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Abstract: Climate change poses higher requirements on ocean engineering design, and reasonable
estimation of design wave heights plays a crucial role in coastal protection and offshore engineering.
Extreme value analysis is widely used in frequency calculations of wave parameters, among which
the peak over threshold method based on the generalized Pareto distribution is proven to be an
effective method, and the different selection of extreme wave samples in this method has a great
influence on the calculation results. In this study, long-term significant wave height series were
utilized to investigate the long-range correlation of significant wave heights, and thresholds were
determined based on the changes of long-range correlations. This approach assumes that extreme
events and non-extreme events are generally caused by different physical processes, where extreme
events result from massive disturbances leading to abnormal states, and long-range correlations are
not affected or minimally affected by extreme events. Thus, thresholds can be determined based
on changes of long-range correlations by removing extreme events. Comparing this method to
graphical diagnostic techniques, we demonstrated its rationality in determining extreme wave height
thresholds. Moreover, the automatic threshold selection offered by this method helps to mitigate
errors associated with subjective judgments in traditional approaches.

Keywords: design wave height; extreme value analysis; threshold; multifractal detrended fluctua-
tion analysis

1. Introduction

The determination of extreme significant wave height and its return period plays
a crucial role in coastal protection and the design criteria of marine structures [1–4]. To
achieve this estimation, extensive research has been conducted on extreme value theory,
primarily focusing on sampling methods and probability distribution models [5–9].

Typical sampling methods include the block maxima method (BM) [5] and the peak
over threshold (POT) method [7,10]. The basic idea behind these methods is to first identify
extreme value samples, then fit these samples using extreme value distribution models to
construct long-term distributions, and finally extrapolate the required return values. The
challenge with using the block maxima method lies in the lack of long-term observation
data and the potential omission of informative data [11]. For instance, if some sub-maxima
within an interval are larger than the maxima in another interval, it indicates that this
method not only wastes useful information but also increases the inaccuracy of parameter
estimation. To address this issue, the POT method [12] is employed to identify and select
wave height values that exceed a given threshold from the original wave data [13]. This
increases the number of samples and reduces the error in parameter estimation. The POT
method has been considered more reliable in many studies due to its ability to gather more
sample information [14,15].

In practice, when using the POT method, the first challenge is to select an appropriate
threshold. The threshold must be high enough to ensure convergence to the generalized
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Pareto distribution (GPD), but not too high to allow enough values in the POT sample for
reliable estimation. Several scholars have proposed various threshold selection methods,
such as graphical diagnostic methods [16,17], probability-based methods [18], and hybrid
methods [19–21]. Among these proposed methods, the graphical diagnostic method [16]
has been widely accepted and used. Researchers [22–24] have employed the graphical
diagnostic method to determine the threshold. The advantage of this method is that it
allows the understanding of data characteristics through graphical analysis. However, the
drawback is that it may produce multiple thresholds, making it challenging to determine
the precise value. It requires expert judgment, and, therefore, the sensitivity of the threshold
to the return period is often analyzed to ensure the rationality of threshold selection. To
address these drawbacks, Thompson et al. [25] proposed an automatic threshold selection
method based on the characteristic of the modified scale parameter (ATSMP). This method
presents a pragmatic automated, simple, and computationally inexpensive threshold selec-
tion method based on the distribution of the difference of parameter estimates when the
threshold is changed. However, the threshold selected by this method is usually not unique.
To determine a suitable threshold within a stable range, Liang et al. [26] introduced the
automatic threshold selection method based on the characteristic of extrapolated significant
wave heights (ATSME), which can obtain a unique threshold value. Compared with the
GPD parameter plot, the ATSME can select a suitable threshold without subjective effects
and additional work. Compared with the ATSMP, the ATSME simplifies the process of
threshold selection, and additional work is not needed.

While there are many threshold selection methods available, it is challenging to
determine which method is optimal. Due to the importance of threshold selection in return
period calculations, further research on threshold selection methods is necessary [27].
Shao et al. proposed an automated sampling method for extracting independent and
identically distributed samples from long-term wave processes in the Yellow Sea. They
studied the differences in extreme wave heights between tropical cyclones and non-tropical
cyclones and evaluated the impact of considering tropical cyclone extreme wave heights
on return periods. However, when applying this method to regions with complex weather
conditions, further analysis is needed. Scarrott et al. [28] pointed out that extreme and
non-extreme events are caused by different physical processes. Ozger [29] used detrended
fluctuation analysis to study the long-range correlation of significant wave height series.
For extreme wave events, their occurrences are influenced by external extreme factors and
are very rare, leading to minimal long-term dependence on the normal wave sequence,
even negligible. For instance, if the original significant wave height series undergoes data
transformation and extreme wave height data are removed, it has almost no effect on
the original trend. In contrast, removing non-extreme wave height data would result in
significant differences from the original trend. Therefore, to obtain the threshold for extreme
significant wave heights, the variation of long-range correlation exponent of significant
wave height series can be analyzed. The multifractal detrended fluctuation analysis (MF-
DFA) method proposed by Kantelhardt et al. [30] can be used to study the long-range
correlation of time series. The MF-DFA method considers the long-range correlation
characteristics of the data themselves when determining the threshold for extreme events,
making it an objective approach. This method has been successfully applied in various
fields. Du et al. [31] used the percentile method, fixed threshold method, and MF-DFA
method separately to determine the threshold for extreme precipitation. Among these three
methods, the MF-DFA method was considered the most objective and scientific method.
Liu et al. [32] analyzed the applicability of non-parametric methods, parametric methods,
and the DFA method in determining thresholds for extreme precipitation. The research
findings indicated that the DFA method was proven to be the most suitable approach,
capable of providing a set of suitable thresholds for extreme precipitation in large regions
characterized by spatiotemporal heterogeneity. Zhang et al. [33] employed the universal
multifractal analysis method to analyze extreme precipitation data, demonstrating that this
method takes into consideration both the physical processes and probability distribution of
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precipitation. It provides a formal framework for the spatiotemporal assessment of extreme
precipitation at the regional scale. Du et al. [34] determined the threshold for extreme
temperatures using the MF-DFA method. In the paper, it is argued that the DFA exponent
obtained through the MF-DFA method can identify the long-range correlations in the
system’s evolution over a certain period. Furthermore, extreme events do not significantly
affect the long-term correlations of the entire sequence, or even if there is an effect, it is
minimal. Therefore, the DFA exponent can effectively serve as the threshold for extreme
events. However, the use of the MF-DFA method for identifying extreme values was
predominantly concentrated in meteorology, with no apparent application in the field
of ocean engineering. Furthermore, there was no literature discussing its suitability for
threshold selection in extreme value analysis. Therefore, this paper extends its application
to the domain of ocean engineering. The paper employs this method to determine extreme
wave heights and applies them to extreme value analysis, evaluating their feasibility in
this context.

The present study utilizes the MF-DFA method to determine the threshold for extreme
significant wave heights by analyzing the variation of the long-range correlation index in
the significant wave height series. Firstly, the long-range correlation in the significant wave
height series is detected. Then, the threshold for extreme significant wave height events
is determined by the property that extreme values have minimal impact on long-range
correlation is utilized. The threshold obtained through this method is compared with
thresholds obtained through other methods, and the GPD is used for return period analysis
to evaluate the rationality of this approach. The structure of this paper is as follows:

In Section 2, the theoretical methods as well as the dataset are introduced. The Section 3
presents the validation of the threshold determination using the MF-DFA method and
compares it with the graphical diagnostic approach. The Section 4 discusses the rationale of
MF-DFA threshold selection method. Finally, Section 5 provides a summary and conclusion
of the study.

2. Materials and Methods
2.1. POT Method

The POT method extracts a series of independent peak significant wave heights that
are above a specified threshold as samples. Let the distribution function of the sequence be
F(x), and define Fu(y) as the conditional distribution function of the random variable X
that exceeds the threshold µ:

Fu(y) = P(X− µ ≤ x|X > µ ) = F(µ+y)−F(µ)
1−F(µ) = F(x)−F(µ)

1−F(µ)
⇒ F(x) = Fu(y)(1− F(µ)) + F(µ)

(1)

When the threshold is sufficiently high, the conditional excess distribution function
Fu(y) converges to the generalized Pareto distribution [7], with its cumulative distribution
function given by:

Fu(y) ≈ G(x; µ, σ, ξ) =

 1−
[
1 + ξ

(
x−µ

σ

)]−1/ξ
, ξ 6= 0

1− exp
(
− x−µ

σ

)
, ξ = 0

(2)

where µ, σ, and ξ represent the location, scale, and shape parameters, respectively. When
ξ = 0, the GPD corresponds to the exponential distribution.

The quantile of the GPD model for a T-year return period is given by:

xT =

{
µ + σ

ξ [(λT)ξ − 1], ξ 6= 0
µ + σ ln(λT), ξ = 0

(3)
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where λ = Nu
N , Nu is the total number of exceedances of the threshold µ, and N is the total

number of years of records.
The reasonable determination of the threshold is a crucial prerequisite for correctly

estimating the parameters of the GPD model. If the selected threshold is too large, it may
result in too few exceedance data, leading to larger parameter variances in the estimation.
On the other hand, if the selected threshold is too low, it may not guarantee the convergence
of the distribution, causing significant estimation bias. In this study, three different methods,
namely multifractal detrended fluctuation analysis, mean residual life plot method, and
threshold stability plot method, are utilized to determine the threshold. Each method is
used to fit the exceedance samples to the GPD, and the rationality of the threshold selection
methods is compared.

2.2. Threshold Determination Using the Detrended Fluctuation Analysis Method

The specific algorithm steps of the MF-DFA method are as follows:
Step 1: For a significant wave height time series x(t), t = 1, 2, . . . , N, determine the

“profile”

Y(i) =
i

∑
t=1

(x(t)− x), i = 1, 2, · · · , N (4)

where x is the mean of x(t).
Step 2: Divide the profile Y(i) into Ns = int (N/s) nonoverlapping segments of equal

length s. Since the length N of the series is often not a multiple of the considered time scale
s, a short part at the end of the profile may remain. In order not to disregard this part of
the series, the same procedure is repeated starting from the opposite end. Thereby, 2Ns
segments are obtained altogether.

Step 3: Calculate the local trend for each of the 2Ns segments by a least-square fit of
the series. Then determine the variance

F2(v, s) =
1
s

s

∑
i=1
{Y[(v− 1)s + i]− yv(i)}

2

(5)

for each segment v, v = 1, 2, . . . , Ns and

F2(v, s) =
1
s

s

∑
i=1
{Y[N − (v− Ns)s + i]− yv(i)}

2

. (6)

for v = Ns + 1, Ns + 2, . . . , 2Ns. Here, yv(i) is the fitting polynomial in segment v. In this
paper, we set the polynomial as linear and smin = 6, smax = 3000.

Step 4: Calculate the qth order fluctuation function

Fq(s) =

{
1

2Ns

2Ns

∑
v=1

[
F2(s, v)

]q/2
}1/q

(7)

for q 6= 0 and

F0(s) = exp

{
1

4Ns

2Ns

∑
v=1

ln
[

F2(s, v)
]}

(8)

for q = 0. For q = 2, the standard DFA procedure is retrieved.
Step 5: Determine the scaling behavior of the fluctuation functions by analyzing

log–log plots Fq(s) versus s for each value of q.

Fq(s) ∝ Csh(q) (9)

The slope of log Fq(s) and log s is the generalized Hurst exponent h(q). In this paper,
the standard DFA method is used for analysis, i.e., the case of q = 2. The scaling exponent
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H = 0.5 means that the time series are uncorrelated; 0 < H < 0.5 implies the series presents
an anti-persistent behavior and 0.5 < H < 1 implies that the original series has long-rang
correlation. In this paper, the physical interpretation of the DFA exponent is not considered.
Only the impact of extreme values on the DFA exponent is taken into account to determine
the threshold for extreme events.

The process of determining the threshold for extreme events using the MF-DFA
method for a given time series, denoted as {x(t), t = 1, 2, . . . , N}, is as follows:

(1) Determine the maximum xmax and minimum values xmin of the time series {x(t)}.
(2) Determine the central point R of the sequence {x(t)}, you can either take the average

of all data points or choose a median value that lies between the maximum and
minimum values.

(3) Starting from the maximum value of {x(t)}, sequentially discard data points within
intervals {x(t), x(t) ≥ xmax − d× k} until reaching the central point R. In this pro-
cess, a series of new sequence YJ , J = xmax − d× k is obtained, where d is the interval
size.

(4) Calculate the fractal exponent DJ for each new sequence YJ and observe how it
changes with the discarded interval size J.

(5) When the change in DJ starts to become smooth and converges to the original DFA
exponent of the data {x(t)}, take the corresponding J value as the threshold for
extreme events in the sequence {x(t)}. The degree of convergence to the original
value is not unique and may fluctuate slightly around the original exponent. Therefore,
to determine the convergence point, the variance varj of the sequence of exponents
DJ can be calculated. Variance can be defined as follows:

var2
j =

1
N − 1

N

∑
j=1

(DFAj − E)2 (10)

E =
1
N

N

∑
j=1

DFAj (11)

In this paper, we take d = 0.01, R = 2. In the above formula, DFAj represents the DFA
exponent of the j-th sequence, N represents the total number of sequences, and E represents
the average of all exponents DFAj. The convergence point of DFAj can be determined by
identifying the converging interval varj. The paper employs a BG algorithm for detecting
the turning points in the sequence, which corresponds to the threshold of significant wave
heights that cause a turning in long-range correlation. The chi-square test is used to detect
the convergence point. When there are multiple turning points, the critical points must
adhere to the following three criteria for the chi-square test: (1) the critical turning points
should pass the significance level test; (2) the points before the critical turning points should
exhibit significant differences; (3) the points after the critical turning points should not
exhibit significant differences.

2.3. Method Validation

Randomly generate two non-stationary time series {x1} and {x2}, each with a length
of 10,000 and different degrees of long-range correlation. Randomly select any points from
them and alter their values such that the selected values are greater than the maximum
value in the original sequence and smaller than the minimum value in the original sequence,
defining them as extreme value points. Obtain new sequences {x11} and {x22}, and use
the method described above to calculate how the DFA exponent changes as extreme values
are reduced in the series.

From Figure 1, it can be observed that after excluding the extreme values from the
sequence, the DFA exponent of the resulting new series exhibits little to no change compared
to the DFA exponent of the original series. As more extreme value points are removed, up
to the point of the original sequence’s maximum value, the DFA exponent of the new series
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remains nearly equal to that of the original series. This suggests that the discarded points
have minimal impact on the calculation of the DFA exponent for the original series and can
be considered as extreme values in the current series.
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extreme values.

To validate the effectiveness of the method, the same procedure was applied to the
original sequences {x1} and {x2}. If the method is effective, meaning extreme values
have no impact on the DFA exponent of the series, then the extreme thresholds for series
{x11} and {x1} should be the same, and the DFA exponents should also be the same. The
same parameters were used during the calculation process, and the results are shown in
Figure 2. From Figure 2, it can be observed that when the values are taken as 18.19 and
−18.45, the DFA exponent of the new series precisely starts to converge to the exponent
of the original series, the value of 18.19 and −18.45 can be considered as the thresholds
for extreme values in the series {x1}. The DFA exponent for series {x1} is 0.8556, and for
sequence {x11}, it is 0.8541, with only minor differences in numerical values, indicating the
method’s effectiveness.
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2.4. The Study Area and Data

In the study, ERA-5 reanalysis data spanning from 1979 to 2020 were utilized. The
daily maximum significant wave height data from multiple points in the South China Sea
were extracted as the research samples. ERA-5 reanalysis data are the latest generation of
reanalysis data created by the Copernicus Climate Change Service operated by ECMWF. It
has higher resolution compared to its predecessor ERA-Interim, with a spatial resolution of
80 km and a temporal resolution of 1 h.

The reliability of ERA-5 reanalysis data for long-term significant wave height series
has been validated in previous literature [35–37]. Table 1 and Figure 3 provide the location
information and spatial distribution of the study points.



Water 2023, 15, 3648 8 of 19

Table 1. Location information of the study sites.

Location Lat. (◦ N) Lon. (◦ E) Water Depth (m) Maximum Wave Height (m)

P1 14 110 1274 9.75
P2 11 116 2671 5.74
P3 20 119 3032 12.65
P4 17 114 3053 9.55
P5 20 108 49 9.97
P6 21 116 128 10.54
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3. Results
3.1. The Long-Range Correlation of the Significant Wave Height Series

Due to extreme events being caused by external disturbances leading to abnormal
states and formed by different physical processes than non-extreme events, the DFA ex-
ponent obtained from the MF-DFA method measures the long-range correlation within a
certain time scale, while the overall long-range correlation is not significantly affected by
extreme events or is minimally influenced. Based on this idea, the threshold for extreme
events can be determined by analyzing the variation of the DFA exponent. Before using
this method, the long-range correlation in the significant wave height series should be
examined. If the series exhibits long-range correlation, the threshold for extreme wave
heights can be determined based on the variation of the DFA exponent. By applying the
MF-DFA method described in Section 2 to analyze the significant wave height series, the
values of the fractal exponent h(2) can be calculated, and it can be determined whether the
significant wave height series at each location exhibits long-range correlation.

Based on the analysis of the significant wave height series using the MF-DFA method,
the following results were obtained:

According to the Figure 4, the slopes of the fluctuation functions for points P1 to P6
were calculated, resulting in fractal exponents of the significant wave height series at each
location: 0.81, 0.77, 0.81, 0.80, 0.59, and 0.79, all of which are greater than 0.5. This indicates
that all six points exhibit positive long-range correlation. As a result, the MF-DFA method
can be used to determine the threshold. Given the characteristic that long-range correlation
is not significantly affected by extreme values or is minimally influenced by them, the
extreme values are sequentially removed from the significant wave height series. The
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variation in the fractal exponent is then calculated to determine the threshold for extreme
significant wave heights.
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3.2. Threshold Determination

In Section 3.1, the long-range correlation in the significant wave height series for the
selected points was examined, and the results showed that all the selected points exhibit
long-range correlation. Using the MF-DFA method described in Section 2.2, the threshold
for extreme significant wave heights was determined, and in the calculation of the variation
of the DFA exponent, were set as d = 0.01, R = 2.

Figure 5 presents the DFA index variation sequence and variance sequence for the
significant wave height at point P1, refer to Figure S1 in the supplementary materials for
all sites. From the Figure 5, it is evident that there is a clear trend in the sequence. The BG
algorithm was then applied to calculate the turning points, and the chi-square test was used
to determine the convergence point. The calculation results are presented in Table 2 (using
P1 as an example), refer to Table S1 in the supplementary materials for the calculation
results of all sites.
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Figure 5. Cont.



Water 2023, 15, 3648 10 of 19Water 2023, 15, x FOR PEER REVIEW 10 of 19 
 

 

 

Figure 5. Determination of extreme wave height threshold using the MF−DFA method. 

Table 2. Significance test of the turning point. 

Turning Point n 
2

 
2

( /2)a  
2

(1 / 2)a  
Significance 

Test 

5.19 52 50.03 64.3 38.56 No 

5.12 56 71.14 68.8 42.06 Yes 

4.87 74 90.6 88.85 58.01 Yes 

4.76 83 140.27 98.78 66.08 Yes 

4.44 112 121.82 130.47 92.38 No 

4.35 121 113.72 140.23 100.62 No 

Figure 5 provides the variation of the DFA index with the removal of extreme signif-

icant wave height and the variance of the DFA index for point P1. Table 2 presents the 

significance test results for each site. According to the criteria for critical turning points, 

the threshold for extremely significant wave height at point P1 is chosen as 5.12 m. The 

thresholds for extremely significant wave height at the other points are determined to be 

3.96, 6.06, 5.59, 4.45, and 5.15 m for points P2, P3, P4, P5, and P6, respectively. 

3.3. Return Period 

In addition to threshold selection, another important consideration when using the 

POT method is the choice of the minimum time span (Δt), which can impact the estimation 

of return periods [38]. The selection of the time span should be sufficiently long to ensure 

independence among samples, and different studies have provided varying results for the 

optimal range of Δt [39]. In this section, to determine the most suitable time span for the 

data used in this study, we investigate the influence of different time intervals (Δt) on the 

return period. The results, as shown in Table 3 (using point P1 as an example), indicate 

that a time interval of 5 days is selected as the optimal time span. 

Table 3. Variation of return periods at different intervals. 

Return 

Periods 
3 Days 4 Days 5 Days 6 Days 7 Days 

50 year (m) 8.53 8.53 8.53 8.53 8.53 

100 year (m) 9.15 9.15 9.13 9.13 9.13 

150 year (m) 9.51 9.51 9.47 9.47 9.47 

200 year (m) 9.77 9.77 9.71 9.71 9.71 

Based on the threshold determined using the MF-DFA method and selecting a time 

interval of 5 days, independent samples above the threshold are obtained. These samples 

Figure 5. Determination of extreme wave height threshold using the MF−DFA method.

Table 2. Significance test of the turning point.

Turning Point n χ2 χ2
(a/2) χ2

(1−a/2) Significance Test

5.19 52 50.03 64.3 38.56 No
5.12 56 71.14 68.8 42.06 Yes
4.87 74 90.6 88.85 58.01 Yes
4.76 83 140.27 98.78 66.08 Yes
4.44 112 121.82 130.47 92.38 No
4.35 121 113.72 140.23 100.62 No

Figure 5 provides the variation of the DFA index with the removal of extreme signif-
icant wave height and the variance of the DFA index for point P1. Table 2 presents the
significance test results for each site. According to the criteria for critical turning points,
the threshold for extremely significant wave height at point P1 is chosen as 5.12 m. The
thresholds for extremely significant wave height at the other points are determined to be
3.96, 6.06, 5.59, 4.45, and 5.15 m for points P2, P3, P4, P5, and P6, respectively.

3.3. Return Period

In addition to threshold selection, another important consideration when using the
POT method is the choice of the minimum time span (∆t), which can impact the estimation
of return periods [38]. The selection of the time span should be sufficiently long to ensure
independence among samples, and different studies have provided varying results for the
optimal range of ∆t [39]. In this section, to determine the most suitable time span for the
data used in this study, we investigate the influence of different time intervals (∆t) on the
return period. The results, as shown in Table 3 (using point P1 as an example), indicate that
a time interval of 5 days is selected as the optimal time span.

Table 3. Variation of return periods at different intervals.

Return Periods 3 Days 4 Days 5 Days 6 Days 7 Days

50 year (m) 8.53 8.53 8.53 8.53 8.53
100 year (m) 9.15 9.15 9.13 9.13 9.13
150 year (m) 9.51 9.51 9.47 9.47 9.47
200 year (m) 9.77 9.77 9.71 9.71 9.71

Based on the threshold determined using the MF-DFA method and selecting a time
interval of 5 days, independent samples above the threshold are obtained. These samples
are then fitted to the GPD. Parameter estimation is performed for the GPD, and a test is
conducted to validate the reasonableness of selecting this distribution.

From the probability density plot and quantile–quantile plot in Figure 6, it can be
observed that the fitting of extreme samples to the distribution function is quite satisfactory,
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indicating that the chosen threshold is appropriate. Using the same method, Table 4
provides the return periods of 50-year, 100-year, 150-year, and 200-year extreme wave
heights for each location in the study under different threshold values.
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Table 4. Return periods of different locations.

Locactions\Return
Periods

50 Year
(m)

100 Year
(m)

150 Year
(m)

200 Year
(m)

P1 8.53 9.13 9.47 9.71
P2 6.17 6.24 6.28 6.31
P3 11.38 12.32 12.87 13.26
P4 9.84 10.42 10.75 10.99
P5 8.73 9.38 9.74 10.01
P6 10.67 11.42 11.85 12.14

3.4. Comparison with Other Threshold Selection Methods

To illustrate the importance of threshold selection in estimating return periods, we
conducted a sensitivity analysis of return periods with respect to threshold variations and
identified a stable range of thresholds that yield reliable return period estimates. Taking P1
point as an example, we considered a threshold range from 2.0 m to 6.5 m with an interval
of 0.05 m, and a sample time interval of 5 days. The results of return periods varying
with thresholds are shown in Figure 7. From Figure 7a, it can be observed that as the
threshold increases within the range of 2 m to 4.6 m, the return values of significant wave
heights gradually increase. This is because as the threshold increases, small significant
wave height samples are gradually excluded from the analysis, and since these excluded
samples are not extreme values, the remaining samples better represent the significant wave
heights. Hence, the return values change continuously within this threshold range, making
it inappropriate for threshold selection. Within the range of 4.6 m to 5.55 m, the return
values of significant wave heights stabilize, indicating that the exclusion of samples due to
an increase in the threshold no longer significantly affects the return values. At this point,
the selected samples can represent extreme events while maintaining a sufficient sample
size for reasonable return period estimation. Therefore, this range is generally considered
suitable for threshold selection. For thresholds greater than 5.55 m, the confidence intervals
of return values for significant wave heights exhibit considerable fluctuations, indicating
substantial uncertainty in return period estimation within this threshold range. As the
threshold increases, reasonable extreme wave height values are gradually excluded, and
the sample size becomes insufficient, leading to significant errors in model estimation.
Consequently, thresholds in this range are also not recommended for selection.
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Figure 7. Stable threshold range.

To further demonstrate the rationality of the stable threshold range, Table 5 provides
the variation of return values for different return periods within this range. From the
table, it can be seen that the changes in return values for 50-year, 100-year, 150-year, and
200-year return periods are relatively small within the stable threshold range, indicating
that threshold variations have little effect on the return periods within this range. Hence,
selecting thresholds within this range is reasonable. Table 6 calculates the differences
in return values of significant wave heights for neighboring thresholds for the 50-year,
100-year, 150-year, and 200-year return periods at the P1 point. The differences are very
small within the stable threshold range, which further confirms the rationality of selecting
the stable threshold range.

Table 5. The stable threshold range and corresponding return period of significant wave heights.

Return Periods Stable Threshold
Range (m)

Return Period
Significant Wave

Heights (m)

The Average of
Wave Height (m)

50 year (4.60, 5.65) (8.50, 8.55) 8.53
100 year (4.60, 5.55) (9.09, 9.22) 9.16
150 year (4.60, 5.55) (9.43, 9.61) 9.52
200 year (4.60, 5.55) (9.65, 9.90) 9.78

Table 6. Differences in return periods within stable threshold range.

Return Periods Stable Threshold
Range (m)

Range of
Differences (m)

Width of Differences
(m)

50 year (4.60, 5.65) (−0.01, 0.09) 0.10
100 year (4.60, 5.55) (−0.05, 0.06) 0.11
150 year (4.60, 5.55) (−0.08, 0.10) 0.18e
200 year (4.60, 5.55) (−0.10, 0.14) 0.24

Table 7 provides the stable threshold ranges for all stations. Based on the sensitivity
analysis of significant wave heights to thresholds, each threshold within the stable range
can be selected as the theoretically appropriate threshold. When choosing the lowest
threshold as the appropriate one, the threshold for different return periods can be uniquely
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determined, and more samples can be used to extrapolate the significant wave heights for
return periods with weaker estimation uncertainties. When choosing the median threshold
as the appropriate one, the return significant wave heights can be more robust. On the
other hand, when choosing the highest threshold as the appropriate one, the reliability of
the return significant wave heights can be higher.

Table 7. Stable threshold ranges at each location.

Locations P1 P2 P3 P4 P5 P6

Stable
threshold
range (m)

(4.65, 5.55) (3.75, 4.95) (5.90, 6.35) (4.70, 5.70) (4.10, 5.15) (4.80, 5.55)

The above threshold sensitivity analysis highlights the importance of threshold se-
lection for the estimation of return period results. To validate the effectiveness of the
MF-DFA method proposed in this study for threshold determination, several commonly
used threshold determination methods were chosen for comparison, namely, the mean
residual life plot method and the parameter stability plot method [14].

3.4.1. The Mean Residual Life Plot

Let X1, X2, · · · , Xn be a set of independent and identically distributed random variables
with a common distribution F(x). Now, we choose a threshold u0, and if X1 > µ, X1 − µ is
the excess above the threshold, for any µ > µ0, the Mean Excess Function (MEF) e(µ) is
defined as:

e(µ) = E(X− µ|X > µ ) =
σµ0

1− ξ
+

ξ

1− ξ
µ (12)

You can plot a scatter plot of the threshold µ and the arithmetic mean of the excess
values using the given equation. When the shape parameter ξ is a constant, this plot will
approximate a straight line. In this plot, the threshold µ is taken as the x-axis, and the
arithmetic mean of the excess values is taken as the y-axis. The resulting line will have a
slope of ξ

1−ξ and an intercept of
σµ0
1−ξ . Exactly, if after a certain threshold µ0, the slope of the

line remains constant, then the point µ0 where the slope stabilizes can be considered as the
threshold value. In other words, after this point, the relationship between the threshold and
the arithmetic mean of the excess values becomes more stable, indicating that the excess
values are well-behaved and can be reliably modeled. Therefore, µ0 is a suitable threshold
value for the Mean Excess Function method.

From the Figure 8, and combined with the number of extreme value samples, we select
the threshold as 4.80 m. To verify the rationality of this threshold selection, we provide the
probability plot and quantile plot for the GPD fit. From Figure 9, it is evident that when
the threshold is set to 4.80 m, there is little difference between the empirical values and the
fitted values obtained from the GPD model. This result indicates a good fit for the chosen
threshold. Refer to Figure S2 in the supplementary materials for the mean residual life plot
of the remaining sites.
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3.4.2. Parameter Stability Plot

The method of selecting the threshold based on the mean excess plot has a certain
subjectivity. In the mean excess plot, different interpretations of approximate linearity
may lead to different choices of the threshold value µ0. Coles proposed using the stability
of parameter estimates for determining the optimal threshold. If the generalized Pareto
distribution is a reasonable fit for the excesses over the threshold, then the scale parameter
σµ can be estimated as:

σµ = σµ0 + ξ(µ− µ0) (13)

The above equation σµ will vary with the threshold µ, and to account for this variation,
the corrected scale parameter is introduced as:

σ∗ = σµ − ξµ (14)

In the above equation, σ∗ is held constant with respect to the threshold µ, so the
corrected scale parameter and shape parameter should remain constant for values greater
than the threshold µ0. By plotting the confidence intervals of σ∗ and ξ against the threshold
µ, the appearance of constant segments can be used to determine the optimal threshold
position.

Figure 10 shows the variation of the shape parameter and corrected scale parameter
with the threshold, using point P1 as an example, for parameter stability plots of the
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remaining points, please refer to Figure S3 in the supplementary materials. From Figure 10,
it can be observed that when the threshold is in the range of (4.85 m, 5.40 m), both the
shape parameter and the corrected scale parameter approach constant values. In order to
obtain more extreme value samples, we choose the threshold to be as small as possible,
and in this case, we select 4.85 m as the threshold. To validate the reasonability of the
threshold selection, we provide the probability plot and quantile plot for GPD fitting, and
the results in Figure 11 confirm that the threshold selection is reasonable, and the estimated
uncertainty is acceptable.
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4. Discussion

To illustrate the importance of proper threshold selection in the estimation of return
periods, we analyzed the impact of threshold variations on the return periods. Figure 5
shows the variations of the 50-year, 100-year, 150-year, and 200-year return periods, high-
lighting the significance of selecting an appropriate threshold. Using the MF-DFA method,
we determined a unique threshold based on the long-range correlation of the sequences
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and compared it with traditional threshold selection methods to demonstrate the rationality
of the MF-DFA method in threshold determination. Table 7 provides the stable threshold
range for each station, indicating that the threshold variation within this range has a minor
effect on the return periods. The reasonable threshold is highly likely to fall within this
interval. In Table 8, we present the threshold selection results obtained from different
methods, where the MF-DFA method provides a unique value, while the mean excess plot
method and parameter stability plot method give possible ranges. The specific threshold
value still requires the user’s expertise for selection. Combining the stable threshold range
provided in Table 7, we observe that the thresholds determined by the MF-DFA method are
all within this stable range. Additionally, they also fall within the threshold selection ranges
of the mean excess plot method and parameter stability plot method, further validating
the rationality of using the MF-DFA method for threshold selection. Table 9 displays the
50-year, 100-year, 150-year, and 200-year return periods at P1 point obtained using different
thresholds. The results show that the return periods obtained using these methods have
relatively small differences, further confirming the reliability of the MF-DFA method.

Table 8. Thresholds determined by different threshold selection methods.

Locations MF-DFA
(m)

Mean Excess
Function (m)

Parameter Stability
Plot (m)

P1 5.12 (4.80, 5.40) (4.85, 5.40)
P2 3.96 (3.90, 4.70) (3.95, 4.40)
P3 6.06 (4.90, 6.50) (5.80, 6.10)
P4 5.59 (4.70, 6.00) (4.80, 5.60)
P5 4.45 (3.60, 4.50) (4.10, 4.50)
P6 5.15 (4.98, 5.35) (4.90, 5.20)

Table 9. Return periods estimated by different thresholds.

Return Periods MF-DFA
(m)

Mean Excess
Function (m)

Parameter Stability
Plot (m)

50 year 8.53 8.54 8.55
100 year 9.13 9.19 9.22
150 year 9.47 9.58 9.61
200 year 9.71 9.85 9.89

From the above process, we can observe that when using the mean excess plot and
parameter stability plot methods for threshold selection, the stable parameters may not
be distinct enough, requiring substantial expertise for interpretation. Often, multiple
thresholds may satisfy the selection criteria, necessitating sensitivity analysis of the return
period of significant wave height to determine the appropriate threshold. On the other
hand, the MF-DFA method can provide a unique threshold. The threshold determined
using the MF-DFA method for estimating return periods exhibits minimal differences
compared to the traditional methods, highlighting the reliability of the MF-DFA method in
determining extreme wave height thresholds.

5. Conclusions

This study utilized long-term significant wave height data to investigate the impor-
tance of threshold selection in the POT method for estimating return periods in extreme
value analysis. The study proposed using the MF-DFA method to determine the threshold
for extreme wave heights and compared it with graphical diagnostics, highlighting the ad-
vantages and feasibility of the MF-DFA method in threshold determination. The following
conclusions were drawn:

The MF-DFA method has demonstrated the existence of long-range correlations in
the significant wave height series, serving as the foundation for threshold determination
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using the MF-DFA method. Extreme events and non-extreme events are typically driven
by different physical processes, and long-range correlations are minimally affected or
have a minor influence from extreme events. Based on this idea, extreme significant wave
height thresholds were determined by observing changes in long-range correlations after
removing extreme values from the significant wave height series. When the removal of
values significantly affects long-range correlations, that value is considered the threshold
for extreme effective wave heights.

This study calculated fractal indices for different extreme significant wave height series,
identified points of abrupt change in the fractal indices, and determined that point as the
threshold for extreme significant wave heights. The threshold determined by the MF-DFA
method was compared with the mean residual life plot method and parameter stability plot
method. The study analyzed the return period results under different threshold methods
and, in conjunction with the stable threshold range, highlighted the rationality of the
MF-DFA method in threshold selection.

In contrast to traditional graphical diagnostic techniques, the MF-DFA method pro-
vides a deterministic threshold. Furthermore, it considers the inherent long-range corre-
lation characteristics of the data during the determination of extreme event thresholds,
offering objectivity that is less influenced by the subjectivity of researchers. Thus, the
MF-DFA method can be considered as a threshold selection method in wave extreme value
analysis.

In summary, the MF-DFA method offers a reliable and objective approach to threshold
selection for extreme wave height analysis. It considers the data’s long-range correlation
properties and provides a definite threshold, making it a valuable tool for wave extreme
value analysis.
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