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Abstract. Monitoring of the environment over a large area will require huge amount of data. 

The implementation of conventional methods will be time consuming and very costly. 

Furthermore, one way to assess the environmental sustainability is by analysing the changes of 

land cover over two different periods. Therefore, this study implemented a cloud computing 

approach utilising an open source Remote Ecosystem Monitoring Assessment Pipeline 

(REMAP) to map the changes of Land use land cover (LULC) over Peninsular Malaysia 

utilising Landsat data obtained from two different periods (2003 and 2017). This approach has 

utilised a powerful inbuilt machine learning algorithm, Random Forest (RF) to test the 

performance of cloud computing using REMAP to produce LULC maps over Peninsular 

Malaysia. The results showed an acceptable LULC maps and the changes between two periods 

were analysed. Therefore, the utilisation of machine learning algorithm with the integration of 

cloud computing using REMAP can reduce the cost, lessen the processing time, produce 

LULC maps, and perform change analysis over large area. 

 

 

 

1. Introduction 

Sustainability is the development or a concept that is carried out to meet the needs of present without 

endangering the future generation in many aspects including economic health, environment and 

ecological. It usually uses alternative approaches to replace current method or material in order to 

reduce the negative impacts especially towards human, animals and environment. To support this idea, 

United Nations (UN) has introduced the 17 Sustainable Development Goals (SDGs) where each goal 

has its target to be achieved by 2030 [1]. The goals include to protect the planet, counter climate 

change and its impacts, produce clean energy and ensuring health lives. To contribute to the 17 SDGs, 
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this paper will be focusing on the environmental sustainability where two sets of remote sensing data 

taken from different periods will be used to produce the Land Use Land Cover (LULC) maps which 

later can be used to assess the environmental sustainability. 

Machine learning is a subset of Artificial Intelligence (AI) that works well in prediction and 

classification. It is an application or algorithm that learns and improves from experience without being 

explicitly programmed [2-4]. Previous studies had used supervised machine learning algorithms to 

perform image classification [5,6]. For example, Support Vector Machine (SVM) is able to handle the 

complexity in the dimensionality and it classifies the data by separating the support vectors using a 

hyperplane. Random Forest (RF) is one of the powerful machine learning algorithms that uses 

thresholds to distinguish the features based on the defined parameters. It combines several numbers of 

trees and finally forms a forest-structure [7]. Machine learning gives good results for mapping LULC 

and it has been used in many applications including urban and agriculture. However, the study areas 

involved were small and do not cover large areas due to the higher cost and longer time to process the 

area [8].  

Cloud computing is the delivery of computing services such as storage, servers and databases. It 

can store huge amount of data and process big data in the cloud [9]. By using conventional method, 

few hard drives with large storage will be essential to store the data and on top of that, having high 

computational power is crucial to process big data. However, to fulfil these requirements will be very 

costly and time consuming. Therefore, to overcome these issues, this study had utilised a cloud-based 

platform with the integration of machine learning and big data to perform change analysis in 

Peninsular Malaysia.  

2. Material and Methods 

2.1. Study area and satellite data 

For this study, Peninsular Malaysia that is located at 3.1351° N, 101.7400° E with an approximate of 

132 156 km
2
 land cover area was chosen as the study area. Using high resolution data to cover huge 

area will be expensive and therefore, open source Landsat data with 30m spatial resolution was used in 

this study. 

2.2. Methods 

This study utilised cloud computing approach where a cloud-based platform namely Remote 

Ecosystem Monitoring Assessment Pipeline (REMAP) was used to map the LULC of Peninsular 

Malaysia. Stacked Landsat data obtained from 1999-2003 (noted as 2003) and 2014-2017 (noted as 

2017) were analysed and classified in REMAP using an inbuilt machine learning algorithm. The best 

combination of predictors was used to classify the data and the best outputs were exported to produce 

the LULC maps. To assess the changes of the land covers in Peninsular Malaysia, few classes were 

classified: paddy, other agriculture, forest, water bodies and built-up. The procedure of the work was 

shown in Figure 1. 

 

 

 

 

 

 

 

 

 

 

  

 

Figure 1. Work flow of the study. 

 

Select 

predictors 

and apply 

RF 

algorithm 

 

Two LULC 

maps (2003 

and 2017) 

are 

produced 

 

Conduct 

analysis on 

the changes 

of the 

LULC maps 

 

Define 

boundary 

on the 

Landsat 

data 

 

Accuracy 

assessment 

for the 

classified 

images 



International Conference on Green Agro-industry and Bioeconomy

IOP Conf. Series: Earth and Environmental Science 230 (2019) 012109

IOP Publishing

doi:10.1088/1755-1315/230/1/012109

3

2.3. Image classification 

Both 2003 and 2017 data were classified using RF algorithm with the aid of 13 available predictors in 

REMAP [10]. The training samples were produced in REMAP and the produced samples can be 

exported as keyhole mark-up language (KML) and comma-separated values (CSV) file formats. Then, 

the accuracy of the classified images was assessed, and the best outputs were exported as GeoTiff 

which later be imported to other software for further analysis and map making. Changes occurred on 

the area of the LULC maps produced in 2003 and 2017 were calculated where the differences will 

then be tabulated in the next sub-section.  

 

2.4 Change detection analysis 

Change detection analysis is conducted to assess and measure the changes of the land cover between 

two or more periods.  Change detection is a post-classification technique that is conducted after that 

images have been classified and it usually involves comparing two or more satellite imagery of the 

same area taken at different periods. Previous studies have conducted change detection analysis on 

several applications including biodiversity, forest, and urban [11-13]. Change detection methods can 

be grouped into several categories which include classification, algebra, visual analysis, and 

transformation [14]. This study conducted a post-classification comparison technique where the 

classified thematic maps were assessed by comparing the pixel from different thematic map. To assess 

the changes of the land cover, the total number of pixels for each class obtained from classified LULC 

map in 2003 was compared with the total number of pixels obtained from classified LULC map in 

2017. 

3. Results and Discussion 

Two Land use land cover (LULC) maps of Peninsular Malaysia (2003 and 2017) and the changes of 

the land covers between 2003 to 2017 can be seen in Figure 2 and Figure 3. Therefore, the changes for 

each class can be analysed and the results were tabulated in Table 1.  

  
 

Figure 2. 2003 LULC of Peninsular Malaysia 
 

Figure 3. 2017 LULC of Peninsular Malaysia 
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Table 1. Changes of land cover between 2003 and 2017. 

Class Area (%) 

Water bodies -11.86 

Paddy -5.71 

Other agriculture +59.40 

Built-up +38.91 

Forest -9.70 

 

Utilising optical Landsat data by means of conventional method to produce results shown in Figure 

2 and Figure 3 will require massive efforts. Table 1 shows the changes of land cover area for each 

class occurred from 2003 to 2017. The negative and positive sign indicates the loss and the gain of the 

land cover area respectively throughout 14 years of period. Traditionally, minimum number of 15 

scenes obtained from Landsat data are needed to cover the whole area of Peninsular Malaysia which 

will require the user to manually download the satellite images, implementing image patching (remove 

clouds) and process the data from scratch. These steps will require long time, and high computational 

power is needed to be able to finish the image processing especially on the process of image patching 

and image classification. Furthermore, to store and compile the processed satellite data, it is vital to 

have huge storage of hard drives before any LULC map can be produced. Therefore, the utilisation of 

REMAP has been very handy and has successfully tackled the aforementioned issues. On top of that, 

the results produced on the changes of the LULC can later be improved and the statistical values can 

later be used as an aid to assess the sustainability for Peninsular Malaysia. 

REMAP uses cloud computing approach which stores the data in the cloud by using cloud-based 

platform and it makes LULC classification over large area possible. Furthermore, the advantage of 

using REMAP can be seen clearly when the application of image classification was performed in the 

cloud using an inbuilt machine learning RF algorithm. On the other hand, utilising conventional 

method will require additional effort in order the user to set the threshold and parameters in RF 

algorithm. Although optical sensor like Landsat often having problem with the cloud cover, REMAP 

provides Landsat data that are nearly to absolute cloud-free. Furthermore, REMAP provides data that 

covers the whole world which makes it very useful especially for tropical countries like Malaysia. 

4. Conclusion 

Using conventional method to map large area will be very costly and time consuming. Furthermore, 

the cost to obtain high-resolution data such as LiDAR (Light Detection and Ranging) data will be 

expensive even for small coverage area. In addition, using open source Landsat data will give cloudy 

data for tropical countries. Furthermore, to produce almost cloud-free images, additional time and 

effort are required to remove the clouds. Therefore, the utilisation of cloud computing using REMAP 

is very effective because it provides efficient way to map large area using medium-resolution Landsat 

data with least amount of cloud cover. The powerful cloud-based REMAP has provided a fast-paced 

image classification and with the integration with a powerful RF machine learning algorithm, REMAP 

has proven to be very efficient. As a conclusion, the integration of cloud computing and machine 

learning has managed to produce the LULC maps and the changes of the land cover can be analysed 

for large area covering the Peninsular Malaysia. 
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