses and Red band absorb 
them (Zhang et al., 2018). Values of NDVI 
equation range from − 1 to +1, where positive 
values show vegetated areas, while negative 
values implie non-vegetated regions. On the 
other hand, NDBI is calculated as bellow:

     (2)

Where: Short-wavelength infrared (SWIR) 
band is generally sensitive to water and moisture 
and near infrared (NIR) band reflects the 
electromagnetics pulses based on the rate of the 
chlorophyll in vegetation coverage, where the 
more the chlorophyll the high the reflection will 
be (Zha et al., 2003). Combination of these two 
indices with the other bands are highly effective 
to extract built-up and vegetation land covers.
 The SVM is a fast and an accurate model 

Spectral Band
Half-Amplitude Bandwidth 

(μm)
Sub-satellite Ground Resolution 

(m)
Panchromatic 0.520±0.010 - 0.900±0.010 13 x 15

1 0.450±0.005 - 0.515±0.005 30

2 0.525±0.005 - 0.605±0.005 30

3 0.630±0.005 - 0.690±0.005 30

4 0.775±0.005 - 0.900±0.005 30

5 1.550±0.010 - 1.750±0.010 30

6 10.40±0.100 - 12.50±0.100 60

7 2.090±0.020 - 2.350±0.020 30

Table 1. ETM+ spectral bands, bandwidth and ground resolution 
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for the change detection projects (Qi et al., 
2013; Rebentrost et al., 2014; Gu and Sheng, 
2017). This model provides a good result 
from noisy and complex data (Gu and Sheng, 
2017). It tries to separate the created classes 
with a decision surface, which maximizes 
the margin between the selected classes (Qi 
et al., 2013). Despite this fact that the SVM 
is a binary classifier, it works as a multiclass 
classifier as well, provided that several binary 
SVM classifiers are combined (Steinwart and 
Christmann, 2008). The SVM classifier runs 
on the region of interests (ROIs). The classifier 
performs training at the lower resolution level, 
because retraining at each level provides higher 
accuracy for the resampled image, however, it 
considers the rule image values to identify those 
that exceed the probability threshold (Steinwart 
and Christmann, 2008; Gu and Sheng, 2017). 
It has four types of kernel, including linear, 
polynomial, radial basis function (RBF), and 
sigmoid (Hearst et al., 1998). However, the 
mathematical representation of them is as 
below:

Linear;   K(Xi Xi) = XiTXi                    (3)
Polynomial;   K(XiXi) = (gXiTXi + r)d, g>0  (4)
RBF;    K(XiXi) = exp(-gΙΙXi - Xi ΙΙ2 ), g>0    (5)
Sigmoid;  K(XiXi) = tanh(gXiTXi + r)           (6)

where g is the gamma term in the all kernels 
except linear one, d is the polynomial degree in 
the polynomial kernel, and r is the bias term in 
the polynomial and sigmoid kernels.

 After applying the SVM model we 
employed post-classification process to delete 
unwanted pixels the majority and minority 
filters. As a matter of fact, overusing majority 
and minority filters result in deleting accurate 
pixels in the final map, therefore it is necessary 
to generate segmentation image for those classes 
that there are unwanted pixels in. Using the 
decision tree (DT) classifier, both the SVM and 
the segmentation image were used to produce 
final raster image (Figure 2). For example, 
there are a few regions in the final map that 
classified as water body, which in realty some 
regions are not water body, however, by applying 

segmentation image commend in ENVI 
software for water body we can easily identify 
the correct pixel values for water body and 
assign those pixel values that are not water body 
to the accurate land cover using DT classifier.
 Validation Purposes is an essential step 
in hazard studies (Stehman, 1997; Beguería, 
2006; Hand, 2009; García-Llamas et al., 2018). 
However, in this study for every land cover 30 
ground control points (GCPs) were extracted 
from the Google Earth image supported by 
field survey and used for validation purposes 
by using confusion matrix extension in ENVI 
software. Overall accuracy is calculated by 
measuring the number of corrected classified 
pixels then dividing by the total number of 
pixels (Jensen and Lulla, 1987). Referring to 
them, another way to measure the accuracy of 
classification is the Kappa coefficient, which is 
calculated via multiplying the total pixels in all 
the ground truth classes by sum of confusion 
matrix diagonals then subtracting sum of 
ground truth pixels in a class times and the sum 
of classified pixels in that class summed over all 
classes finally dividing by the entire pixels.

     (7)
                          
W h e r e : OA = Total accuracy, 
N = Total number of test pixels, and ΣPii = Total 
pixels that are correctly classified.

Equation 2 was used for the Kappa coefficient.

  (8)

Where: k = kappa 
coefficient and q = unclassified pixels.

4. Results and Discussion

 Using Arc-GIS and Microsoft Excel 
software the statistical changes for a decade 
from the year 2008 to the year 2017 in a part of 
Cameron Highlands were calculated. Table 2 
clearly lists the statistical changes occurred in 
this period of time.  
 Forest have seen the most considerable 
changes in the study area from 49.517532 km2 in 
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Figure 2. Research methodology of the research  

Year 2008 Year 2017
No Name Area km2 No Name Area km2

1 Forest 49.517532 1 Forest 34.90341

2 Water body 0.294632 2 Water body 0.364556

3 Tea plantation 3.42952 3 Tea plantation 3.724364

4 Township 2.401528 4 Township 4.639532

5
Vegetation and 
florification

31.265611
5 Vegetation and 

florification
42.83176

6 ----------------- 6 Cleared forest 0.436157

Table 2. Statistical changes in a decade (Years 2008 to 2017)

the year 2008 to 34.90341 km2 by the year 2017. 
Vegetation and florification has undergone huge 
changes from 31.265611 km2 in the year 2008 
to a peak of 42.83176 km2 by the year 2017. 
Another remarkable change has occurred for 
township areas, where it roughly doubled from 

2.401528 km2 in the year 2008 to 4.639532 km2 

in comparison with the year 2017.
 Water body has experienced the least 
positive change of approximately 0.07 km2 in 
this decade. About 0.3 km2 has added to the 
tea plantation fields in this period of time. 
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Figure 3. Land cover map of the study area (Year 2008)

Figure 4. Land cover map of the study area (Year 2017)

Confusion matrix
Overall accuracy % Kappa coefficient 

Year 2008 96.4051 0.9294 

Year 2017 97.5198 0.9674 

Table 3. Highlights overall accuracy and Kappa coefficient

Eventually, 0.436157 km2 as the cleared forest 
was classified in the year 2017 (Figure 3 & 4).
 The overall accuracy and the Kappa 
coefficient using confusion matrix for either 
maps were calculated using ENVI software and 
ground control points (Table 3).
 One of the main steps in extracting region 
of interests (ROIs) is separability evaluation of 
them (Laurin et al., 2013; Levin, 2016; García-
Llamas et al., 2018), because the separability of 

the ROIs guarantees the validity and reliability 
of used classification models. The measuring 
value for ROIs separabilty is between one and 
two, once it has been upper than 1.8, then the 
ROIs is acceptable (Laurin et al., 2013). The 
higher the value the more precise the ROIs will 
be (Griffiths et al., 2013; Levin, 2016).Table 4 
demonstrates the ROIs separability (Least to 
most) for the either years.
5. Conclusion
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Year 2008 Year 2017
Tea plantation and vegetation/florification = 1.9591  Tea plantation and vegetation/florification = 1.9614

Forest and vegetation/florification = 1.9680 Township and cleared forest = 1.9706

Forest and tea plantation = 1.9690  Cleared forest and vegetation/florification = 1.9810

Township and vegetation/florification = 1.9789  Township and vegetation/florification = 1.9914

Tea plantation and township = 1.9799  Forest and vegetation/florification = 1.9934

Forest and township = 1.9899   Water body and township = 1.9964

Water body and forest = 1.9959   Water body and vegetation/florification = 1.9978

Water body and tea plantation = 1.9979   Water body and cleared forest = 1.9978

Water body and township = 1.9989   Forest and township = 1.9999

Water body and vegetation/florification = 1.9999  Forest and tea plantation = 1.9999

Forest and water body = 1.9999

Tea plantation and cleared forest = 1.9999

Forest and cleared forest = 1.9999

Water body and tea plantation = 1.9999

Tea plantation and township = 1.9999

Table 4. Region of interests (ROIs) Separability

 The current study detected the changes for 
a decade from early 2008 to the late 2017 in a 
part of Cameron Highlands, Pahang, Malaysia. 
We acquired the two Landsat-7 (ETM+) satellite 
imageries. Once correction process using ENVI 
software have been completed the NDVI and 
the NDBI were extracted and stacked with the 
corrected multispectral bands. 
 Separability processes were done for the all 
extracted ROIs from satellite imageries. Using 
these extracted ROIs the SVM classification 
model was generated, this model is a fast and 
an accurate model, by which good results from 
noisy and complex data can be extracted. The 
unexpected and unwanted pixels were excluded 
through post-classification process. Using the 
DT classifier the information of the SVM model 
as well as segmentation images were combined 
for the final maps. By a set of GCPs the final 
maps were validated through confusion matrix 
command in ENVI software. Forest areas 
decreased about 14.61 km2 by the year 2017 in 
comparison with the year 2008, while vegetation 
and florification increased approximately 11.56 
km2 by the year 2017. However, high overall 
accuracy and Kappa coefficient for both final 
maps demonstrate that the study well validated. 

Overall, we concluded that the introduced 
method for land cover change detection of part 
of Cameron Highlands, Malayis is fairly good 
change detection method can be conservatively 
suggested for same purposes in other areas. 
The SVM model can be recommended for land 
cover change detection areas within the study 
area. This model can also be introduced as a 
new encouraging tool for land cover changes 
evaluation in different similar areas. Our 
findings can be applied by watershed managers, 
stakeholders, and land policy makers in order 
for managing of land cover changing.
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