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Abstract: The defense against urban pluvial flooding relies on the prediction of rainfall frequency,
intensity, and long-term trends. The influence of the choice of the complete time series or the wet-day
series on the rain analyses remains unclear, which affects the adaptive strategies for the old industrial
cities such as Changchun in Northeastern China, with the outdated combined sewer systems. Based
on the data from the two separate weather stations, four types of distributions were compared for
analyzing the complete daily precipitation series, and their fitting accuracy was found in decreasing
order of Pearson III, Pareto—Burr—Feller distribution (PBF), generalized extreme value (GEV), and
Weibull. The Pearson III and the PBF probability distribution functions established based on the
complete time series were found to be at least 458% and 227%, respectively, more accurate in fitting
with the consecutive observations than those built from the wet-day-only series, which did not
take account of the probability of the dry periods between the rain events. The rain depths of the
return periods determined from the wet-day-only series might be over-predicted by at least 76% if
the complete daily series were regarded as being more closely representative of the real condition.
A clear threshold of 137 days was found in this study to divide the persistent or autocorrelated time
series from the antipersistent or independent time series based on the climacogram analysis, which
provided a practical way for independence determination. Due to the significant difference in the
rain analyses established from the two time series, this work argued that the complete daily series
better represented the real condition and, therefore, should be used for the frequency analysis for
flood planning and infrastructure designs.

Keywords: urban flooding; frequency analysis; rainfall probability distribution; curve fitting; trend
analysis

1. Introduction

Pluvial flooding is a major type of natural disaster affecting urban development. The
frequent occurrence of urban rain flood damage could cause serious losses of lives and
properties such as the recent flooding event in Zhengzhou, Henan Province, China on
20 July 2021 [1]. In order to efficiently reduce the risk of urban waterlogging according to
the current practices, it is reasonable to design the drainage system to cope with a series
of rain events with a specified maximum recurrence, which could only be given by an
accurate frequency analysis.

The widely used method for precipitation frequency analysis is fitting the observation
data to a probability distribution curve intrinsically determined by the corresponding
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probability density function (PDF) that applies to a specific region. Pearson type III distri-
bution was initially proposed for analyzing precipitation data in the early stage and was
recommended as an ideal distribution [2], followed by Fréchet [3], Weibull [4], Gumbel [5],
Burr [6] and generalized extreme value (GEV) distributions [7]. For small and ungauged
basins, the continuity framework integrating the rain generator and the runoff models
were usually applied [8,9], for which the parameter estimation played an important role in
affecting the accuracy of the frequency analysis.

According to the increasing need for parameter estimation [10], the regional analysis
method was widely used. As the main method of parameter estimation in the calibration of
the regional analytical method, the L-moment method was proposed and quickly accepted
due to its excellent unbiasedness and stability [11-14], and it can be a very good solution to
the problem that the magnitudes of the large design storms are inaccurate [15,16], though
the maximum likelihood method was found to better respond to the extreme values at the
point scale [17]. But the regional methods have some limitations. First, regional analysis
methods target the average condition of a region with a high demand for the number of
stations and the duration of the data, which can be hardly met by a city without enough
gauges and long-term observations. Second, through the literature survey, it was found
that few studies have considered analyzing the rainfall frequency on a daily basis including
dry days [18], but most studies rather considered the probability of rains only on rainy
days, which tends to be a higher chance than the probability of rains without knowing in
advance if a day will rain or not.

Historically, precipitation frequency analyses mainly used the incomplete time series
of only wet days with non-zero rain data to fit the probability distributions, such as
Gamma [19], Log-Pearson III [20], or the power-type distributions [21,22]. Recently, the
generalized gamma distribution has been used to analyze rainfall data, providing insights
into the link of the beta prime distribution [21,22].

Intuitively, the frequency analysis methods based on wet days instead of the complete
time series do not accurately represent the daily rainfall probability, as they fail to consider
the probability of rainfall occurrence. One disadvantage of using the wet-day rain series
to build a probability distribution is that it assumes a rainy day as a prerequisite but
does not convey the actual chance of a rain event on any given day. However, the actual
chance of rainfall determines flood risk and hydraulic designs, and its distribution can
be achieved by using a stochastic model that controls the occurrence of zeros. Only a
few studies have explored the rain frequency from the complete daily series based on
the log-normal [18,23] and the Pareto—Burr—Feller (PBF) distributions [24]. However, the
difference in the performance of the models built on the complete versus the wet daily
series is still unclear.

The persistence, or autocorrelation of the time series data was found to vary with the
temporal scale [25,26]. The influence of incorporating a large sum of zero values into the
rain series on the dependence structure of the time series becomes further complicated, but
matters for the regional water supply and food security [27-30].

Meanwhile, developing the actual precipitation probability distributions also needs
to consider the mutations in the long-term trend. In China, the rainfall has an overall
increasing trend, while the rainfall of the northeastern part of China has increased by 119%
above the multi-year average in 2020 [31,32].

Therefore, this work aims to use Changchun, Jilin Province, in Northeastern China
as a case study to develop four types of actual precipitation probability distributions, and
compared the accuracy of the models established by the complete daily series and by the
wet-day series. The link between the long-term trend and the actual rainfall probability
distributions was also investigated.
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2. Methods
2.1. Data Preprocessing

This study collected the historic precipitation time series from the China Meteoro-
logical Administration (CMA; Station ID: 54161; Lat: 43.90° N; Lon: 125.22° E) and the
National Oceanic and Atmospheric Administration (NOAA) of the United States (Station
ID: 54161099999; Lat: 43.99° N; Lon: 125.68° E) (Figure 1). The CMA data were on a daily
scale ranging from 1960 to 2019, while the NOAA data was on a 3 h scale ranging from 1960
to 2019 that were aggregated into daily values. The NOAA data had a ten-year missing
gap from 1964 to 1973 (approximately 16% data loss), which was ignored by this study.
The CMA station was close to the downtown with an annual precipitation of 584.68 mm,
while the NOAA station was located in the northeastern region outside the city area with
591.19 mm yearly precipitation.

125°10'0"E 125°20'0"E 125°30'0"E 125°40'0"E 125°50'0"E

43°50'0"N
L

Figure 1. Location of the CMA station and NOAA station.

2.2. Probability Distributions

Four types of probability distributions were examined for the study area including
Pearson type III, PBF, GEV, and Weibull. The probability density function of the Pearson
type III distribution could be written as follows:

flx) = r?:) (x = ag)*te Plrm0), (1)
o
Cv = %1 (2)
_Lx-®’
&= =8 ©)
uozy(1_g_:), 4)

where f is the probability density of Pearson type III distribution, I'(«) is the gamma
function, « is the shape parameter, j is the scale parameters and ag is the location pa-
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rameters, x is the sampled rainfall data. X is the mean of the sampled time series. ¢ is
the standard deviation of the sampled time series. These three parameters («, B, and ag)
would determine the corresponding probability density function, and were estimated by
the maximum likelihood method based on the skewness coefficient (C;) and the variation
coefficient (Cy) [33], e.g., the location parameter could be calculated by substituting (2) and
(3) into Equation (4), as follows:

—3)c*
oz 123 5
L(x—7x)
The distribution function of the PBF distribution could be written as follows [24]:
X —C
P(x)—l—(1+(g—h)) , ©)

where F(x) is the distribution function of PBF distribution, x represents the rainfall data, a
is a dimensionless scale parameter, c is a dimensionless parameter characterizing the right
tail (extreme events) of the distribution and / is a dimensionless parameter representing a
threshold value and characterizing the left tail (dry events) of the distribution.

The probability density function of the GEV distribution could be written as follows [34]:

_ -1/
G(x) = exp < <1+'yw> >, @)

where G(x) is the probability function of GEV distribution, vy is the shape parameter.
In this distribution, when the parameter v > 0, the distribution is an extreme type II
distribution [35], ¢ is the scale parameter, and y is the position parameter. These three
parameters were quantified through the maximum likelihood estimation as follows:

L) =T, p(xi.p), ®)

where L(0) is the likelihood function, x; is the rainfall data, p is the parameter needed to esti-
mate, and p(x;, ) is the univariate density function given a value of the dependent parameter.
The probability density function of the Weibull distribution could be written as

follows [36]:
=0 ()

where f is the probability density of Weibull distribution density, « is the shape parameter,
x is the rainfall data, 8 is the scale parameter, and 6 is the position parameter.

It is worth noting that the GEV method requires consecutive records of the data series
to be independent of each other [37]. But the Pearson type III distribution does not have
this requirement. To test the studied datasets, the serial correlation of the wet-day series
and complete series could be calculated as follows:

T X (x — E(x7)) - (xi1 — E(xy))

= , 10
" o (v E(x)) (10
E(x;) = %Z}Ll Xi, (11)

where rq is the lag-1 serial correlation, x; is the rainfall data, E(x;) is the mean of sample
data, and n is the sample size.
The serial correlation could be evaluated by following criterion [37]:

—1—-1.645vn -2 << —1+1.645v/n -2
sn .

n—1 - n—1

(12)
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The time series data would be considered serially correlated when r; value is outside
the above interval; otherwise, the observations would be thought of as independent series.

The independence or the antipersistence of the time series can also be evaluated by
the climacogram [38], as a double logarithmic plot of the standard deviation versus the
averaging time scale k [39]. The standard deviation of a time scale k could be estimated by
the classical law [40]:

N

o\t = , 13

NG (13)
where the %) is the function of scale k. However, this law may not be applicable to natural
systems, and the simplest alternative is [40]:

o
szﬁj? (14)
where H is the Hurst coefficient (0 < H < 1) [41]. The slope of the double logarithmic plot is
equal to H + 1. The time series could be regarded as antipersistent when the value of H
falls into the range between 0 and 0.5 [40].

2.3. Skill Assessment

After the probability density models were established, their accuracy was evaluated
based on Nash-Sutcliffe Efficiency (NSE):

NSE=1— ?:l (‘11 - Pi)z (15)
Yy (9 — 7)2

where g; is the sorted rainfall data, 7 is the mean of rainfall data, and p; is the predicted
rainfall that has been sorted as well.

2.4. Trend Analysis

Trend analysis, such as Mann-Kendall (MK) method [42,43], Modified Mann-Kendall
method (MMK) [44], and Sen’s slope estimator [45], have been widely used for detecting
the long-term, local, and regional variations in precipitation [46—49]. The Mann-Kendall
trend test was adopted in this study to analyze the monotonic trend of the rainfall series
for the study area, and its mathematical formula could be represented as follows:

S =Y ) L Sen(X)— X, (16)
+1 (X —X¢) >0
Sgi’l(X] - Xk) = 0 X] — Xk) = ’ (17)
-1 (X] — Xk) <0
Var(S) =n(n—1)(2n+5)/18, (18)
S—1
Vo ®) 5>0
Z = 0 S=0,, (19)
S+1 5<0
Var (S)

where S is the total of the sampled data pair, X; and X} are the two measured data points
forming a data pair, V,,(S) is variance, n is the number of sample sizes, and Z is the
statistical magnitude of the MK test method.

After completing the above tests, the MK mutation test was used to examine the
abrupt change of the trend by the following equations [50]:

k i . .
Sk =4 Ytk =1234, - nj=1234, i (20)
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ZJ—{(l) ;2;;21 <j<i, 1)
(1
E(Sk) = @, (24)
Var(sy) = K= D2k+5) (25)

72 ’
where S; is the number of the data pairs, UF; and UBy are standard normal distribution
statistics, E(S) and Var(Sy) are the average value and variance of Sy, and a;; is a conditional
counting measurement.

Through the above calculations, the trend of the measured data can be determined
and the intersection between the UFy and UBj curves would be the mutation point.

3. Results and Discussion
3.1. Frequency Distributions of the Daily Versus Wet-Day Series

For the complete daily time series of the CMA station, the Pearson type III model
achieved the best accuracy with the corresponding NSE close to one, followed by the
PBF model (Figure 2). With regards to the NOAA station, the accuracy of the Pearson III
type model and PBF model were also better than GEV and Weibull distributions with the
corresponding NSE value close to one (Figure 3). This was consistent with the findings
from Ye [18]. Since the data with zero precipitation values should be removed for the
Weibull distribution model [51], its curve was excluded. Though only used to handle the
wet-day series, the Weibull distribution did not appear to fit with the local precipitation
time series very well.

CMA Station
140 . , . . .
#*  Measured
Pearson Il
120 GEV
Weibull
Pareto-Burr-Fuller

100

80

Rain {mm)

60

40

20

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Probability

Figure 2. The fitting of the CMA data with the Pearson type III, GEV, Weibull, and PBF probability
distribution curves.
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Figure 3. The fitting of the NOAA data with the Pearson type III, GEV, Weibull, and PBF probability
distribution curves.

0 0.1 0.2

The analysis of the complete time series yielded superior results compared to the
analysis conducted solely on the wet-day time series. The PDFs derived from the complete
series exhibited significantly better fitting compared to the PDF derived from the wet-
day series, using the observed complete series as the benchmark (Tables 1 and 2). For
the CMA station, when established from the complete series, the Pearson III, PBF, and
GEV distributions achieved 514%, 260%, and 16% higher NSE values in fitting with the
observed complete series, compared to those three distributions established from the wet
series, respectively. For the NOAA station, the improvements of the Pearson III, PBF, and
GEV distributions established from the complete daily series in fitting with the observed
complete series were 458%, 227%, and 18%, respectively. This aligned with the previous
study that the fitting could sometimes be enhanced without the need to separate dry and
wet rainfall [24]. According to the analysis results, for daily rainfall, the Pearson type III
distribution performed better than other distributions, while the PBF distribution also well
generalized the complete daily series (Tables 1 and 2). This is because the frequency analysis
based on the complete daily time series considered dry spells between rain events and
estimated the probability of rain on any given day. This comprehensive approach is more
useful for practical applications such as runoff calculation and irrigation estimation than
using only the wet-day series [52]. Interestingly, these findings align with the outcomes
obtained from the analysis using the normal distribution [23].

Table 1. The comparison of the NSE values of the four distributions based on the CMA data.

Distributions

NSE
(Modeled Complete
Series vs. Measured

Complete Series)

NSE
(Modeled Wet-Day
Series vs. Measured
Complete Series)

NSE
(Modeled Wet-Day
Series vs. Measured
Wet-Day Series)

Pearson III
PBF
GEV

Weibull

0.994
0.881
—3.85 x 10*

—0.2404
—0.5283
—459 x 10*
—207.5789

0.990
0.955
—7.06 x 10°
—71.68
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Table 2. The comparison of the NSE values of the four distributions based on the NOAA data.

NSE NSE NSE

Distributions (Modeled Complete (Modeled Wet-Day (Modeled Wet-Day

Series vs. Measured Series vs. Measured Series vs. Measured

Complete Series) Complete Series) Wet-Day Series)
Pearson 111 0.930 —0.2600 0.922
PBF 0.838 —0.6605 0.952
GEV —2.03 x 10 —2.47 x 10! —2.34 x 103
Weibull - —246.7235 —62.20

3.2. Return Periods Corresponding to the Daily Versus Wet-Day Series

The return periods of precipitation events affected the design of flood control and
urban drainage systems. As mentioned above, Pearson type III distribution was more
suitable for fitting the complete series of precipitation, so it was used to compute the return
periods. Out of the 21,915 daily records of the CMA observation dataset, a total of 207 days
had precipitation depths greater than 30.79 mm, which was approximately equal to 1%
probability and then validated the aforementioned frequency analysis based on the Pearson
type III distribution.

Again, compared with the return periods predicted based on the wet-day series, the
prediction based on the complete time series of the CMA station took account of the factor
of the dry spells between rain events, which could be practically significant for balancing
the urban flooding risk management with the system efficiency and lifetime costs. If
determined based on the wet series, the rain depth of the studied return periods was at least
75.67% higher than that determined from the complete daily series, indicating a significant
overestimation of the real condition which includes both rainy and dry periods. Such
overestimation became even larger as the recurrence decreased (Table 3). It is, therefore,
necessary to consider the chance of a rain occurrence before using the probability of a certain
rain depth determined by the frequency analysis based on the wet days only. Ignoring the
probability of whether raining or not would lead to significant over-prediction of surface
runoff in the hydrologic calculations and over-investments in drainage designs that would
be rarely operated at full capacity.

Table 3. The comparison of the rain depths of different recurrence intervals determined by the
complete series and wet-day series based on Pearson III distribution for the CMA station.

Inputs 3Y 5Y 10Y 20Y 30Y 50Y 100Y
Complete Series 0.09 0.45 2.96 8.64 13.24 20.08 30.79
Wet-day Series 3.27 7.40 15.64 25.89 32.53 41.39 54.09

In this study, the earlier fits of the GEV distribution and Weibull distribution were
found to be ineffective for daily series. In order to eliminate the possibility of any errors in
the methods themselves, further investigations and analyses were conducted for annual
maxima. The four probability models were adopted to estimate the return periods of the
annual maximums (Figure 4). Since only the yearly maximum of every year was used, the
issue of autocorrelation was mostly avoided, which made the estimated return periods and
the corresponding rain depths comparable among the four models. So, the previous bad
performance of the GEV and Weibull methods should be mainly caused by the mismatch
between the models and the observations on a daily basis.

3.3. Threshold of Data Independence

Based on this study, the daily time series were found to have a strong autocorrelation,
but when the time series was expanded to an annual scale, the correlation tended to weaken,
resulting in the independent time series (Table 4).
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Figure 4. Prediction of the return periods of the annual maximums based on the CMA station.

Table 4. Test of serial correlation.

~1-1.645vn—2 " —1+1.645\/n—2
n—1 n—1
Wet daily series —0.0112 0.1632 0.0111
Complete daily series —0.0214 0.1307 0.0211
Annual extremes —0.2293 —0.2037 0.1954

Conststently, the climacogram analysis not only supported this finding, but also
showed a clear step threshold (k = 137) dividing the persistent time series from the an-
tipersistent series. When the temporal scale k exceeded the threshold, the ending slope
of the double logarithmic plot for the annual maxima was —0.62 (Figure 5), so the Hurst
coefficient was 0.38 that fell into the range between 0 and 0.5, indicating that the time series
became long-term antipersistent, or independent. Although a recent study indicated that
the Hurst parameter, as a type of metric assessing the persistence, might lead to a false
indication of data independence for the non-Gaussian time series [39], the annual maxima
of this study followed a Gaussian distribution. On the other hand, when the temporal scale
k was lower than the threshold, the data series became autocorrelated in terms of having a
persistent structure. Such a threshold might be region dependent. This finding, therefore,
proposed a practical means to validate the results of models such as the GEV that required
data independence, and the threshold could be estimated to predetermine the lowest time
step required for conducting the long-term trend tests.

As a longer time interval was considered, the serial independence of the time series
gradually improved, and so did the NSE values of the GEV, as GEV required data indepen-
dence [37]. The daily rainfall time series did not have a decent independence compared
to the annual extremes (Table 4), which was the reason why the GEV models could not
achieve a good fitting for the daily time series even if only the wet-day data were counted.
Despite the prolonged time intervals between the observation points, the accuracy of the
Pearson type III model was still quite stable and way better than the GEV models (Figure 6).
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Figure 5. Climacogram of the standard deviation of the averaged process vs. the averaging timescale.

« 105 NSE trend with data independence based on CMA data
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Pearson llI
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Time series interval (days)

Figure 6. Relationship between the selected time intervals of the wet-day observations and the NSE.
Note: the order of magnitude of Y-axis is 10°. The minimum NSE of Pearson IIl was 0.94 and the
maximum of Pearson III was 0.99.

3.4. Trend Analysis

The MK tests were conducted for the CMA and NOAA stations, which indicate that
intersection points between the UF and UB curves occurred in 1983, 1986, 2015, 2016, and
2018 at the NOAA station and in 2015, 2016, and 2018 at the CMA station (Figure 7). The
common years were found as 2016 and 2018.

For the CMA station, the UF values in 2016 and 2018 were both greater than zero.
An upward trend showed up right after the UF values exceeded zero in 2015, which was
then considered the mutation year. The intersection points of the NOAA data were located
in 1983, 1986, 2015, 2016, and 2018. Notably, the long-term negative UF values became
positive in 2018, which was regarded as the mutation year.
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Figure 7. The MK test results of the CMA station and NOAA station. Note: UF and UB are standard
normal distribution statistics. (Note: (a) CMA rain data of 1960 to 2019, (b) CMA rain data of 1980 to
2019, (c) NOAA rain data of 1980 to 2019.

The mutation years determined by the two stations appeared to be slightly different,
which might be because the NOAA data had a shorter duration due to the ten-year data
gap before 1980 (Figure 7). As the duration of the time series prolonged, the mutation
points between the two stations became closer.

Through the analysis, it was found that the MK mutation test method was highly
sensitive to the starting and end points of the time series to be analyzed. It is necessary
to note that the UF had a positive sequence while the UB used the negative sequence of
the rain series. So, if the starting point (or the endpoint) of the time series was picked
differently, the UF and UB curves would shift in the reverse directions and intersect at new
points. More importantly, the UF values of the same time range could also vary due to
a different choice of the starting point, because the rise and fall of the UF curve mainly
depends on the relation between Sy and E(S;) in Equation (19). For instance, if the analysis
started from 1960, the UF value around 1987 was slightly above 0.5 (Figure 7a), since the
period 1960-1980 provided a decent magnitude of E(Sy) around 600 mm (Figure 8). But,
if the starting point of the analysis window was picked at 1980, 20 years later than the
previous window, the UF value around the same 1987 would jump to over 1.5 (Figure 7b),
because of the lack of the period of 1960-1980 with the stable rainfall amounts led to a
lower E(S) (Figure 8).

900 T

800 - f o
[\ I

400 - \l 1

300 ! ! I |
1960 1970 1980 1990 2000 2010 2020

Year

Figure 8. The total annual rainfall of the CMA station.
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Similarly, if choosing 1960, 1965, and 1970 as the three starting points with the fixed
endpoint, the MK tests led to significantly different mutation points (Figure 9), i.e., the
total of the intersection points became 3, 13, and 7, respectively. When 2014, 2009, and 2004
were selected to be the 3 endpoints while the starting year was fixed at 1960, the total of the
intersection points changed into 10, 15, and 9, respectively (Figure 10).

o CMA Station 1960—2019
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Figure 9. The MK test result of different lengths of time series (starting point varied). Note: UF and
UB are standard normal distribution statistics.(Note: (a—c) have different starting points, so there are

different intersection points).
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The ten-year averages of precipitation were calculated for the 40 years ranging from
1979 to 2019 (Figures 11 and 12). It indicates that the 30-year period from 1979 to 2009
exhibited a descending trend, while the average precipitation of the decade from 2009
to 2019 significantly increased, which consolidates the previous finding concerning the
mutation test. This could be further demonstrated by the 30-year comparison, in which the
precipitation amount of any recurrence of the period of 1990-2019 was higher than that of
1960-1989 (Figure 13), indicating the increase in the magnitude of the local precipitation
events. Correspondingly, the same level of precipitation could arrive in fewer return years
in the recent 30 years (1990-2019) than the previous 30 years (1960-1989), indicating an
acceleration of the frequency of the local precipitation events.
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Figure 11. Ten-year averages of the rainfall data at the CMA station.
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Figure 12. Ten-year averages of the rainfall data at the NOAA station.
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Figure 13. Pearson III prediction of the return periods of the annual maximum for the periods of
1960-1989 and 1990-2019 at the CMA station.

The increase in the average precipitation in the study area in Northeastern China
might be related to the northward movement of the rain belt in China. Gao, et al. [53]
through the study of 77 stations in 28° N-32° N found that China was considered to be in
the range of the phenomenon of northward shift of the Meiyu rain belt. Liu, et al. [54] found
that the rain belt moved northward and made rainfall increase in China north. Yun, Jianxin
and Huatang [31] used 50-year rainfall data and proved that the rainfall in Northeastern
China significantly increased after 2010, which was consistent with the previous finding
in this study. It is then speculated that the reason why the increase in the northeast was
related to the northward movement of the rain belt in northeast China.

A finding in this work was that the precipitation trend influenced the results of the
rainfall frequency analysis. When the precipitation time series had an increasing trend, the
NSE of the frequency analysis based on the Pearson III distribution was better than the
time series having a descending trend from 1974 to 1982 (Table 5). The 20 years of time
series (1970-1990) were extracted, during which the mutation point was 1982 (Figure 14).
The 1982-1990 time series had an increasing trend while the 1974-1982 time series had a
decreasing trend. At the same time, the NSE of the 1982-1990 time series was better than
the 1974-1982 time series based on the complete rainfall time series.
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Figure 14. The MK test result of 1970-1990 based on CMA station.
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Table 5. The NSE of different trends based on CMA station.
Time Series Data Type Trend NSE STD
1974-1982 Complete Decreasing 0.9721 5.5297
1982-1990 Complete Increasing 0.9946 6.1688
1974-1982 Wet day Decreasing 0.9603 9.6523
1982-1990 Wet day Increasing 0.9923 10.6826

Note: STD refers to standard deviation.

3.5. Missing Gaps

Since a frequency analysis was often restrained by the missing data, this study also
explored the relationship between data missing and the fitting effect by randomly inserting
a spectrum of missing gaps into the CMA dataset on purpose. The sampling method of
the K-permutations was adopted. Surprisingly, the results indicate that the accuracy of the
curve fitting only started to significantly deteriorate only after the missing data took up
70%, which further indicates that the Pearson III distribution was quite robust in dealing
with the precipitation time series for the study area. The data loss, therefore, should be
controlled below 70% for a similar study.

The missing gaps between the wet-day time series were also tested based on the
Pearson III distribution (Table 6). Different from the results of the complete time series, the
wet-day series appeared not to be affected by the data missing. When the data missing rate
achieved 80%, the NSE of the fitting result did not fall. The reason why the missing gaps
affect the two datasets differently is due to the parameters of Pearson III distribution.

Table 6. Impact of missing data of complete daily series frequency analysis.

Loss Rate NSE (Complete) NSE (Wet Day)
10% 0.98 0.99
20% 0.97 0.99
30% 0.97 0.99
40% 0.97 0.99
50% 0.97 0.99
60% 0.97 0.99
70% 0.12 0.98
80% 0.31 0.99

Within the rainfall dataset, the majority of the data were from dry days. During the
verification process of missing data, a large portion of the non-rainy data was excluded,
leading to variations in the standard deviation. In the case of the complete time series, with
the increase in the number of missing data, the standard deviation gradually exhibited
fluctuations to various degrees, which then passed to the Cs and C,. In the unbiased
estimate formula (Equation (3)), as the standard deviation with a cubic exponent decreased,
the influence of the perturbation in the time series on the Cs value would be amplified
(Equation (3)) causing a highly variable Cs curve (Figure 15). The fluctuations of those
parameters eventually influenced the results of the frequency analysis based on the com-
plete series. Therefore, when analyzing the probability of rainfall based on the complete
time series, special attention should be paid to the amount of missing data because the
calculated parameters based on the complete time series tend to have greater fluctuation
on the derived PDFs.

The threshold of the 70% loss rate was expected to be influenced by the fraction of the
dry days within the dataset. This finding may hold true for continental climates and dry
regions where the dry days took up the majority of the time series dataset (72.6% in this
study). As the time series included more dry days, such as dry Northeastern China, the
threshold of loss rate would gradually decrease; while in wet climates where the dry days
were much fewer, the threshold of loss rate would gradually increase, i.e., the frequency
analysis was less affected by the data missing.
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Figure 15. The impact of missing data on two data parameters (left: complete time series; right:
wet-day time series).

4. Conclusions

This work aimed to develop the precipitation probability distribution fitting with
complete daily series, which could provide the actual probability of rainfall on any given
day regardless of knowing in advance if it is a rainy /wet day or if it belongs to a wet season.
Changchun, Jilin Province, China was picked as a case study to conduct the frequency
analysis and trend analysis of the recent precipitation events in Northeastern China. An
approximate 60 years of precipitation time series were collected from the CMA and NOAA
stations. Four types of probability distributions were tested and compared, which included
Pearson type III, GEV, Weibull, and PBF distributions. The M-K tests were further adopted
to analyze the historic trend. The major findings were listed as follows.

(1) The use of complete time series in precipitation frequency analysis gave more realistic
estimates of probabilities than the traditional methods relying on rainy days only.
Based on the two separate weather stations, the Pearson III and PBF distributions
established from the complete daily series were at least 458% and 227% more accurate
in fitting with the observed complete daily series than the distributions established
from the wet-day-only series. The return periods of historic rainfall should also be
determined from the complete daily series rather than the wet-day-only series, since
the latter might overestimate the rain depths of the studied return periods by at least
76% if the depths of the corresponding return periods are more closely represented by
the real condition.

(2) A clear threshold of 137 days was found in this study to separate the persistent or
autocorrelated time series from the antipersistent or independent time series based on
the climacogram analysis. This threshold, possibly varied case by case, was proposed
as a practical way to validate the GEV model or as such required data independence
and predetermine the lowest time step for the long-term trend tests.

(3) The choice of the starting and ending points had a significant influence on the M-K
test and easily led to different mutation points for trend analysis.
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(4) The test of K-permutation sampling revealed that the lack of data would affect the
accuracy of the frequency analysis only after the missing data reached 70% of the
whole dataset. The wet-day series were less affected by the data gaps than the
complete time series.

Based on the significant difference between the precipitation frequency analyses
conducted by the complete daily series and the wet-day-only series, this work strongly
argued that the complete daily series better represented the real condition and, therefore,
should be used for the frequency analysis by the designs and constructions of the flood
control and drainage systems.
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