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Abstract— This study applied the Markov chain model on the daily average wind speed data recorded

at the meteorological stations in northern Peninsular Malaysia. This study aims to investigate the trend of

wind speed by obtaining the transition probability matrix and the stationary distribution vector for each of

the stations. The ive states of wind speed based on the Beaufort scale ranging from the scale Beaufort 0 up

to Beaufort 4 were deined. The stationary distribution vectors obtained revealed that Kota Bharu, Kuala

Terengganu and Bayan Lepas demonstrated the highest proportion of daily average wind speed occurring

in the scale of Beaufort 2 with the proportion of 69.27%, 63.62% and 61.89% respectively. Meanwhile,

Alor Setar and Chuping showed the highest proportion of daily average wind speed occurring in the scale

of Beaufort 1 with the proportion of 54.52% and 72.29% respectively. Furthermore, Kota Bharu and Kuala

Terengganu also showed 9.30% and 7.13% proportion of daily average wind speed occurring more than

3.3 meter per second (Beaufort 3 and above) while Bayan Lepas station only demonstrates approximately

3.31%of the category. The least proportion displayed for this category is Alor Setarwith 0.6%and followed

by Chuping with 1.98%.

© 2017 The Author(s). Published by TAF Publishing.

I. INTRODUCTION

Around theworld, people give a lot of attention to the

renewable energy issue. Renewable energy such as wind

energy, biomass, solar energy and hydropower are discov-

ered world widely [1, 2]. As an alternative energy, renew-

able energy is themost convenient energy to be utilized due

to its advantages of never ending and long lasting [3]. In

Malaysia, the wind energy has not only been used for nav-

igation and agriculture but also become an alternative en-

ergy for generating electricity.

An article [4] revealed that the Malaysian Electric-

ity Supply Industries Trust Account and the Ministry of

Science, Technology and Innovation had granted about

RM 3 million to Sustainable Energy Development Author-

ity Malaysia (SEDA) and University Malaysia Terengganu

(UMT) for a two-year research on wind at 11 sites in

Malaysia. The data on wind are recorded and analysed

to develop wind map and generate new energy source.

Malaysia is divided into two distinct parts which are Penin-

sular Malaysia and the East Malaysian provinces of Sabah

and Sarawak.

This country experiences two monsoons named

southwest monsoon (May to September) and northeast

monsoon (November to March). The wind speed during

the northeastmonsoon is usually higher than the southwest

monsoon.

The reading ofwind speed is often below7ms-1 dur-

ing southwest monsoon but the wind speed reading could

reach up to 15 ms-1 during northeast monsoon [5]. Based

on the recent studies conducted by many researchers, the

annual mean wind speed in Malaysia ranges from 2.0 - 5.0

ms-1 [6].

Most of the studies that had been carried out were

interested in modelling the wind speed for the purpose of
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forecasting the future trend accurately. However, the speed

of the wind and how frequent that it happened had rarely

been discussed in detail. The speed of thewind is important

to take into account especially if it is to be considered as po-

tential wind energy resource. This is because wind speed is

known to be the most signiicant parameter in generating

wind energy.

To understand the trend of wind speed at ive se-

lected states in PeninsularMalaysia, this study is conducted

by applying Markov Chain model onto wind speed data and

the computation is done using R programming software.

ThisMarkov Chain approachwas also applied by [7] and [8]

for investigating the maximum temperature trend for ther-

mal comfort in Malaysia.

II. BACKGROUND OF STUDY

Markov chain is known as a stochastic process that

has been applied in various studies. In the area of branch-

ing process, it was initially used to predict the survival and

extinction of royal families. Since then, the used of Markov

chain model has been extended in other areas of studies.

[9] used Markov chain model and came out with a transi-

tion probability matrix to represent the time series of ten

years’ hourly averagewind speeddatawhichwere obtained

at Tangiers, Morocco.

Result showed that the limiting behavior agreedwith

the histogram of the observed data. The transition prob-

ability matrix was also used to simulate wind speed data

by generating synthetic wind speed series using a trans-

formed variable. The statistical characteristics of the gener-

ated wind speed data were proven faithful to the observed

data in the study.

[10] incorporated seasonal data by using Markov

chain model in their study. The hourly average wind speed

datasets obtained from the operationalmeteorological tow-

ers atNationalWindTechnologyCenter, Colorado (oneyear

data) and Süpürgelik region of Yalova, Turkey (9 months’

data) were divided into 4 seasons namely winter, spring,

summer and autumn.

The irst month of each season was used to form the

Markov chain model which was then used to generate syn-

theticwinddata, to be comparedwith thedata for the rest of

the month in the season. Results showed that one month of

observed data was suficient to generate synthesized wind

speed series for the related season accurately. This out-

come also implies that Markov chain model can be used to

complete missing data.

III. DATA DESCRIPTION

A. Data

The data used in this study were obtained from the

Malaysian Meteorological Department. They comprised of

recorded wind speed which were documented as a twenty

four hours’ mean value in meter per second (ms-1). The

period of data is twenty years observed from 1st January

1994 to 31st December 2013.

Fig. 1 . Location of meteorological stations

The study investigates the wind speed data recorded at

ive meteorological stations which are located at the north-

ern part of Peninsular Malaysia (Figure 1). The geographi-

cal backgrounds of the selected stations are listed in Table

1. Alor Setar, Bayan Lepas and Chuping are located at north-

west region while Kota Bharu and Kula Terengganu are lo-

cated at eastern region of PeninsularMalaysia. Both regions

are separated by the Titiwangsa Mountains.

TABLE 1

LIST OF METEOROLOGICAL STATIONS INCLUDED IN THE STUDY

AND THEIR DETAILS

Meteorological Station Latitude Longitude Height above Mean Sea Level (Meter)

Alor Setar 6° 12’ N 100° 24’ E 3.9

Bayan Lepas 5° 18’ N 100° 16’ E 2.5

Chuping 6° 29’ N 100° 16’ E 21.7

Kota Bharu 6° 10’ N 102° 18’ E 4.4

Kuala Terengganu 5° 23’ N 103° 06’ E 5.2

B. Beaufort Scale

The data obtained from the Malaysian Meteorologi-

cal Department are rawdata on daily averagewind speed in

ms-1. Therefore, there must be a certain scale to categorize

the wind speed into a inite number of states so that it is ap-
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plicable to form a Markov chain model. Beaufort scale had

been chosen to form the states of wind speed in this study.

The full range of levels in Beaufort scale used by the [11]

was referred and it accordingly based on the datawhich led

to only six scales. Table 2 lists the descriptive term for each

scale together with the range of wind speed it represents in

meter per second (ms-1). To date, the Beaufort scale is still

used by the World Meteorological Organization (formerly

known as International Meteorological Organization) to in-

dicate wind speed in its operational use especially for the

marines and sailors. [12] highlighted that the meaningful-

ness and simplicity of each scale in Beaufort scale make the

scale a useful tool to predict and observe the weather.

TABLE 2

BEAUFORT SCALE AND ITS DETAILS

Beaufort Scale Descriptive Term Range of Wind Speed (ms-1)

0 Calm 0 – 0.2

1 Light air 0.3 – 1.5

2 Light breeze 1.6 – 3.3

3 Gentle breeze 3.4 – 5.4

4 Moderate breeze 5.5 – 7.9

5 Fresh breeze 8.0 – 10.7

IV. METHODOLOGY

A. Markov Chain Model

[13] deined Markov chain as a discrete stochastic

process where the conditional distribution of any future

state given its past and present states depends only on the

present state. This means that it is independent of its past

states. [14] explained that the dependence structure among

the random variables is the issue addressed by the Marko-

vian property. It is said that in generating the sequence X0,

X1 ,…, the next state Xt+1 depends only on the current state

of Xt and independent of the past values of X0, X1 ,… Xt−1.

A sequential process X0 , X1, X2 … satisies Markovian prop-

erty if

P{Xt+1 = it=1|Xt = it, Xt−1 = it−1, ..., X1 = i1, X0 = i0}
= P{Xt+1 = it=1|Xt = it}

If Xt = i , it means that the process is in state i

at time t . There is a ixed probability that it will move into

state j at time t+1 and this probability is denoted by pij .

This value is a conditional probability of j given i and is

called the transition probability of state i into state.

pij = P{Xt+1 = j|Xt = i}

B. Transition Probability Matrix

The value of pij and the transition probability ma-

trix for a irst order Markov chainmodel can be determined

and arranged as follows:

P=


p11 p12 p13 . . . p1m
p21 p22 p23 . . . p2m
...

...
...

...

pm1 pm2 pm3 . . . pmm


C. Matrix Multiplication and Iteration

[13] further deined the transition probability ma-

trix P (n) as the n state transition probability matrix where

each element pnij represents the probability that it was ini-

tially in state i and moved into state j after n additional

transitions. The conditional probability of pnij is deined as

follows:

pnij = P{Xt+n = j|Xt = i}

The method to obtain the transition probability ma-

trix P (n) can be derived by using the Chapman-Kolmogorov

equation. The Chapman-Kolmogorov equation supports

that the matrix P (n+m) can be obtained by multiplying the

matrix P (n) with P (n) .

pnij +m =
∞∑
k−0

pnij − pmij

Based on the result above, [13] determined the tran-

sition probability matrix P (n) by induction as the following

equation. The equation implies thatP (n) canbedetermined

by multiplying the matrix P by itself n times.

P (n+m) = P (n) P (m)

[15] xplained that as n tends to ininity, the stochastic

matrix P (n) converges to a matrix where its row possesses

the same probability vector. This matrix is the limiting

probability for the Markov chain model as it is an invariant

probability vector. However, it is only applicable for an irre-

ducible Markov chain. By using the basic limit theorem, the

stationary distribution can be determined by running the

chain for a long time until the same values of pnij occur for all

conditioned state i in the transition probabilitymatrixP (n) .
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V. RESULTS AND DISCUSSION

A. Data Classiication

By assigning the data in this study to its Beaufort

scale, the categories of the daily average wind speed for

each of the stations involved are summarized in Table 3.

The result shows that Alor Setar, Bayan Lepas and Chup-

ing each has 4 categories of wind speed while Kota Bharu

and Kuala Terengganu have 6. However, since there is only

one observation recorded as Beaufort 5 for Kota Bharu and

Kuala Terengganu stations and these values are close to the

lower limit in the scale, these observations are treated as

wind speed category Beaufort 4.

TABLE 3

NUMBER OF DAYS TALLIED CORRESPONDS TO THE BEAUFORT

SCALE FOR EACH OF THE STATIONS

Beaufort Scale B0 B1 B2 B3 B4 B5 Total

Station

Alor Setar 18 3965 3247 46 0 0 7276

Bayan Lepas 1 2540 4521 242 0 0 7304

Chuping 32 5266 1839 146 0 0 7283

Kota Bharu 2 1438 4662 543 79 1 6725

Kuala Terengganu 5 2128 4641 463 62 1 7300

This number of categories indicates the dimen-

sion of their respective transition probability matrix. To

achieve this, the transitions between two consecutive days

for each category were tallied so that the transition proba-

bility matrix, P can be evaluated. Based on the table above,

Alor Setar, Bayan Lepas and Chuping stations show that the

daily average wind speed was recorded in 4 states, from

Beufort 0 up to Beaufort 3.

Therefore, theMarkov chainmodel for these stations

can be modelled with a transition probability matrix. Simi-

larly, Kota Bharu and Kuala Terengganu stations show that

the daily averagewind speedwas recorded in 5 states, from

Beufort 0 up to Beaufort 4 (one observation of Beaufort 5

was treated as Beaufort 4 for each of the stations). Hence,

the Markov chain model for these stations can be modelled

with a transition probability matrix.

B. Transition Probability

Figure 2 shows the resulting transition probability

diagram for Alor Setar, Bayan Lepas and Chuping stations

while Figure 3 illustrates the resulting transition probabil-

ity diagram for Kota Bharu and Kuala Terengganu stations.

Fig. 2 . Transition probability diagram for Alor Setar, Bayan

Lepas and Chuping Stations

The probability values as presented in the diagrams are

extracted from the transition probability matrix, P . Based

on the diagram, it is interesting to note that one state tran-

sition probability value (Green color) for Alor Setar, Bayan

Lepas and Chuping stations is increasing from the Calm to-

wards the Light Breeze state. On the contrary, a decreasing

trendof one state transitionprobability value (Purple color)

is spotted from Light Breeze to Calm state. Nevertheless,

for Kota Bharu andKuala Terengganu stations, the one state

transition probability value is rising from the Calm towards

the Light Breeze state but declining from Light Breeze to

Moderate Breeze state.

Fig. 3 . Transition probability diagram for Kota Bharu and Kuala

Terengganu Stations
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C. Limiting State Probabilities

The iteration ofmultiplication of the transition prob-

ability matrix P with itself was conducted until the station-

ary distribution was obtained. For Alor Setar, Bayan Lepas

and Chuping, Kota Bharu and Kuala Terengganu stations,

the convergence of the transition probabilities can be seen

at the result of P (29) , P (24) , P (56) , P (36) and P (32) respec-

tively. When each row of the transition probability matrix

is similar, the result indicates that the limiting probabilities

for the Markov chain model have been reached for each of

the stations.

TABLE 4

SUMMARY OF STATIONARY DISTRIBUTIONS AT ALL THE

METEOROLOGICAL STATIONS

Limiting B0 B1 B2 B3 B4

Probabilities

Alor Setar 0.0021 0.5452 0.4467 0.0060 0

Bayan Lepas 0.0001 0.3478 0.6189 0.0331 0

Chuping 0.0040 0.7229 0.2533 0.0198 0

Kota Bharu 0.0003 0.2140 0.6927 0.0811 0.0119

Kuala Terengganu 0.0006 0.2919 0.6362 0.0629 0.0084

Table 4 and Figure 4 summarize the limiting proba-

bilities obtained at each of the stations involved in this

study. The result shows that the daily average wind speed

recorded at Kuala Terengganu station shows a similar trend

with Kota Bharu station. Both stations show the highest

proportion of daily average wind speed occurring in the

scale of Beaufort 2 and followed by Beaufort 1 and Beaufort

3. Both stations also show that there are chances of daily av-

erage wind speed occurring in the scale of Beaufort 4. The

similarity between these two stations is parallel to their re-

spective region.

Fig. 4 . Limiting probabilities graph for each state

Chuping station shows the highest proportion of daily

averagewind speed occurring in the scale of Beaufort 1 and

Beaufort 2 compared to the other stations. These values

suggested that, most of the time, Chuping has aweaker daily

average wind speed compared to the other stations. Bayan

Lepas station also shows the highest proportion of daily av-

erage wind speed occurring in the scale of Beaufort 2 and

then followed by Beaufort 1. This trend is similar to Kota

Bharu and Kuala Terengganu stations. However, the daily

average wind speed is restricted up to the scale in category

Beaufort 3 where the proportion of time is 3.31%. Alor

Setar station shows a different outcome compared to the

others. Even though it shows that the daily average wind

speed most frequently occurs in the scale of Beaufort 1 and

followed by Beaufort 2 similar to Chuping station, the dif-

ference between the proportions is small compared to the

range it shows at Chuping station.

VI. CONCLUSION

In general the climate in PeninsularMalaysia is inlu-

enced by the northeast and southwest monsoons. North-

east monsoon begins from November each year and it ends

in March the following year. On the contrary, the southwest

monsoon starts in May and ends in September. In between

the time, themonths of April and October each year is when

they are called the inter monsoon period. Kota Bharu and

KualaTerengganu stations are directly exposed tonortheast

monsoon while Bayan Lepas station is directly exposed to

the southwest monsoon.

These three stations are also located near to the

coastal area. This situation might be the cause of similar

trend shown in their respective higher proportions in the

higher scale of wind speed estimated for the stations. Nev-

ertheless, there are higher wind speed scales (Beaufort 4)

recorded at the Kota Bharu and Kuala Terengganu stations

compared to Bayan Lepas station. This condition is differ-

ent at Alor Setar and Chuping stations. They show much

higher proportions in the lower scales compared to their

higher scales.

Although these stations are also exposed to the

southwest monsoon, the magnitude of the wind speed is

relatively low compared to the other stations. [16,17] de-

scribed that the cut-in wind speed for most turbines is typ-

ically between 7 and 10 miles per hour. It is considered as

the minimum wind speed at which the wind turbine will

generate usable power. The cut-in wind speed suggested is

approximately equivalent to 3.13 to 4.47 meter per second.
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The value shows that the wind speed in category

Beaufort 3 and above may be exploited to be as an alter-

native resource of power energy. Despite that, [18, 16] ex-

plained that newer wind turbines are designed to operate

for wind speed as low as 0.5 miles per hour which is as low

as 0.22 meter per second. However, the amount of energy

produced is not comparable which means that it might not

be practical economically. This research is limited to only

ive regions located at the northern Peninsular Malaysia

with twenty years’ period of wind speed data. Based on the

indings, Kota Bharu, Kuala Terengganu and Bayan Lepas

areas are highly recommended to be explored as a potential

wind energy source compared to Alor Setar and Chuping.

Future study should cover wider area with longer period of

data.
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