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Abstract

The occurrence of recurring landsidesthat plagued Penang Island in 2017 hasattracted much attention across Malaysia since the incident
puts people’s life in danger and worsensthe economy of state and country. Based on the harmful effects, the requirement for predicting
the occurrence of landslide is deemed crucial for disaster management agencies to promote awareness and prepare for necessary action.
Therefore, this study aims to investigate the meteorological factors, and finally to develop a predictive model based on Artificial Neural
Networks (ANN). Two meteorological factors, which are daily mean temperature and daily rainfall are considered in this study based on
current data from Malaysian Meteorological Department. As a result, only two percent misclassification rate is recorded by the model
compared to the actual data,while its prediction performance is better than regression method. Besides, the correlation between the
rangeof daily rainfall amount withcorresponding daily mean temperature for the occurrence of landslide is anovel contribution of this
research as little attention had been given by previous studies. The developed ANN model is helpful in predicting the occurrence of
landslide inPenang Island and provides beneficial guidance for the disaster management agencies to save properties and people’s lives.
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1. Introduction

The frequent occurrence of landslide at Penang Island throughout
2017 was reported as headlines in most main stream media across
the nation. The worst incident,which created a panic situation
among citizens,occurred on October, 2017 where 11 workers were
killed at the construction site due tothe landslide [1]. Aside from
the hilly areas in most of the state [2], it is found that Penang
Island had received heavy rainfall level than usual during 2017
[3].Combined with the rainfall, the daily temperature during 2017
is considered high compared to the previous years starting from
June, 2017 [4].However, to the best of our knowledge, there is
lack of recent studies that relate the daily rainfall amount and daily
mean temperature factors to the occurrence of landslides as found
in [5], [6] and [7]. Hence, the correlation between heavy rainfall
and high temperature during the period is explored in this
research, particularlyin light of the contributionto the occurance of
landslide in Penang Island.

Based on literature review, previous studies adopted various
methods for prediction purposessuch as,fuzzy logic, case-based
reasoning (CBR), support vector machines (SVM), regression
analysis, decision trees and artificial neural networks (ANN).
Fuzzy logic limitation lies in the difficulty in supplying
membership information by experts or people [8][9], CBR faces
issues in representing case among different types of cases [9],
while SVM is less compatible due to limitation in achieving true
generalization [10] and development, training and testing of the
method tend to be time consuming [8][9]. Moreover, regression

analysis, which is a traditional forecasting method, shows low
performance for data mining process [9][10], while decision trees
are best applied when the number of classes is low [11] and for
classification purpose [12]. Comparatively, in many cases, ANN
shows capability in prediction due to its ability to capture the
underlying structural relations among various variables during
learning process [13][14]. Moreover, ANN is a nonlinear data
driven and self-adaptive approach [9][13]. Therefore, ANN model
for predicting the occurrence of landslide is developed in this
study as the method has been proven to solve many prediction
problems as presented by [13][14][15][16].

In the following section, research methodology is described in
terms of case problem, data collection and development of ANN
predictive model. Subsequently, the prediction results are
discussed, while conclusion is elaborated in the final section.

2. Research Methodology

To fulfill the research objectives, the research activities are
established, which consist of four levels namely, case problem,
literature review, data collection and development of predictive
model to predict the landslide occurrence. Furthermore, the related
levels in the research activities are specified as phases to be
carried out to achieve the whole objectives as shown in Figure 1.
It further elaborates the structure of these research activities with
selected methods to fulfil each particular research objective.Case
problem and literature review on landslide were discussed in
section 1, whereas data collection and the development of ANN
model are elaborated in the next subsections.
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Fig. 1: Research Activities

2.1 Data Collection

In order to meet the objective of this research, data was collected
to identify factors related to landslide occurrence. Data involved
in this research are daily mean temperature and daily rainfall as
demonstrated in Table 1. The related data was obtained from
Bayan Baru, Penang Island records from 1st January, 2017 until
15th September, 2017. Data was collected from the reports of
Malaysian Meteorology Malaysia. Table 1tabulates the source of
secondary data from the organization.

Table 1: Source of secondary data

20-September, 2017 BalikPulau, Penang Island

22-October, 2017 TanjungBungah, Penang Island

Secondary data Source

Daily mean temperature in degree Celsius Meteorological Malaysia

Daily rainfall in millimetre Meteorological Malaysia

In addition, information and data on the occurrence of landslide in
Penang Island during 2017 were collected from Portal Bencana
Malaysia official website [17] (see Table 2).

Table 2: Date and location of landslide occurrences in Penang Island

Date of Occurrence Location of landslide

14-September, 2017 Barat Daya, Penang Island

15-September, 2017 Barat Daya, Penang Island

Clean data to

2.2 Development of ANN Predictive Model

In the development of ANN as a predictive model to meet the
objective of this research, the collected data consisting of daily
mean temperature and daily rainfall werecleaned through
establishment of graph and normalization test to increase ANN
prediction performance. Subsequently, related data were
transformed as the input and output parameters through minimum
and maximum (MIN-MAX) formula for ANN learning process as
recommended by [14].

Subsequently, ANN feed-forward multilayer perceptron (MLP)
network was developed for predicting the occurrence of landslide.
After that, backpropagation (BP) learning algorithm was
established for learning process as presented by [18] and [19].
Subsequently, the data was allocated between training and
validation set during the learning process. Consequently, network
with the smallest square error value waschosen to obtain the
prediction of landslide occurrences. Figure 2 illustrates the
flowchart for the development of ANN for predicting the
occurrence of landslide.
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Fig. 2: Flowchart for development of ANN predictive model
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2.2.1. Data Cleaning

Thedata of daily mean temperature and daily rainfall, which was
obtained from Department of Meteorology Malaysia from 1%

January, 2017 until 15" October, 2017 are plotted in a graph to
observe any abnormality reading as presented in Figure 3 and
Figure 4 as follows:

Daily mean temperature from 1st January, 2017 ~ 15th October, 2017
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Fig. 4: Data for daily rainfall

From Figure 3 and Figure 4, the pattern of data for the daily mean
temperature and daily rainfall shows normal fluctuation.
Moreover, the related figures indicate a stationary pattern for
increasing and decreasing plot. Thus, data has no abnormality and
missing value, and is therefore acceptable to utilize in the ANN
predictive model.

2.2.2. Transformation of Input and Output Parameter

The daily mean temperature, temperature,, and daily rainfall,
rainfal,, are considered as input parameters, while the occurrence
of landslide, landslide,, is considered as output parameter. The
input parameters (i.e., daily mean temperature and daily rainfall)
are transformed between the interval of [0, 1] through MIN-MAX
formulation as follows:

transtemperaturen
_actemp;, — tempp;y

M

temppay — temppjy

where,

actemp,is the original degree Celsius of daily mean temperature
for nth day

tranSiemperature, 1S the transformation value for degree Celsius
of temperature for nth day

temp,,,is the minimum degree Celsius

temp,y, 4,1 the maximum degree Celsius

transrainfal“
actrain, — rainfal;,

" rainfal,,, — rainfal;,

()

where,

actrainyis the original millimeter of daily rainfall for nth day
transrqinsar,is the transformation value for millimeter of rainfall
for nth day

rainfal,;,is the minimum millimetre

rainfal,,,,is the maximum millimetre

For output parameter (i.e., the occurrence of landslide,landslide,),
binary form is used to represent the output value. The occurrence
of landslide is represented by 1 while no occurrence of landslide is
represented by 0.

2.2.3. Development of ANN Network with Learning Algorithm

The learning process of BP learning algorithm is generated by the
initialization of connection weight. Connection weight is
initialized as the weight is a relative strength of neuron, which
connects every single layer. The purpose of initializing connection
weight value is to represent the importance of each input
parameters (i.e. daily mean temperature and daily rainfall) towards
desired output (i.e., occurrence of landslide) during the learning
process. Therefore, MLP network is able to obtain the desired
output value by correcting connection weight gradually and
accordingly.
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The value of connection weight is initially set to a random value,
with no restriction on formulating the connection weight in a
learning process as highlighted by [20]. The value of connection
weight between ith input node and jth hidden node in the MLP
network to predict landslide is formulated in the following
equation:
Wap = Wyp ©))
where,

a is the number of input node at the input layer where Va =
1,2,..,A

b is the number of hidden node at the hidden layer where Vb =
12,..,B

Subsequently, the value of connection weight between bth hidden
node and cth output node is formulated as follows:
Whe = Wpe 4
where,

b is the number of hidden node at the hidden layer where vb =
12,..,B

¢ is the number of output node at the output layer where V¢ =
12,..,C

Furthermore, the formulation of summation function and sigmoid
function of the input-hidden layer are expressed as follows:

A

sumy, = Z Wgptrans,
a=1

®)

where,

sumyisthe weighted sum of bth hidden node

w,pisthe connection weight for the ath input node and bth hidden
node

trans,is the transformation value for respective input parameters
where vy = 1,2, ..., Yas

y=1fortemperature, and y=2forrainfal

After that, the sigmoid transfer function of bth hidden node is
formulated as follows:

Sigb

=TT ©

a

temperaturen

summation

function
. Sigmoid ‘

nction
~———

Input layer Input-hidden neuron Hidden layer
o — — - — — — Flow of back propagate learning process
-— Flow of feedforward learning process

where,

sigpis the sigmoid value of bth hidden node

sumy,isthe weighted sum of bth hidden node

eis the base of natural logarithm with a constant value, 2.71828
Subsquently, the formulation of summation function and sigmoid
function of the hidden-output layer are expressed as follows:

B

sum, = Z Wpctrans,
b=1

(N

where,

sum,isthe weighted sum of cth output node

wy,isthe connection weight for the bth hidden node and cth output
node

trans,is the transformation value for respective input parameters
wherevVz = 1,2, ..., Zas

z=1fortemperature, and z=2forrainfal

The sigmoid transfer function of cth hidden node is formulated as
follows:

1

RETD) ®)

sig. =

where,

sig.is the sigmoid value of cth hidden node

sum,is the weighted sum of cth hidden node

eis the base of natural logarithm with a constant value, 2.71828
Figure 5 illustrates the flow of each step,comprising of connection
weight, summation function and sigmoid function during the ANN
learning process within the feed-forward MLP network to adjust
connection weight.

The flow of the learning process in MLP network is generated in
two directions, which are feed forward and back propagate. Both
of the learning processes are iterated until the desired output of
landslide occurrence is achieved. After that, summation function,
sigmoid transfer function, and mean squared error are formulated
to adjust the connection weight. Finally, the smallest value of
square error, E, between the value of network output from sigmoid
function and desired output is selected for predicting the
occurrence of landslide. Thus, the connection weights is adjusted
gradually and corrected accordingly to obtain the desired output.

End
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network is
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occurrence
of lanslide)

s the square error gives the
smallest value?

Square error
function, E

C

landsliden

summation function

Jd
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Fig. 5: The flow of learning process in the development of MLP network
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Consequently, the predicted landslide occurrence is formulated in
the following equation:

landSIiden = [‘Nab]transtemperaturen + [vac]transrainfaln

B
+ ) [welsiy ©
b=1

where,

landslide,is the predicted landslide occurrence of nth day
[waplis the final connection weight for ath input node and bth
hidden node

transemperature,1S the transformation value of temperature for
nth day

trans,qinrai, is the transformation value of rainfal for nth day
[wpclis the final connection weight for the bth hidden node and
cth output node

sigpisthe sigmoid value of bth hidden node

2.2.4. Data Allocation for Training and Validation Process

Training of ANN model is an iterative process during the learning
process using a set of data until prediction error is minimum,
while validation is a process to validate the model in predicting
another set of data [9]. In this research, 80 percent of data was
allocated to training process while 20 percent of data was
allocated for validation process. By assigning more percentage of
data for the training set, the ANN network gives better prediction
performance since the more the data is trained, the stronger the
predictive relationship it will have [14].

3. Results and Discussions

The input parameter (i.e., daily mean temperature and daily
rainfall) for ANN predictive model is transformed between the
interval of [0, 1] through MIN-MAX formulation as elaborated in
subsection 2.2. Based on the Equation (1) and (2), the results of
transformation value for daily mean temperature and daily rainfall
are presented in the Table 3 for the first day, n =1.

Table 3: Transformation value of input parameters from formulated MIN-
MAX

7 28 0 0
8 27 86 1
9 25 71 1

Consequently, the prediction results of landslide based on range of
daily rainfall amount and respected daily temperature are
presented in the Table 5 as follows:

Table 5: Prediction for occurrence of landslide based on range of daily
rainfall amount

Range of dail . Prediction result for
rainfallgin miIIim);ter Dan_ly&nean t%mi)e:rature the occurrence of
in degree Celsius landslide
6810 123 24 1
6110123 25 1
5410123 26 1
46 to0 123 27 1
3910123 28 1
31t0123 29 1
2410123 30 1

Based on the prediction result as presented in Table 5, the
occurrence of landslide will likely occur when the temperature
increases, while the rainfall amount decreases. The result is
aligned with the fact that the higher the temperature, the more the
soil moisture it will have [21]. Thus, the occurrence of the
landslide is likely to happen as the soil moisture gets higher,
caused by temperature and the related rainfall amount.
Furthermore, the misclassification rate for ANN model is 0.2 for
validation process. Misclasification rate is aprediction error output
of developed model compared to the historical data. Thus, the
misclassification of two percent as recorded by the ANN model
indicates that the prediction error for the model is considered low.
Table 6 shows the misclassification rate obtained from the
statistical report for the ANN predictive model.

Table 6: Misclassification rate for ANN predictive model

Statistic label Validation process

Misclassification rate 0.2

Moreover, ANN predictive model has better prediction
performance compared to regression method. The mean squared
error of ANN predictive model is 0.005683, while it is 0.07227 for
regression model.Table 7 presents the comparison of ANN
predictive model and regression method in terms of mean squared
error, E.

Table 7: Comparison of predictive method between ANN model and

Input MIN-MAX formulation Transformation
parameter value
aCtempl tempmiv tempmm: transtemperuture
temperature| 26.8 24.5 30.2 0.4035
actrain,| rainfal,,;,| rainfal,,) trans,.gsa.,
rainfaly 0.0 0.0 122.2 0.0

Subsequently, the result of prediction for the occurrence of
landslide is indicated by observation number 8 and number 9
which is 1 (i.e., landslide has a possibility of occurring) as
presented in Table 4. Both prediction results are aligned with
reference to the two incidents that happened in September, 2017.
Table 4 exhibits the prediction results for landslide occurrence
based on daily mean temperature and rainfall.

Table 4: Prediction for occurrence of landslide based on daily mean
temperature and rainfall

regression
Predictive method Mean squared error
ANN 0.005683
Regression 0.07227

Bl mEEn Prediction
: y - Daily rainfall results for the
Observation temperature in . A
. in millimeter occurrence of
degree Celsius .
landslide
1 27 4 0
2 26 19 0
3 26 25 0
4 27 12 0
5 30 1 0
6 29 0 0

The predicitive method with smallest value of mean squared error
indicates that the method is the best predictive model. Therefore,
the ANN predictive model has better prediction and is
recommended to predict the occurrence of landslide at Penang
Island, based on the collected data.

4. Conclusion

A predictive model of ANN method based on MLP network and
BP learning algorithm was developed in this paper to predict the
occurrence of landslide at Penang Island. The learning process of
ANN model to predict the occurance of landslide in the future was
based on historical data, recorded throughout 2017. Two
meteorological factors considered in this research are daily mean
temperature and rainfall based on the landslidephenomenon that
occurred in 2017. The results from the ANN predictive model
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indicated that the occurrence of landslide is likelywhen the daily
temperature increases, while the rainfall amount decreases; for
instance, when the range of daily rainfall for 24 Celsius is between
68 to 123 millimetre, and 24 to 123 millimetre for 30 Celsius.
Moreover, the misclassification rate of ANN predictive model
wasonly two percent, which is considered as low prediction error.
Furthermore, prediction performance of ANN method is better
than regression due to the fact that the mean squared error for
ANN is less than that of the regression method. Therefore, ANN
model is highly recommended to predict the occurrence of
landslide at Penang Island.However, the topographical and
geological factors are not considered in this research as the factors
are beyond the scope of this research. Thus, both limitations serve
as avenues for future work to improve the finding of landslide
occurrence in Penang Island.
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