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ABSTRACT 

 
Decision Support Systems have recently become popular in 
making decisions related to hydrological problems. In the 
annual cycle of hydrological data, the time series often 
exhibits spikes that rise far above the typical values in the time 
series. To capture this behaviour, the proposed decision 
support system which defined the class of distributions before 
a model selection toward the heavy-tailed distributions was 
used to represent the extreme sea level data. The objective of 
this study is to estimate the return period of maximum sea 
level at a particular location, since it is important for the 
planning, design, and management of coastal areas. The 
L-moment method is used to estimate the parameters for four 
probability distribution functions, namely Generalized 
Extreme Value (GEV), Generalized Pareto Distribution 
(GPA), Generalized Logistic Distribution (GLO), and 
Generalized Normal Distribution (GNO). The 
Kolmogorov-Smirnov (KS), is utilised to establish the 
adequacy of fitness of these probability distributions to the 
recorded data. The results of the KS test show that GEV is the 
most appropriate distribution for Port Klang station. Finally, 
the return value and return period was generated using the 
selected probability distribution function. 
Keywords: Extreme value analysis, Kolmogorov-Smirnov 
test, Probability distribution, Return period, Sea Level. 
 
1. INTRODUCTION 
 
Flood is a natural disaster that frequently poses high physical 
risks and cause economic loss. Coastal cities located in 
low-lying [1], [2] areas are vulnerable to flood disasters. 
These cities are susceptible to coastal flooding as a result of 
sea level rise, storm surges and heavy rainfalls. [3–5]. 
Retreating mountain glaciers and ice caps, thermal expansion 

of ocean water, and the shrinking mass of the Greenland and 
Antarctic ice sheets are the main causes of sea level rise linked 
to climate change [6–8] pointed out that the rise in sea level is 
also brought about by the changes in terrestrial storage. 
Furthermore, [9] reported that the rate of global mean sea 
level rises from [1.5 to 1.9] mm/year between 1901 and 2010. 
The rate of sea level rise for the period between 1993 and 
2010 is higher at [2.8 to 3.6] mm/year. 
 
Estimation of maximum sea level data for a specific return 
period has been receiving increasing attention in recent years. 
Much statistical research has been carried out to estimate the 
statistics of extreme weather for related variables, such as 
precipitation [10], wind speed [11] and river discharge [12]. 
Extreme value analysis of near shore water level and their 
probability of exceedance are the principal parameters for 
coastal areas. [13] investigated extreme sea level by fitting a 
generalized extreme value (GEV) distribution to the data for 
sea level rise at Walcott, which is located on the east coast of 
the UK. [14] examined the extreme value of generalized 
Pareto distribution for the North Sea. A similar study by [15] 
has established that GEV distribution is able to generate 
reliable extreme sea level parameters for 655 locations around 
the world.  

 
Malaysia has a long shoreline and most of the major cities are 
located near the coast. Two main factors have contributed to 
the rapid growth of coastal cities, namely fast-growing 
economy and high population density [16]. The demand for 
prime land has resulted in the construction of a large number 
of buildings on reclaimed lands. The wide shallow waters 
along the coastline have become prime candidate for 
reclamation [17]. Many of the larger cities with dense 
population and mega-urban region are located in coastal areas, 
for instance Kuala Lumpur, Putrajaya, and Penang [18]. 
Malaysia is strongly affected by the wet season during the 
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South-West (May–September) and North-East 
(November-March) monsoon. Convectional rainfall is a 
common occurrence during the inter-monsoon period. Land 
reclamation and monsoon season has made Malaysia 
vulnerable to sea level rise and extreme climate. Malaysia has 
experienced many flooding events that are related to high tide 
phenomena. Coastal areas are flooded during high tide and 
continuous heavy rainfall. Several areas in Selangor, such as 
Klang, Kuala Langat, Sepang, Kuala Selangor, and 
SabakBernam, are particularly vulnerable to high tide 
phenomenon. The high tide typically escalates between 
October and November during the monsoon seasons and 
inter-monsoon period during which tide could reach up to 
5.3m high. 

 
The focus of the present study is maximum sea level during 
high tides. Flooding events during high tide is a common 
phenomenon in Malaysia, especially during seasons of heavy 
rainfall. This paper discussed the L-moment approaches in 
flood frequency analysis of annual maximum sea level of Port 
Klang. The concept of this study is to identify the most 
appropriate probability distribution to the tidal data. There 
were 4 types probability distributions will be used namely, 
generalized extreme value (GEV), generalized Pareto 
distribution (GEV), generalized logistic distribution (GLO), 
and generalized normal distribution (GNO). After that, the 
return period of the extreme sea level will be estimated. 

 
2. METHODOLOGY 
 
In order to perform flood frequency analysis, the L-moment 
method was used by estimating the annual maximum high tide 
data. Only one maximum value of high tide was taken every 
year from 2004 until 2017. The process of study can be 
summarized by using flowchart in Figure 1. 
 
  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

Figure 1: Flowchart of flood frequency analysis by using 
Annual Maximum Series (AMS) approach 

2.1 L-Moment method 
 
The L-moment method was used to estimate the sea level rise 
frequency analysis of annual maximum sea level data. The 
data employed is the largest value for each year of interest 
[19]. This method gives a more stable and realistic estimate of 
the shape parameter for a small sample size compared to other 
estimation methods [20–22]. The collection of historical sea 
level data is confined to certain stations due to loss of record, 
sensory problems, or disruption in the data collection activity 
[23]. The L-moment method is used to generate the parameter 
values for each probability distribution function such as 
measure of location, dispersion, skewness, kurtosis and shape 
of distributions. [24] defined the L-moment as linear 
combination of the probability weighted moments (PWM) of 
the ordered sample data. The L-moment technique is more 
accurate for small sample sizes and is more reliable since it is 
less sensitive to outliers. The equations employed in 
L-moment are as in [20]. 

 
2.2 Probability Density Function 
 
In the annual cycle of high tide data, the time series often 
exhibits spikes that rise far above the typical values in the 
series. To capture this behaviour, the heavy-tailed 
distributions were used to represent the extreme sea level data. 
This study employs four types of probability distribution, 
namely, generalized extreme value (GEV), generalized Pareto 
distribution (GEV), generalized logistic distribution (GLO), 
and generalized normal distribution (GNO). Table 1 presents 
the probability density function for each distribution.  

 
Table 1: Probability density function for each 

probability distribution 
No. Distribution Probability density function 
1. GEV ݂(ݔ) = −1)−]݌ݔଵ݁ିߙ ݕ(ߢ

− exp	(−ݕ)] 
where,  ݕ = ݃݋ଵ݈ିߢ− ቂ1 − ఑(௫ି)

ఈ
ቃ,  κ ≠ 0 

where , α and κ are the location, scale 
and shape parameters, respectively. 

 
2. GPA ݂(ݔ) =  ଵ݁ି(ଵି௞)௬ିߙ

ݕ = − ଵ
௞
݃݋݈ ቄ1− ௞

ఈ
ݔ) − )ቅ, ݇ ≠ 0 

where , α and k are the location, scale 
and shape parameters, respectively. 

 
3. GLO 

(ݔ)݂ =
ଵ݁ି(ଵି௞)௬ିߙ

(1 + ݁ି௬)ଶ  

ݕ = − ଵ
௞
−1}݃݋݈ ௞

ఈ
ݔ) − )}, ݇ ≠ 0 

where , α and k are the location, scale 
and shape parameters, respectively. 

 
4. GNO 

(ݔ)݂ =
ߢ

(ଵߙ2
఑

)
݌ݔ݁ ቊ−ቆ

ݔ| − |
ߙ

ቇ
఑

ቋ 

where , α and k are the location, scale 
and shape parameters, respectively. 

Historical high tide data from 2004 
until 2017 

Flood frequency analysis using Annual 
Maximum Series (AMS) approach 

L-moment method approach for parameter 
estimating of GEV, GPA, GLO and GNO 

probability distributions 

Goodness of fit test using 
Komogorov-Smirvov test 

Return period of sea level data 
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2.3 Goodness-of-fit tests 
 
In this study the Kolmogorov-Smirnov (KS) Goodness-of-fit 
tests can be used to establish whether two samples belong to 
the same population or whether the probability distribution of 
a data belongs to a specific theoretical distribution. The 
goodness-of-fit tests based on empirical density function are 
used to measure the distance between the empirical and 
theoretical cumulative density functions [25], tests are used to 
test the goodness-of-fit. The KS test statistics is expressed as: 

ܦ = (ݔ)ܨ|௫ݔܽ݉ −  (1)    |(ݔ)௡ܨ
  
If ܦ ≤  ଵିఈis the critical value at a significantܦ ଵିఈ, whereܦ
 then the sample has the same distribution as the tested  ,ߙ
theoretical distribution. (ݔ)ܨ is the cumulative distribution 
function of the theoretical distribution and (௡ݔ)ܨ  is the 
empirical distribution function. 
 
2.4 Return period 
 
Return period refers to the average number of trials (typically 
in years) to the first occurrence of an event with a magnitude 
greater than a predefined critical event [26]. Return period can 
be expressed as: 

௫ܶ = ଵ
௉ೣ

            (2) 

௫ܨ = 1 − ଵ
்ೣ

          (3) 
Where ௫ܶ  corresponds to years of return period of such a 
design high sea level and ௫ܲ  is an exceedance probability, 
where ௫ܲ = ܲ(ܺ ≥ ≤ of occurrence of the event  (்ݔ ்ݔ  . 
While ܨ௫ is the cumulative probability distribution function 
[27]. 
 

The return values were calculated using probability 
parameters. In order to calculate the return period of the sea 
level data, the inverse cumulative distribution function 
(quartile function) need to be derived from the probability 
density function. The following table in Table 2 presents 
quartile function for each distribution.  

 
Table 2: Quantile function for each distribution. 

No. Distribution Quantile function 
1. GEV (ܨ)ݔ =  + ఈ

఑
{1−      ,{఑(ܨ݃݋݈−)

κ ≠ 0 
2. GPA (ܨ)ݔ =  + ఈ

௞
{1− (1− ݇  ,{௞(ܨ ≠ 0 

3. GLO (ܨ)ݔ =  + ఈ
௞

{1− {(1− ݇  ,{௞{ܨ/(ܨ ≠ 0 
4. GNO (ܨ)ݔhas no explicit analytical form. 
 
3. RESULT AND DISCUSSION 
 
An attempt has been made to estimate the annual maximum 
sea level at Port Klang (PelabuhanKlang) tide gauge station 
by using four distributions. This tide station is located in the 
States of Selangor along the Straits of Malacca. The data for 
the station is plotted in Figure 2 and they show the time series 
plot for high tide at the Port Klang tide station. The series of 
annual maximum sea level is derived from the daily tide data 
for the period between 2004 and 2017. The highest daily 

annual maximum series (AMS) for sea level is 5.7 m at Port 
Klang. 

 
Figure 2: Time series plot of annual maximum sea level for 

Port Klang. 
 

Table 3: L-moment statistics for maximum sea level at Port 
Klang tide gauge station. 

L-location L-scale L-skewness L-kurtosis L-CV 
5.454 0.061 0.109 0.258 0.011 

 
The summary statistics for annual maximum sea level data is 
presented in Table 3. It can be seen that the mean for annual 
maximum sea level for the Port Klang station 5.454 m. Port 
Klang generally experiences more high tide throughout the 14 
years. The standard deviation is low, indicating that the data 
points are quite close to the mean value. This is supported by 
the coefficient of variation value, where the values do not 
exceed 1.3% of the ratio between mean and standard 
deviation. The positive value of the parameter of skewness 
indicates that the distributions for Port Klang (0.109) are 
skewed to the right. The L-kurtosis, which measures the peak 
of distribution, is 0.258 for Port Klang. 

 
Table 4: Parameter estimation using L-moment 

method for the four probability distributions for each tide 
station 

Distribution Parameter 
Port Klang 

GEV  ߙ ,5.407= = ߢ ,0.095 = 0.098 
GPA  = ߙ ,5.295 ߢ ,0.255 = = 0.608 
GLO  ߙ ,5.443 = = ߢ ,0.059 = -0.109 
GNO  ߙ ,5.442 = ߢ ,0.105 = = -0.223 

 
In the present study, the fitness of the selected distributions 
(GEV, GPA, GLO, and GNO) was evaluated using 
goodness-of-fit test (Kolmogorov-Smirnov test). The 
parameters for the four probability distributions are computed 
using the L-moment method. The results are presented in 
Tables 4. 

 
Table 5: Result of Kolmogorov-Smirnov goodness of fit test 

for high tide at Port Klang. 
Distribution Kolmogorov 

Smirnov 
p-value 

GEV 0.181 0.246 
PE3 0.186 0.209 
GLO 0.178 0.264 
GNO 0.182 0.238 
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The goodness-of-fit test results can be used to make a better 
decision regarding the best fit model for Port Klang station. 
The null hypothesis H0 for the goodness-of-fit test assumes 
that the data follow a specific distribution. Hence, if the 
P-value is greater than 0.05 at a significance level, the H0 
statement can be rejected.  Table 5 shows that GEV 
distribution fits the data for Port Klang well with the 
Kolmogorov-Smirnov test giving a P-value of 0.246.  

 
Table 6: Estimated return periods based on GEV distribution 

for Port Klang. 
Return period (Year) Return value (m) 

1 5.515 
5 5.605 

10 5.660 
20 5.709 
30 5.735 
40 5.753 
50 5.767 
60 5.778 
70 5.787 
80 5.795 
90 5.801 
100 5.807 

 
 

 

 
Figure 3: Plot of return period for Port Klang according to 

GEV distribution for the maximum sea level data. 
 
Table 6 shows the estimated return periods for maximum sea 
level at Port Klang obtained via GEV distribution. The 
calculation of return values for each tide stations was carried 
out using the quantile function given in Table 2. GEV 
distributionwas used to construct the return period plot for 
Port Klang(Figure 3).  

 
Port Klang is situated on the west coast of Peninsular 
Malaysia and about 40 km distance from Kuala Lumpur. It 
also plays an important role in economic development with a 
great commercial and industrial hub. Port Klang also become 
one of the busiest ports in the world and served as major 
commercial ports which are Northport, Southport, and 
Westport. [28]. Besides, Port Klang is the area for activities 
such as fisheries, transportation, navigation, and tourism [29]. 

 

From the year 2004 until 2017, Port Klang experienced 
frequent high sea levels with reading from 5.3 m to 5.7 m. As 
a result of this data sea level, the return period of 1-year will 
estimate the return value of 5.52 m, while the return period of 
100-year will estimate the return value of 5.81 m. Since the 
Port Klang frequently experience coastal flooding, the high 
return value is good enough to give prevention and warning to 
people around the Port Klang areas. Besides that, coastal 
infrastructure management, flood risk and also federal flood 
insurance also depend on the estimation of the flood return 
period.[30] 

 
Human factors can also contribute to coastal flooding, such as 
land reclamation, and development infrastructure that does 
not follow the right specification [18]. While physical factors 
such as sedimentation, erosion, heavy rainfall, storm surge, 
and astronomical tides, especially during high spring tide, can 
cause flooding to become worse [31]. When the number of 
victims was small and flood losses were minor, governments 
could deal with flood aid and recovery effectively. But 
today’s flood disasters are more severe, with many more 
victims and much greater financial losses, and government aid 
is less effective [32]. 

 
A decision support system for flood management can give 
better output to decision-makers for manages the flooding. 
Prevention, mitigation, and preparedness for flood disasters 
should work forward to reduce the risk of life, property, social 
and economic activities and natural resources from natural 
hazards. Social support also an important asset as it helps to 
enhance the preservation or recovery of other valued 
resources from a disaster [33]. 

 
4. CONCLUSION 
 
This paper has presented the return period estimation of 
annual maximum sea level in order to better understand the 
high tide phenomenon in Malaysia. The value for high tide 
was taken from the daily data recorded at the Port Klang 
(PelabuhanKlang) for the period from 2004 to 2017.   

 
The following conclusions are drawn based on the findings of 
the study. Four probability distribution functions, GEV, GPA, 
GLO, and GNO, were used in this study. The parameters for 
each probability distribution functions were estimated using 
the L-moment method. The selection of suitable distribution 
was based on the results of the Kolmogorov-Smirnov (KS) 
goodness-of-fit test. The results of the KS tests showed that 
GEV is the most appropriate distribution for Port Klang 
station. The return period plots for Port Klang station were 
generated using GEV distribution. 

 
The results obtained from this study show that the 100-year 
return period on Port Klang is 5.81m, based on annual 
maximum series high tide data. From the return period, it can 
help the government to provide decision support system such 
as flood early warning system to the authorities, and flood 
preparedness can be improved. Otherwise, the infrastructures, 
house and building, and the marine ecosystem such as algae, 
mangrove, and coral reefs also can be destroyed as a result of 
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coastal flooding and consequent from this it can affect the 
fisheries, tourism industry and also economic development. 
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