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The application of flood frequency analysis is essential for understanding and managing the
risks associated with extreme water level events. This study examines the Pahang River
basin, specifically focusing on water levels at Sungai Pahang (Temerloh) and Sungai Lipis
(Benta). Probability distributions and return period concepts are applied to assess flood
occurrences. The study has two main objectives: first, to determine the most suitable
probability distribution for modeling flood events among the Generalized Extreme Value
(GEV), Generalized Logistic (GLO), and Generalized Pareto (GPA) distributions, using
both L-moments and TL-moments for parameter estimation; and second, to estimate
expected water levels for return periods of 2, 5, 10, 50, and 100 years using the identified
best-fit distributions. The study employs the Mean Absolute Deviation Index (MADI) and
Ratio Diagram tools to evaluate distribution performance to achieve these objectives. The
results indicate that the GLO distribution, estimated using TL-moments (1;0), provides
the best fit for the water level data. The findings suggest that water levels in Sungai
Pahang and Sungai Lipis will likely exceed the critical danger thresholds of 33 meters and
75 meters within the next 5 and 10 years, respectively, highlighting the need for proactive
flood management strategies.

Keywords: flood frequency analysis; L-moments; TL-moments; generalized logistic dis-
tribution; return period; Pahang river basin.
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1. Introduction

Malaysia is a tropical climate country that experiences heavy rainfall during monsoon seasons, particu-
larly between April and September (Southwest Monsoon) and between October and March (Northeast
Monsoon). As a result, flooding is a recurring problem in some areas of Malaysia, particularly in the
East Coast states of Kelantan, Terengganu, and Pahang, as well as in parts of Sabah and Sarawak.
Because of their terrain, which includes large river basins and flood-prone shorelines, these areas are
prone to floods. While flooding in Malaysia can be attributed to natural factors such as heavy rainfall,
drastic increase in river flows, and topography [1], human activities have also contributed to the fre-
quency and intensity of floods. Deforestation due to logging and land clearance can reduce the forested
region‘s ability to absorb and store rainfall, resulting in increased runoff and flooding downstream. Ad-
ditionally, inappropriate land use practices such as construction in flood-prone areas can exacerbate
the impact of floods, resulting in increased property damage and loss of life [2-5]. The consequences of
floods can be devastating for both people and the environment. Floods can cause casualties, property
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destruction, and economic turmoil [6]. To mitigate the impact of floods, it is crucial to have accurate
and dependable flood frequency analyses that estimate the likelihood of floods of various magnitudes
and frequencies [7-9).

Recently, considerable literature has emerged, focusing on extreme value theory, particularly em-
phasizing the application and performance of various statistical methods in analyzing extreme events.
Among these, TL moments have rapidly become a key instrument in enhancing the precision and
robustness of parameter estimation for extreme value distributions. It is now well established from
a variety of studies that TL moment estimation provides valuable insights into the tail behavior of
distributions, offering a more nuanced understanding of extreme event modeling. This approach has
proven effective in addressing challenges associated with traditional methods, especially in complex
scenarios where conventional techniques may fall short. It has been noted that the Generalized Ex-
treme Value (GEV) distribution, which encompasses a wide range of extreme value behaviors, often
benefits from advanced estimation techniques to accurately capture the tail characteristics. Recent
advancements have demonstrated that TL moments can significantly improve the estimation process
by offering enhanced robustness and accuracy [8,10].

Similarly, recent studies have established that the Generalized Logistic (GLO) distribution, known
for its versatility in modelling extreme values [11], also stands to gain from incorporating TL moment
estimation [12|. The integration of TL moments in GLO distributions can lead to more reliable and
precise parameter estimates, particularly in contexts where traditional methods may struggle with
data irregularities or outliers. Although studies have recognized the potential of GEV and GLO
distributions, there has been little discussion about the application and advantages of TL moment
estimation in these contexts. Addressing this gap, our research aims to explore how TL moments can
be effectively employed to refine the estimation of parameters for both GEV and GLO distributions,
thereby advancing the field of extreme value analysis [13-19].

This study aims to contribute to the understanding of flood frequency in Pahang by focusing on two
river stations, Sungai Pahang in Temerloh and Sungai Lipis in Benta, which have not been thoroughly
investigated in terms of flood frequency analysis. By utilizing daily water level data and comparing
different distribution functions, the study aims to provide a more comprehensive understanding of
flood frequency, particularly in catastrophic flood occurrences. There are two specific objectives for
this study. First, to identify the best probability distribution among generalized extreme value (GEV),
generalized logistic (GLO), and generalized pareto (GPA), using L-moment, and TL-moment parameter
estimation methods for daily water level data for the two river stations. Secondly, to evaluate the
expected water level based on the concept of return period using the distributions identified as the
best fit. To achieve these objectives, secondary data of water level for both river stations, spanning the
period from 1965 to 2009 was obtained from the Department of Irrigation and Drainage Malaysia. R
programming software will be used to estimate the parameter values of the probability distribution, and
the concept of return period will be applied to evaluate the expected water level using the identified best
fit distributions for both stations. Overall, this study aims to contribute to the existing literature on
flood frequency analysis in Pahang and inform future flood mitigation efforts in the area. By providing
a more comprehensive understanding of flood patterns and risks, this study has the potential to improve
flood risk management and reduce the impact of floods on communities and the environment.

2. Methodology

Parameter estimations were done to the water level data of the two river stations using L-moment
and TL-moment (1,2,3,4;0) parameter estimation methods for three probability distributions of in-
terest which are the GEV, GLO, and GPA. These distributions will then be tested using the Kol-
mogorov—Smirnov (KS) test to determine whether they fit the data well. To select the best-fitting
distribution for the river station data, MADI and ratio diagram were done. Evaluation was also done
where the datasets are first partitioned into two sets: training and testing. These partitions under-
went the same parameter estimation procedure, and all distributions were compared using MADI. The
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distribution with the lowest MADI for the testing set was considered as the best-fit distribution for
the dataset of water level for the two river stations. Once the best distribution was determined, future
water level values for the next 2, 5, 10, 50, and 100 years were evaluated using the concept of return
period.

2.1. Probability distributions

According to [20], frequency analysis is the evaluation of how frequent a specific occurrence will occur.
Flood estimation over long time periods can often be necessary in engineering and structural design.
However, one of the primary issues is the selection of an appropriate probability model, as there are
no unambiguous opinions on which distribution should be applied to frequency analysis [21]. In this
study, three probability distributions are used to analyse the data. Understanding the probability
distribution allows for evaluating flood occurrence.

Generalized extreme value (GEV). Generalized extreme value (GEV) is commonly used in
fields dealing with extreme values such as air pollution, operational risk management, finance, eco-
nomics, hydrology and many others [22]. The three parameters in the distribution are location (§),
scale («), and shape (k). Meanwhile, x refers to the water level in metres (m) for both river stations.
The probability distribution function (pdf) and cumulative distribution function (cdf) as proposed
by [23] are given by Equations (1) and (2)

fla) = = [1—k(””_fﬂi_le—[l—k(”f)]’i, (1)

F(z) = e 1FCEEF (2)

According to [24], the sign for parameter k determines the range of variable x. Variable  can have
a range of § + 7 < z < oo when parameter k is negative, which is ideal for flood frequency analysis.
From the cdf, the inverse function or quantile function z(F’) for GEV is given by Equation (3),

az(F):é—l—%[l—(l—lnF)k . (3)

Generalized logistic (GLO). The generalized logistic (GLO) distribution is a versatile probability
distribution that can take on a variety of shapes, including symmetric, skewed, and heavy-tailed
distributions. The three parameters that define this distribution are location (£), scale («), and shape
(k). Meanwhile, x refers to the water level in metres (m) for both river stations. The pdf and cdf as
proposed by [23] are as shown in Equations (4) and (5),

G | Y T
(=9 g

Similar to GEV, the range of z for the generalized logistic distribution depends on the shape
parameter, k [24]. It has a range of —oo < x < £+ % when k > 0, and —oo < x < 0o when k = 0.
Furthermore, the range of x can be { + 7 < x < oo when k < 0. The author also added that the
distribution is considered as the logistic distribution when the shape parameter, k¥ = 0. From the cdf,
equation (6) is the inverse function or quantile function, x(F') for GLO,

k
1 <[1 - F ]>
F
Generalized Pareto (GPA). Another distribution used in modelling extreme values is the gen-
eralized pareto (GPA) [23]. Like GEV and GLO, this distribution also has three parameters which

are location (&), scale («), and shape (k). Meanwhile, z refers to the water level in metres (m) for
both river stations. Based on [24] there are two special cases for this distribution. It is considered as

F(x) =

2(F) =€+ (6)
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an exponential distribution when £ = 0 and when k& = 1, this distribution is the uniform distribution
having the interval £ < 2 < £ + a. The probability distribution function (pdf) for GPA is given by
equation (7) and equation (8),

f(x)zé[l—k:"fr_l, ")
F(x):1—[1—kx;5r. (8)

The range of z, similar to the previous distributions are dependent on the shape parameter, k. The
range of 7 is { < < {+ ¢ for k > 0 and § <z < oo for £ < 0. From the cdf, equation (9) is the
inverse function or quantile function, z(F') for GPA,

$(F)=g+%[1_(1_p)’f}. 9)

2.2. Parameter estimations

Many approaches have been utilized by researchers in Flood Frequency Analysis studies to fit chosen
statistical distributions to flood series data. L-moment introduced by [24] has been widely utilized
in hydrology, meteorology, and other areas to analyse extreme events, especially when traditional
moments may not be suitable or useful. Reference [25] has proposed an alternative version of the
L-moment known as the Trimmed L-moment (TL-moment).

L-moment. L-moment is a statistical measurement used to estimate probability distribution
characteristics. It was introduced as an alternative to the traditional method of utilising raw data.
According to [24], L-moment estimates distribution parameters using linear combinations of order of
statistics which provides reliability and efficiency, especially for heavy-tailed distributions. L-moment
has been used in various fields such as hydrology, quality control, engineering, and meteorology [25].
L-moment has arisen from the modification of probability weighted moments (PWM). The theory of
PWM has been summarized and defined in Equation (10),

1
Br = / x(F) F" dF, (10)
0
where B, is the r* order of PWM, F(z) is the CDF for z, x(F) is the inverse of cdf of z, and
r=20,1,2,... is a non-negative integer. L-moment defined in equation (11) and equation (12),
T
)‘T-i-l :ZPT,k/Bku k:0,1,2,...,7", (11)
k=0

where

x _ (_1\r—k r r+k .
pre = (—1) <k>< & >, r=0,1,2,.... (12)

The first L-moment, Ay is defined as the mean of the distribution and the second L-moment, A5 is the
dispersion or the measure of scale. Meanwhile, the third, A3 and fourth, Ay L-moment are the skewness
and kurtosis respectively. From the L-moment, the first four are listed in Equation (13),

)‘1 = 507
Ao =261 — Bo,
2 =201 —0Bo (13)
Az =682 — 681 + So,
Aq = 2083 — 3082 + 1251 — fo.
These formulations can be further simplified using expected values of order statistics. Let
X1, Xo,..., X, be a conceptual random sample of size r with quantile function, Q(F) = X (F) from a
continuous distribution, and X7., < Xo., < ... < X, denote the corresponding order statistics.
The rh L-moment defined in Equation (14),
13 r—1
A= ;(—1%( . )E[Xr_k;r], r=1,2,..., (14)
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where r refers to the order of the L-moment while F[X, _g..| refers to the expected values of the
r — k order statistics of a sample size r. Based on [20], the expectation of an order statistics is below
equation (15),
7!
(i —D)I(r —1i)!
This leads to the L-moment probability distribution to become as in equation (16),
A1 = B[X1.],

1
Ao = §E[X2:2 — X1.2],

1
E[Xi,] = /0 z(F)F=1(1 - F)r~dF. (15)

1 (16)
A3 = gE[X&?, —2X9.3 + X1:3],

1
)\2 = ZE[X4:4 — 3X3:4 + 3X2:4 - X114]‘

L-moment ratio 7, 73 and 74 are the Coefficient of L-variation (L-CV), L-Skewness and L-Kurtosis
respectively are calculated as follows equation (17),

A2 A3 M
/\—1, T3 = )\—2, T4 = )\—3

The sample L-moment can be written in (18),

Loy = Z(—l)"“(?;) <T—|Z,_Z>b,-, r=0,1,2,...,n— 1, (18)

=0
where b refers to the unbiased estimator for . And the first four sample L-moment estimates are
below equation (19),

(17)

T9 =

l1 = bo,

lo = 2by — by,

I3 = 6by — 6b1 + by,

l4 = 20b3 — 30by + 12b7 — by.

In summary, the parameter estimation using L-moment for each distribution are as in Table 1.

(19)

Table 1. Parameter settings of the methods.

Distribution Parameter estimation

5:[1+%[1—F(1+k)]
ok

GEV = MEha-TH

k = 785890c + 2.9554¢2, where ¢ =

5 = ll - al%__ sinﬁkﬂ}
GLO o = 2S];I7]1—kﬂ-
k: —T3
E=0L—102+k)
GPA a = bo[(k+1)(k +2)]

—2 J—
34713 In3

TL-moment. Due to L-moment being sensitive to outliers, where extreme values in the data affect
it, particularly L-moment L3 and L4, which are used to evaluate skewness and kurtosis. Reference [25]
has proposed an alternative version of the L-moment known as the Trimmed L-moment (TL-moment).
In TL-moment the E[X, _g.,] is replaced by E[X, 1 —kw+t,+t,) for each r, where t; is the smallest trim
and t is the largest trim of the data. They have defined r;h TL-moment as in Equation (20),
A(it2) = 1Tzl(—l)’f( N 1>E[X l, r=1,2 (20)
r . rart k r+t1—kir+ti+ta s — sy
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In TL-moment the E[X, _g.,] is replaced by E[X, 1, —kw+t,+t,) for each r, where t; is the smallest trim

and t is the largest trim of the data. They have defined ry, TL-moment as in Equation (21),
r—1

. 1 r—1
A%@:;z}4%<k>EmﬂwM%ﬁd,r:Lzm. (21)
k=0

Meanwhile, the TL-CV, Tz(tl’o) TL-Skewness, T?Etl’o) and TL-Kurtosis, T4t1’0) are calculated as in (22),

t1;0 t1;0 t1;0
oAy A "

t1;0 t1;0 t1;0) "

)\gl ) )\gl ) )\él )

The sample TL-moment is given in Equation (23),

e B o

7”(r+t1+0) i=t1+1 k=0

Hence, the first four sample TL-moment (¢1,0) can be acquire as in equation (24),

o) _ 1§~ g~ (i1
I z(n)zz(h

1+t1/ i=t1+1 k=0 )
1N/ i-1 \[(n—i
SR R Y S O BRI [ B
(1+t1)z =t1+1 k=0 ZAN R 0 04
(02:0) 1 & 2N/ i-1 \(n—i 2y
AR
3(2+t1) i=t1+1 k=0 B2+t =k 0

i— 1 n—i
(1= ) G (o )xen
(3+t1 Z;”;) 3+t —k 0 :

For this study, TL-moment (¢; = 1,2,3,4; to = 0) were used. The step for parameter estimation
is the same for each TL-moment. By substituting the three distributions, GEV, GLO, and GPA
into Equation (27) 27 and Equation (28), the summary for parameter estimation using TL-moment
(1,2,3,4;0) can be seen in Table 2.

Table 2. Parameter settings of the methods.

Distribution Parameter estimation
t1;0 «
E= 804 g [1-T(L+0) G - )]
GEV . l(t1:0)
o= FIIan

k = 02816 — 2.88257{"% + 1.3744[r{"V]? — 0.8462[r{"1*)]?

5 = ll + l2k
GLO o 2l(2t1:0) sin k7w

km(k2—1)
k= gTétuO)
B 5

=l +1a(k+2)
GPA a=l[(k+1)(k+2)]
10457

Goodness of fit. Kolmogorov—Smirnov (KS) will be used in this study to determine whether the
two datasets of daily water levels from the two river stations follow the three-parameter distributions:
GEV, GLO, and GPA. The Kolmogorov—Smirnov test, developed by [26], is a non-parametric statistical
test used to determine whether a dataset follows a specific probability distribution. The null hypothesis,
Hy, for this test states that the dataset follows the specified probability distribution, whereas the
alternative hypothesis, Hi, suggests otherwise. The test statistic, denoted as Dy, is calculated as
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the largest absolute difference between the empirical cumulative distribution function (ECDF), Fy(x),
of the daily water level dataset from the two river stations and the cumulative distribution function
(CDF) of the hypothesized distribution, Fy(x), given in equation (25),

Dy = max |Fy(x) — Fo(x)|. (25)

This test is one of the tests frequently used in the hydrological fields with the intention to examine the
appropriateness of the distribution to the data. p-values associated with the test statistics, Dy were
used to be compared with a significance level chosen for this study, & = 0.05. The null hypothesis is
rejected if the p-values are less than the significance level, . The distribution does not fit the dataset
if the null hypothesis is rejected.

Comparison of probability distribution. The goal of Mean Absolute Deviation Index (MADI)
was to determine whether a particular distribution fits the data sufficiently well and to select the best
fit to the data from a set of candidate distributions [26]. MADI was calculated as in equation (26),

1 n

MADI = —
where n is the number of observations for the river station, z; is the observed water level value, while
Z; is the predicted wate level value for the dataset. A distribution is better fit the actual data as
compared to the other, when the value of MADI is smallest. One other method in determining the
best distribution that fit the actual data is by using L-moment Ratio Diagram (LMRD) and TL-
moment Ratio Diagram (TLMRD). These diagrams show which distributions are likely to provide an
accurate fit to a set of data samples. The distribution closest to the positions of the sample L-moment
and TL-moment ratios is considered the greatest fit to the actual data, while the distribution farthest
away is considered the least suitable to reflect the data.

Evaluation procedure. To help choose the best appropriate probability distribution, evaluation
by partitioning the datasets into two sets, training and testing of the two river stations were done. The
probability distributions are first trained using the training set and data from the testing set was used to
gather a better accuracy of the resulting distribution. Previous studies have shown that the best results
are obtained when using 70% to 30% of data for training and the remaining for testing [27-29]. For this
study, both datasets were partitioned into 70% training set and 30% testing set. After partitioning,
parameter estimations of the three probability distributions, GEV, GLO, and GPA using L-moment
and TL-moment (1,2, 3,4;0) were done to both training and testing set for the two river stations. The
criterion for selection is determined by comparing their respective error measures by utilizing MADI.
The best model is chosen when it has the least value of MADI.

Z’i—fi

: (26)

Z;

2.3. The concept of return period

Extreme flood values do not adhere to a predictable pattern in terms of time and magnitude. According
to [30], the definition of return period is the average length of time between floods events. Even
though probability is not mentioned in the definition of return period, there is some justification for
a correlation between the probability of occurrence of a flood event and its returning period. Return
period is the probability of a flood to occur with a magnitude Q7 that may exceed a specific magnitude

q, at least once for every T years. The probability of exceedance is given in equation (27),

1
PQr=>q) = T (27)
The cumulative probability of non-exceedance, F'(Qr) represents the cumulative probability of a
flood event with return period 7" not exceeding a specific magnitude g. This is denoted in equation (28),
1

F@r)=PQr<q=1-P@Qr=>q¢=1-, (28)
where (28) serves as the basis for estimating the magnitude of flood event, Qp with a return period
of T years. By substituting this equation into probability distribution function, the magnitude of
flood event, Qp can be solved. After the computation of parameters for the probability distribution,
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Table 3. Quantile estimates quantile estimates (z7) from equations (3), (6) and
for probability distribution. (9) that correspond to various return periods can be

Distributions Quantiles estimates evaluated. The F' in the quantile estimates, zr is

GEV €+ 21— (~log[l — )] substitute as 1 — 1 based on equation (28). The

GLO Py [1 —(T- 1)_;;} quantile estimates for the chosen probability distri-

GPA §+ L —T"ﬂ butions for this study which are GEV, GLO, and
k GPA in Table 3.

3. Findings and analysis
3.1. Descriptive statistics

Table 4. Quantile estimates for probability distribution.

Statistics Sungai Pahang, Temerloh | Sungai Lipis, Benta
Mean 25.5768 m 71.1770 m
Standard Deviation 1.2657 0.9156
Skewness 1.8358 0.3748
Kurtosis 9.2948 4.5756

Both river stations were having distribution that is heavier on the right tail as compared to the
left. This was further supported with the skewness values being 1.8358 and 0.3748, which indicated
that the data were positively skewed. In addition, the kurtosis values of 9.2948 and 4.5756 indicated
that the distributions have heavier tails and is more peaked than a normal distribution [31].

3.2. Parameter estimations

The parameters estimated for GEV, GLO, and GPA with their estimation methods are as shown in
Tables 5 and 6 below.

Table 5. Parameters estimated for Sungai Pahang, Temerloh.

Distributions and Estimation Methods | Location | Scale Shape
GEV L-moment 25.0036 | 0.8619 | -0.082
GLO L-moment 25.344 | 0.5962 | -0.2237
GPA L-moment 24.106 1.866 | 0.2688
GEV TL-moment (1;0) 25.01 0.831 | -0.1043
GLO TL-moment (1;0) 25.3487 | 0.6121 | -0.2068
GPA TL-moment (1;0) 24.3458 | 1.3681 | 0.0783
GEV TL-moment (2;0) 25.018 | 0.8154 | -0.1137
GLO TL-moment (2;0) 25.3451 | 0.6277 | -0.194
GPA TL-moment (2;0) 24.4659 | 1.1902 | 0.0094
GEV TL-moment (3;0) 25.0293 | 0.7997 | -0.1222
GLO TL-moment (3;0) 25.3403 | 0.6366 | -0.1877
GPA TL-moment (3;0) 24.5516 | 1.0867 | -0.0301
GEV TL-moment (4;0) 25.0415 | 0.786 | -0.1291
GLO TL-moment (4;0) 25.3362 | 0.6421 | -0.1843
GPA TL-moment (4;0) 24.617 | 1.0185 | -0.0559

The null hypotheses for all tests are defined as the distributions are fit for dataset of daily water
level for each river stations. It should be rejected if the p-value is less than the significance level, a of
0.05. From Table 6, for Sungai Pahang, it turned out that the Generalized Pareto (GPA) distribution
for both parameter estimation methods (L-moment and TL-moment (1,2,3,4;0)) were not suitable
for the Sungai Pahang, Temerloh dataset since they have p-values that are less than o = 0.05, which
means the rejection of null hypotheses occurred. Meanwhile, for Sungai Lipis, Benta, it was found
that the Generalized Pareto (GPA) with L-moment and TL-moment (1;0) were not fit for the data
since p-values are less than significance value, a = 0.05. These probability distributions should not

be used for further analysis. All other probability distributions have p-values that are greater than
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Table 6. Parameters Estimated for Sungai Lipis, Benta.

Distributions and Estimation Methods | Location | Scale Shape
GEV L-moment 70.8642 | 0.8891 | 0.2842
GLO L-moment 71.1772 | 0.5034 | 0.0003
GPA L-moment 69.6662 | 3.0231 | 1.001

GEV TL-moment (1;0) 70.8702 | 0.7973 | 0.1884
GLO TL-moment (1;0) 71.1791 | 0.5064 | 0.0062
GPA TL-moment (1;0) 70.1266 | 1.683 0.514

GEV TL-moment (2;0) 70.9195 | 0.6701 | 0.0809
GLO TL-moment (2;0) 71.182 | 0.4724 | -0.0391
GPA TL-moment (2;0) 70.4274 | 1.1114 | 0.2646
GEV TL-moment (3;0) 70.9761 | 0.5774 | 0.0067
GLO TL-moment (3;0) 71.1976 | 0.4364 | -0.0797
GPA TL-moment (3;0) 70.6158 | 0.8412 | 0.1279
GEV TL-moment (4;0) 71.0197 | 0.5221 | -0.037
GLO TL-moment (4;0) 71.2135 | 0.4124 | -0.1046
GPA TL-moment (4;0) 70.7305 | 0.7061 | 0.0525

Table 7. P-Values for Kolmogorov—Smirnov.

Distributions and estimation Methods | Sungai Pahang, Temerloh | Sungai Lipis, Benta
GEV L-moment 0.139 0.133
GLO L-moment 0.139 0.139
GPA L-moment 0.009 0.009
GEV TL-moment (1;0) 0.139 0.136
GLO TL-moment (1;0) 0.139 0.139
GPA TL-moment (1;0) 0.015 0.022
GEV TL-moment (2;0) 0.139 0.139
GLO TL-moment (2;0) 0.139 0.139
GPA TL-moment (2;0) 0.022 0.052
GEV TL-moment (3;0) 0.139 0.139
GLO TL-moment (3;0) 0.139 0.139
GPA TL-moment (3;0) 0.033 0.082
GEV TL-moment (4;0) 0.139 0.139
GLO TL-moment (4;0) 0.139 0.139
GPA TL-moment (4;0) 0.045 0.104

the significance value, o which means that there is enough evidence to conclude that the probability
distributions fit the data well.

Table 8 displays the MADI for the probability distributions of Sungai Pahang and Sungai Lipis.
The distribution with the smallest MADI is chosen as the best distribution for each river station. For
Sungai Pahang at Temerloh, the GEV with TL-moment (1,0) was found to have the smallest MADI,
while for Sungai Lipis at Benta, the GLO with TL-moment (1,0) had the smallest MADI, making it
the best distribution. This finding is consistent with that of |7,32,33|, who discovered that GEV and
GLO were appropriate probability distributions for understanding extreme flood events. From Table 8,
it is evident that different TL-moment models fit well at different locations. For example, at the Sungai
Pahang station, TL-moment (1,0) handles extremes more robustly, while TL-moments (2,0), (3,0),
and (4,0) better capture the bulk of the distribution. These results suggest that the variation in the
performance of TL-moment models across locations arises from the distinct hydrological and statistical
characteristics of each station. Additionally, TL-moment models, which emphasize specific parts of the
distribution, are sensitive to factors such as variability, extremes, and skewness. Locations with differing
flood regimes, influenced by factors such as climate, topography and catchment characteristics, may
exhibit varying levels of outliers or extreme events.

From the Figure 1, it can be said that by using L-moment, Sungai Pahang is better described with
GEV distribution when using L-moment method as it has a point the is closer to the GEV distribution
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Table 8. MADI for probability distributions of Sungai Pahang, Temerloh and Sungai Lipis, Benta.

Distributions and Estimation Methods | Training Data | Testing Data
GEV L-moment 0.001353 0.001223
GLO L-moment 0.001364 0.000984
GPA L-moment 0.005599 0.002477
GEV TL-moment (1;0) 0.001278 0.001498
GLO TL-moment (1;0) 0.001392 0.000979
GPA TL-moment (1;0) 0.004262 0.002571
GEV TL-moment (2;0) 0.001435 0.001945
GLO TL-moment (2;0) 0.001543 0.001162
GPA TL-moment (2;0) 0.004656 0.002949
GEV TL-moment (3;0) 0.001703 0.002327
GLO TL-moment (3;0) 0.001754 0.001518
GPA TL-moment (3;0) 0.005241 0.003281
GEV TL-moment (4;0) 0.001986 0.002625
GLO TL-moment (4;0) 0.001956 0.001795
GPA TL-moment (4;0) 0.005829 0.003571
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Fig.1. L-moment and TL-moment ratio diagram.

line as compared to the other two distributions. Meanwhile, the better fit for Sungai Lipis is the GLO
distribution as seen in this diagram. This is further supported by the previous MADI where among the
L-moment method, Sungai Pahang has GEV as the lowest MADI while Sungai Lipis has GLO as the
lowest MADI. Meanwhile for TL-moment, the five points scattered near the GLO distribution line are
the TL-moment (1,2,3,4;0) for Sungai Lipis and TL-moment (4;0) for Sungai Pahang. This means
that, for these five methods, GLO is more fit for the data. Meanwhile the remaining three methods
are scattered near the GEV distribution line. Both datasets were partitioned into 70% training set and
30% testing set from a total of 13380 water level data for Sungai Pahang, Temerloh and 13 882 water
level data for Sungai Lipis, Benta. After partitioning, parameter estimations of the three probability
distributions, GEV, GLO, and GPA using L-moment and TL-moment (1,2, 3,4;0) were done to both
training and testing set for the two river stations. The criterion for selection is determined by comparing
their respective error measures by utilizing MADI which can be seen in Table 9 for Sungai Pahang,
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Temerloh and Table 10 for Sungai Lipis, Benta. The best model is chosen when it has the least value
of MADI. GEV TL-moment (1;0) appeared to be the best distribution for Sungai Pahang, Temerloh
since it has the smallest value of MADI as compared to other distributions for both training and testing
set. Hence, it can be said that GEV is the best fit for the daily water level data of Sungai Pahang,
Temerloh river station since it is aligned with the result from the actual data.

Table 9. MADI for Probability Distributions of Sungai Pahang, Temerloh.

Distributions and Estimation Methods | Training Data | Testing Data
GEV L-moment 0.001332 0.01913
GLO L-moment 0.001773 0.01884
GPA L-moment 0.005338 0.02028
GEV TL-moment (1;0) 0.001178 0.01717
GLO TL-moment (1;0) 0.001748 0.01850
GPA TL-moment (1;0) 0.004027 0.02094
GEV TL-moment (2;0) 0.001197 0.01722
GLO TL-moment (2;0) 0.001893 0.01796
GPA TL-moment (2;0) 0.004321 0.02179
GEV TL-moment (3;0) 0.001271 0.01959
GLO TL-moment (3;0) 0.002289 0.01755
GPA TL-moment (3;0) 0.004782 0.02265
GEV TL-moment (4;0) 0.001407 0.01978
GLO TL-moment (4;0) 0.002688 0.01942
GPA TL-moment (4;0) 0.005260 0.02341

Table 10. MADI for Probability Distributions of Sungai Lipis, Benta.

Distributions and Estimation Methods | Training Data | Testing Data
GEV L-moment 0.0009146 0.01721
GLO L-moment 0.0004840 0.01715
GPA L-moment 0.0019094 0.01735
GEV TL-moment (1;0) 0.0006841 0.01745
GLO TL-moment (1;0) 0.0004536 0.01727
GPA TL-moment (1;0) 0.0012855 0.01776
GEV TL-moment (2;0) 0.0006779 0.01763
GLO TL-moment (2;0) 0.0004619 0.01731
GPA TL-moment (2;0) 0.0012687 0.01808
GEV TL-moment (3;0) 0.0007042 0.01771
GLO TL-moment (3;0) 0.0004518 0.01725
GPA TL-moment (3;0) 0.0013544 0.01829
GEV TL-moment (4;0) 0.0007286 0.01775
GLO TL-moment (4;0) 0.0004484 0.01714
GPA TL-moment (4;0) 0.0014703 0.01845

Meanwhile, based on Table 10, Sungai Lipis station has GLO with TL-moment (4;0) as the best
distribution that best fit the daily water level data. However, for further analysis, for Sungai Lipis
station GLO with TL-moment (1;0) will be used since based on the TL-moment Ratio Diagram, it is
closer to the GLO distribution line as compared to TL-moment (4;0).

Table 11. Quantile estimates for best fit probability distribution.

Station and distribution Quantile estimates
(Sg Pahang) GEV [TL-moment(1;0)] | 25.0100 + %550-[1 — (—log[l — 7555]) 0 1%
(Sg Lipis) GLO [TL-moment(1;0)] 71.1791 4 325021 — ([T2365] — 1) ~-0067]
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The return period for 2, 5, 10, 50, and

Table 12. Return period for the river stations. 100 years of Sungai Pahang, Temerloh and

Years | Sungai Pahang, Temerloh | Sungai Lipis, Benta Sungai Lipis, Benta can be seen in Table 12.
g giiigg nggii These values represent the water levels (m)
10 35'7864 75.2289 that are expected to be exceeded, on average,
50 39-2126 75'9997 once in the specified return period. For Sun-
100 40:8748 76:3293 gal Pahang, Temerloh, it can be said that on

average, the water level in Sungai Pahang,
Temerloh is expected to exceed 32.8890m, 34.4789m, 35.7864 m, 39.2126 m, and 40.8747 m approxi-
mately at least once for every 2, 5, 10, 50, and 100 years respectively. Meanwhile, for Sungai Lipis,
Benta, the water level is expected to exceed 74.4498 m, 74.8944 m, 75.2289 m, 75.9997 m, and 76.3293 m
at least once for every 2, 5, 10, 50, and 100 years respectively. The danger water level for Sungai Pa-
hang, Temerloh and Sungai Lipis, Benta are at 33 m and 75 m respectively. it can be said that the water
level is expected to exceed 33 meters for return periods of 5 years, 10 years, 50 years, and 100 years for
Sungai Pahang, Temerloh. In other words, the probability of a flood with a water level greater than
33 m increases with longer return periods. Meanwhile, the water level is expected to exceed 75m for
return periods of 10 years, 50 years and 100 years for Sungai Lipis, Benta.

4. Conclusion

This study sought to identify the most suitable probability distributions for predicting extreme water
levels at the Sungai Pahang, Temerloh, and Sungai Lipis Benta river stations, using advanced methods
such as L-moment and TL-moment. We specifically examined the generalized extreme value (GEV),
generalized logistic (GLO), and generalized Pareto (GPA) distributions. Our analysis, guided by
Mean Absolute Deviation Index (MADI) and ratio diagrams, identified the GEV TL-moment (1;0)
distribution as the most accurate for Sungai Pahang and Temerloh, while the GLO TL-moment (1;0)
distribution was best suited for Sungai Lipis and Benta. These findings provide a robust framework
for future water level predictions across various return periods (2, 5, 10, 50, 100 years). The results
indicate that extreme water levels are likely to exceed danger thresholds for various return periods,
underscoring the importance of selecting appropriate distribution models to safeguard communities
near these river stations. However, the study’s applicability to other regions may be limited by local
hydrological and environmental factors. Future research should focus on refining these models with
updated data beyond 2009, taking into account the effects of urbanization and climate change on river
behavior.

Additionally, while the study provides valuable insights for flood frequency analysis, it is crucial to
address the limitations of the current data set, including potential gaps and biases that may affect the
results. Enhanced data quality and availability will be essential for more accurate and reliable predic-
tions. The findings also highlight the need for integrating flood frequency analysis with socio-economic
factors, urban planning, and engineering design to develop comprehensive flood risk management
strategies. To ensure the relevance and effectiveness of flood risk management, it is recommended that
a dynamic framework for continuous monitoring and updating be implemented. This should involve
regular re-evaluation of models using new data and incorporating feedback from stakeholders to adapt
to evolving flood risks. By fostering collaboration between researchers, policymakers, and engineers, we
can enhance our ability to mitigate flood risks and promote environmental sustainability. The study’s
contributions pave the way for more adaptive and resilient flood management practices, benefiting
communities and infrastructure both locally and globally.
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AHani3 4acToTu noBeHel 3a piBHEM BOAM i3 3aCTOCYBaHHSIM MNigXOAiB
L-momeHTiB Ta TL-MomMeHTiB Ha pidykoBux craHuisx y lNaxaHry

Ap6a @. A. H.', Azaxap A. A.', Mapcani M. ®.!, Kacixmymngin M. C. M.!, Comerexpam B.1,
Mancop M. A2, du H. A. M.3, JIxxamamynin C. 3. M.!

ITkona mamemamuvnux nayk, Ywisepcumem nayxu Manatisii,
11800 USM, Ilenane, Manratizin
2 IIxona ducmanyitinoi oceimu, Ynieepcumem wayxu Manatiaii,
11800 USM, Ilenane, Manratizin
3Kagedpa pisuxo-mamemamuurur nayx, Paxysvmem npupooHuiur Hayx,
Vuieepcumem Tynxy A6dys Paxman,
Kamnap Kamnyc, 31900 Kamnap, Ilepar, Manratisia

3acTocyBaHHs aHAJI3Y YACTOTH IOBEHEH Ma€ BayKJINBe 3HAYCHHS JIJIsT PO3YyMIHHS Ta yIIPaB-
JIIHHSI PU3UKAMU, [TOB’SI3aHUMU 3 €KCTPEMAJHLHUMU PIBHAME BOJU. ¥ IIbOMY JIOCTIiPKEHHI
posrisiiaeTbes baceiin piku [Taxanr, ocobIuBO 30cepe/zKy0OUnCch Ha piBHAX Bojau B CyH-
raii ITaxanr (Temepsiox) i Cynrait Jlinic (Benra). st oniHKM BUIaIKIB NOBEHel 3acTo-
COBYIOTHCSI PO3TOIiIN HMOBIpHOCTEH i TOHATTS TEPioay MmoBTOpIOBaHOCTI. JloctimKeHHs
Mag€ JBi OCHOBHI Ii/Ii: TO-TIepIe, BUSHAYNTH HAHOLIBIN iAXOaAINIT pO3IOMI HMOBIpHOC-
Tell I MOJIEJTIOBAHHSI ITOBEHI cepes] PO3MOILIIB y3araJbHEHNX €KCTPEMAJIbHUX 3HAYEHD
(GEV), yzaranprenux Jorictuaanx posnogune (GLO) Ta ysaramsrenux posnosiais Ila-
pero (GPA), sukopucrosywoun sik L-momentn, Tak i TL-MOMeHTH J1s1 OIiHKYM mapamMer-
piB; i mo-/ipyre, Mo6 OIMIHUTH OYiIKYBaHI PiBHI BOJM /115 TIE€PioiB mOBTOpIoBaHocTi 2, 5, 10,
50 1 100 poxkiB, BUKOPHUCTOBYIOUN BU3HaYeHI HalKpamii po3nomiin. s JmocarHeHHs X
et y JOC/IIPKeHH] BUKOPUCTOBYBAJIUCS IHCTPYMEHTH 1HIEKCY CEPEIHBOTO abCOIFOTHOTO
Bigxusenns (MADI) ra aiarpamu criBBigHOIIEHHS 1jig OIIHKY €(DEKTUBHOCTI PO3IIOJILILY.
Pesyabrarn nokasasu, mo posnomain GLO, oninenwuit i3 3acrocysanusm TL-momentis (1;0),
HaiiTouHimle BiamoBinae jgaHuM piBHs Bojgu. OTpuMaHi pe3yJjbTraT CBIIYATH IIPO TE, IO
piBern Bomu B Cynraii [laxanr i Cynrait Jlimic, #iMOBIpHO, IIEPEBUIUTH KPUTUIHI TTOPOTH
mebe3meku B 33 MeTpu Ta 75 MeTpiB mpoTaroM HacTymHux 5 Ta 10 pokiB BiamoBigHO, 110
M IKPECIIIOE HeOOXIHICTh TPOAKTUBHUX CTPATEriii 60pOTHON 3 TTOBEHSIMU.

Kntouosi cnoBa: ana.iz wacmomu nacodkis; L-momenmu; TL-momenmu; yzazaavhernu
AozicmusHutl poanodia; nepiod nosmoprosarocmi; bacetin piuku Ilarane.

Mathematical Modeling and Computing, Vol. 12, No. 3, pp.709-723 (2025)



