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Abstract: This study aims to reveal rainfall anomalies and changes over the Yellow River Basin due
to the fragile ecosystem and rainfall-related disasters. Common trend analyses relate to overall trends
in mean values. Therefore, we used two graphical methods: the quantile perturbation method (QPM)
was used to investigate anomalies over time in extreme rainfall, and the partial trend method (PTM)
was used to analyze rainfall changes at different intensities. A nonparametric bootstrap procedure
is proposed in order to identify significant PTM indices. The QPM indicated prevailing positive
anomalies in extreme daily rainfall 50 years ago and in the middle reaches during the 1970s and
1980s. The PTM detected significant decreases in annual rainfall mainly in the latter half of the middle
reaches, two-thirds of which occurred in high and heavy rainfall. Most stations in the middle and
lower reaches showed significant decreases in rainy days. Daily rainfall intensity had a significant
increase at 13 stations, where rainy days were generally decreasing. The combined effect of these
opposing changes explains the prevailing absence of change in annual rainfall, and the observed
decreases in annual rainfall can be attributed to the decreasing number of rainy days. The changes in
rainy days and rainfall intensity were dominated by the wet season and dry season, respectively.

Keywords: quantile perturbation method; partial trend method; innovative trend analysis; rainfall;
extreme; anomaly; the Yellow River

1. Introduction

Climate change has been a hot topic for decades. Large numbers of studies have been carried
out on global and regional scales [1]. Many studies have focused on changes in mean values [2,3].
Recently, the frequent occurrences of extreme weather and climatic events, such as rainstorms, heat
waves, droughts and floods have been reported worldwide [1,4–7]. These extreme events are likely to
bring about damaging effects on the ecosystem, society and economy [8–10]. Therefore, concerns about
variations in extreme weather conditions are greatly increasing [11,12]. Disproportionate changes in
rainfall intensity have been found all over the world. For example, changes in heavy rainfall have
been larger than the mean rainfall when there were statistically significant regional changes in the
rainy season [13]. Even changes in extreme rainfall were opposed to changes in mean rainfall in some
regions [14]. Hence, it is necessary to investigate changes in different rainfall intensities.

The Yellow River Basin is known as the “cradle of Chinese civilization” and continues to play
a critical role in the development of China [15]. The river is the primary water source for agriculture and
industries, and supports a population of 107 million people who live in the river basin [16]. However,
the flow shows a marked decline, especially in the lower reach where the main river has dried up
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(i.e., zero flow) since 1972 [15,17,18]. The frequency and duration of the drying up and zero-flow
distance increased rapidly in the 1990s [19,20]. The Yellow River, also known as “China’s Sorrow”,
is a river of disasters [21]. The river runs through the Loess Plateau, a highly erodible landform,
and carries the soil downstream. It discharges over 1.0 billion tons of sediments annually [22,23].
The sediment is deposited as fine silt, which has elevated the river bed in the lower course where has
reached greater heights than the surrounding plains [24]. As a result, the Yellow River has burst its
banks 1593 times and has had 26 major changes of course in the past 2550 years [25]. High intensity
rainfall in the Loess Plateau is a key inducement of this kind of disasters [21].

Although many scholars have studied variations in the streamflow of the Yellow River [26–29],
variations in rainfall did not raise much concern. Rainfall is an important process in water cycle and
is the primary water source of rivers. Several recent studies investigated rainfall variations in the
Yellow River Basin. Xin et al. [30] investigated the rainfall trends at 60 stations of the Loess Plateau
during the period 1965–2008, and found a statistically significant decreasing trend (p < 0.5) in annual
rainfall at 7 stations which are mainly in the Wudinghe River Basin, the Fenhe River Basin and the
north-central Shanxi Province. Hu et al. [12] revealed that most stations in the Yellow River source
region had no significant changes in rainfall indices, including total rainfall, mean rainfall on wet days
and maximum total rainfall from any consecutive 5 days, in the period of 1960–1990, 1960–2000 and
1960–2006. Yan et al. [31] found a decreasing trend in average annual rainfall based on 89 stations in
the Yellow River Basin from 1961 to 2008 on 2, 4, 8 and 16 year timescales. Liang et al. [32] studied
mean rainfall and extremes during 1961–2012 based on 62 stations. They observed 9 stations showing
a significant decreasing trend (p < 0.5) in the eastern monsoon sub-region (mainly in the middle Yellow
River), and 7 extreme rainfall indices showing prevailing negative values, however, only a few of
them are significant. Tian and Yang [33] investigated trends in temperature and rainfall in the Yellow
River, Yangtze and Pearl River Basins. They discovered no significant trend in annual and monthly
rainfall over the period 1956–2013, but a significant decrease in annual rainfall in the Yellow River
Basin during 1957–1997; they also discovered a marked decrease in extreme wet years and extreme
wet months from the period 1956–1984 to the period 1985–2013.

The commonly used methods for these trend analyses are the Mann–Kendall test [34,35],
Sen’s slope [36] and linear regression [37]. These analyses are concerned with overall trends in
mean values. However, they ignored changes over time. Significant changes in historical periods,
which are anomalies of climatic variables, may be related to disastrous hydrometeorological events [38].
The quantile perturbation method (QPM) investigates the historic changes in the ranked extremes,
and in the last decade, it has been widely used for meteorological and hydrological extremes [39–41].
Ntegeka and Willems [39] found that high rainfall extremes were clustered in the 1910s–1920s, the 1960s
and the 1990s in the winter and summer at Uccle, which may have been an inducement of the increasing
number of flood events in Belgium during the past 15 years. Tabari et al. [40] investigated anomalies
in monthly river flow from 10 hydrometric stations in the Qazvin plain, Iran, and found a positive
anomaly during the 1990s and a negative one during the 2000s. Willems [41] analyzed 10-min series of
108 years worth of precipitation in Brussels, and found multidecadal oscillation highs that occurred
within a period of 35 to 45 years. Scholars generally consider trends in mean values when using the
common trend analysis methods. While more studies investigated trends in extremes, disproportionate
changes in variable categories did not raise much concern. Maybe it is because there is no clear
definition of division between variable categories, and far more calculations need to be carried out for
various variable categories. However, understanding disproportionate changes in different categories
will reveal more characteristics and helpful information. The partial trend method (PTM) produces
a graphical presentation to observe overall the trend, as well as trends in various categories at the same
time. The PTM has been used to analyze trends in hydrological and meteorological variables, such
as evaporations, temperature, rainfall, runoff and water quality [42–46]. Kisi [42] used the PTM to
investigate trends in monthly pan evaporation at six stations in Turkey, and found that three stations
without an overall trend has some increasing and decreasing trends for the low, medium and peak pan
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evaporation values. Wu and Qian [43] used the PTM to study the rainfall trend in Shaanxi Province,
China; they found that light rainfall showed an increasing trend in summer, but a decreasing trend in
other seasons. Dabanlı et al. [44] applied the Mann–Kendall test and the PTM to investigate relative
humidity, temperature, precipitation and runoff from the Ergene drainage basin, Turkey. Although the
Mann–Kendall test showed significant trends in almost none of the cases, the PTM indicated trends in
some categories, such as an increasing trend in high and very high temperatures.

Most of the investigations of rainfall changes in the Yellow River basin have been mainly
concerned with the mean of rainfall. This study attempts to apply two graphical methods to detect
rainfall variations in the Yellow River Basin based on the latest high-quality data from the 1950s to
2016. The QPM analyzes anomalies of extreme rainfall with time, and the PTM detects the overall
trend and trends in different intensities. The statistical significance of the QPM index is estimated by
a nonparametric bootstrap method. However, there is no method to identify a statistically significant
PTM index. Previous studies detected a marked change according to a 5% or 10% departure from
a neutral line [47,48]. This judgment is, nevertheless, subjective and without statistical foundations.
In this study, a nonparametric bootstrap procedure is proposed to identify the statistically significant
PTM index. The broad applicability of the bootstrap procedure is a benefit, as it is a kind of modeling
technique which is simple and does not rely on data distribution [49–54].

2. Data and Methods

2.1. Study Area

The Yellow River is the second longest river in China with a length of 5464 km. The river originates
in the Tibetan Plateau, wanders through northern semi-arid regions, crosses the loess plateau, passes
through the North China Plain, and finally debouches into the Bohai Sea [55]. The Yellow River Basin
covers arid, semi-arid and semi-humid regions, with average annual rainfall ranging from 123 mm to
1039 mm. The Yellow River Basin is commonly divided into three reaches: the upper reach from the
origin to Hekou, the middle reach from Hekou to Huayuankou (near Zhengzhou), and the lower reach
from Huayuankou to the river mouth (Figure 1). The upper reach, accounting for over half of the basin,
consumes nearly forty percent (13 billion cubes) of the surface water. The lower reach, accounting for
only 3% of the basin, also consumes similar amounts of surface water [22,56,57]. Agriculture consumes
26 billion cubic meters of surface water per year, accounting for 78% of the surface water consumed.
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Figure 1. The inset map shows the location of the Yellow River Basin. The main map shows
meteorological stations, some cities and important counties, the Yellow River and its tributaries,
and sub-basins of the Yellow River Basin. The abbreviation RB stands for river basin.
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2.2. Data

The daily rainfall data were obtained from the China Meteorological Data Service Center. To detect
anomalies and changes in a long-term period, the series should be as long as possible. A large number
of stations were established in the 1950s, which gave the earliest records. Hence, the selected series
start in the 1950s. To make full use of the most recent data, the end year for selected stations must be
2016. In a word, the period of selected series is from 1950s to 2016. To obtain high-quality a series,
records ware checked according to two strict criteria: (1) series with missing data ware excluded,
which means that selected stations do not have any missing data; (2) data were checked and corrected
by extreme value theory and homogeneity tests, which means that selected series contain no error
records, and questionable records must be less than 0.3% of the series. Accordingly, a total of 47 series
were used in this study. The starting years, elevations and series lengths of the selected stations are
shown in Table 1.

Table 1. Summary of meteorological stations used in this study, including start years of records,
elevations of stations and proportions of questionable records.

Station
Number Start Year Elevation Questionable

Records (‰)
Station

Number Start Year Elevation Questionable
Records (‰)

1 1957 3120.0 2.83 25 1954 449.5 0
2 1958 2475.0 0 26 1954 746.0 0
3 1958 2910.0 0 27 1953 2064.9 0
4 1951 1917.2 0 28 1959 499.2 0.09
5 1957 1813.9 0 29 1955 1155.9 0.04
6 1951 1893.8 1.29 30 1955 471.0 2.61
7 1951 2315.0 1.29 31 1959 994.6 2.88
8 1958 1668.5 1.44 32 1951 1421.0 1.29
9 1951 1398.2 1.20 33 1951 1346.6 1.29
10 1958 2450.6 1.44 34 1957 1255.6 2.78
11 1957 1630.9 1.32 35 1957 409.9 1.32
12 1958 1916.5 1.39 36 1956 375.0 2.65
13 1957 1345.8 0 37 1958 505.0 0
14 1955 1036.0 2.69 38 1957 659.5 1.37
15 1957 1401.0 0 39 1957 860.1 0
16 1955 1012.6 0 40 1957 742.4 0
17 1957 1098.0 1.41 41 1953 658.5 0
18 1953 929.7 0.09 42 1951 73.2 2.49
19 1951 1157.0 1.29 43 1951 73.7 2.49
20 1954 1111.0 1.39 44 1951 51.7 1.29
21 1957 1052.7 0 45 1951 170.3 0
22 1957 851.3 0 46 1957 121.8 0
23 1957 458.1 1.37 47 1951 11.7 1.20
24 1957 433.8 0 0 0 0 0

2.3. Quantile Perturbation Method

The QPM extracts a consecutive sub-series from the fully available series. The sub-series is
a specified length of 5 to 15 years [58], set as 10 years in this study. The threshold for extremes was
defined by the 99th percentiles, based on the full series. The extracted extremes needed to meet
independent criteria. For aggregation times higher than 12 h (this study used daily rainfall, so the
aggregation time was 24 h), independent extremes separated by a time span equal to or greater than
the aggregation time ware considered to be independent [41]. The same quantiles above the threshold
from the sub-series and the full series were compared by

(y1 − x1)/x1, (y2 − x2)/x2, (y3 − x3)/x3, . . . , (yn − xn)/xn (1)

where, y1, y2, y3, . . . , yn were extracted from a sub-series based on their values, which were larger than
the threshold, and they were arranged in descending order; x1, x2, x3, . . . , xn are the corresponding
quantiles from the full series. The linear interpolation was used to estimate quantiles that could not
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be directly found in the full series. The mean of these ratios is an anomaly percentage that measures
the trend of the sub-period. The sub-period was assigned by moving window, which firstly put the
sub-period at the beginning of the full series and subsequently shifted by 1 year at a time. Consequently,
this procedure provided a large number of anomaly indices. Moreover, the moving window technique
made the anomaly indices change smoothly with time [59]. The statistical significance of the anomalies
was tested by confidence intervals, which were estimated by a nonparametric bootstrap method.
For more information on the bootstrap procedure, refer to references [39,60].

2.3.1. Partial Trend Method

The PTM was firstly introduced by Şen in 2012 [61], and it was also called innovative trend
analysis in some studies [62]. It divides the full series into two or more equal parts. Due to limited
data, this study divided the series into two halves. The two halves were sorted in ascending order.
Then the first and second series were placed on the horizontal and the vertical axis, respectively,
in a two-dimensional Cartesian coordinate system. If no change existed in the full series then, ideally,
the two halves would be equal. If so, the points in the scatter plot would fall on the 45◦ line. Otherwise,
the points fall above and below the 45◦ line, which indicates an increasing and a decreasing trend,
respectively (Figure 2) [42,57].
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A PTM index, derived by the theory above, was used to estimate the magnitude of a trend [43].
The overall trend of a series was calculated as follows.

PI =
1
n

n

∑
i=1

PIi =
1
n

n

∑
i=1

10(yi − xi)

x
(2)

where, PI is the PTM index; xi and yi are the ith value of the ordered first and second sub-series,

respectively;
−
x is the average of xi; 10 is a coefficient to make the PTM index an appropriate magnitude

to record. The partial trend, which indicates trends in different magnitudes, such as trends in extreme
rainfall, is the mean of partial PIi instead of the entire magnitude from PI1 to PIn. Generally, rainfall
is divided into 3 to 5 categories according to rainfall intensity [44,47,63]. To reveal disproportionate
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changes in rainfall intensity, this study divided annual rainfall equally into 5 categories based on
quantiles: light rainfall, less than 20th percentile; low rainfall, 20th–40th percentile; moderate rainfall,
40th–60th percentile; high rainfall, 60th–80th percentile; heavy rainfall, larger than 80th percentile.

2.3.2. Nonparametric Bootstrap Method

The bootstrap method, developed in 1970s, is a class of Monte Carlo resampling technique based
on a great number of simulated repetitions of the original experiment [64,65]. The accuracy of the
bootstrap method does not rely on large numbers of original data, so it is appropriate and effective
for limited data, such as that for rainfall, which is generally less than 100 years. For an unknown
distribution, the nonparametric bootstrap method builds an empirical distribution, which is an efficient
tool to obtain statistics [65]. Under the null hypothesis H0 of no trend displayed by the time series,
temporal change results from natural variability or randomness. The confidence intervals derived
from bootstrap distributions are summarized as follows, which is same as the bootstrap for the QPM,
in theory.

(1) Sample with replacement from the full series to obtain a bootstrap sample that has the same size
as the full series.

(2) Apply the PTM to the bootstrap sample. This yields a series of individual trend indices PIi. Then,
the overall trend index PI* (summation i = 1 to n of PIi according to Formula 2) and partial trend
indices PI’* (partial summation of PIi) are calculated.

(3) Repeat steps 1 and 2 B times to obtain an estimate of the bootstrap distributions of PI* and PI’*.
(4) Estimate the confidence intervals from the bootstrap distributions. For a given a significance

level α, the two-sided confidence intervals are estimated by the 100α/2th and 100(1 − α/2)th
percentiles of the bootstrap distribution.

The bootstrap replicates B should be a large number. Most scholars suggest that 1000 or 2000
replicates can satisfy a common application [66,67]. This study estimates the 5% and 1% significance
levels with B = 5000. For example, to estimate the 1% level, the 99% confidence intervals of PI are
defined by the 25th and 4975th values of the ordered PI*.

3. Results and Discussion

3.1. Temporal Anomaly in Extreme Daily Rainfall

Temporal variations in extreme daily rainfall were investigated by the QPM. Due to limited space,
only a sample of the QPM plots are shown in Figure 3. The results reflect that apart from a few stations
(stations 11, 29, 36 and 43), stations had some perturbation factors falling outside the 95% confidence
limits during the estimation period. This indicates that extreme rainfall has significant anomalies over
time. An outstanding observation is that about half of the stations have showed significant positive
anomalies 50 years ago. The significant anomalies can be observed in the Qinhe River Basin as well as
in the Luohe River Basin (stations 38, 39 and 40). It is the extreme rainfall in these areas that caused
severe floods in the lower reaches during the 1950s. Another cluster of positive anomalies was found
to be prevailing in the middle reaches between Qingjian and Zhengzhou during the 1970s and 1980s.
The positive anomalies in the Fenhe River Basin, Weihe River Basin and Luohe River Basin (stations
24, 26, 27, 28, 30, 31, 35, 37, 40 and 41) during the 1980s also caused a severe flood. Significant negative
anomalies were also detected. The lower extremes prevailed during the 1990s. During the last decade,
the Yellow River Basin has generally showed a mean level of extremes that is based on the whole series,
except for the middle reaches between Hekou and Qingjian (stations 14–20) where positive anomalies
have been shown in recent years.
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3.2. Variations in Annual Rainfall

Figure 4 shows changes in annual rainfall evaluated by the PTM (only a part of the PTM plots are
shown due to limited space). The visual display provides primary insights into observing changes.
Most of the points fall between the ±10% lines indicating insignificant variations that are derived from
natural variability or randomness. Some points fall outside of the ±10% band, and they generally
fall below the −10% line. This indicates a prevailing decrease in some ranges of rainfall intensities at
some stations. For instance, at station 6, points with a large value fall below the −10% line suggesting
a decrease in abundant annual rainfall. More specifically, the maximum annual rainfall in the second
period (the last 33 years) was 641 mm and, by contrast, 8 years in the first period (accounting for
24.2%) had annual rainfall that is larger than 641 mm. Different from the prevailing behavior, stations
1, 45 and 46 exhibited a possibility of increase in some intensities. However, it is difficult to identify
a significant change due to points collected on the −10% line.

The PTM index is applied to analyze changes in annual rainfall, and corresponding significant
levels are identified by the nonparametric bootstrap method. Figure 4 shows 95% confidence intervals
for the overall trend, which is close to the ±10% lines. The PTM index (Table 2) indicates that
7 stations (accounting for 14.9%) showed a significant decrease in annual rainfall. Except at station
10, the significant decrease was located in the latter half of the middle reaches (the Fenhe River Basin,
the lower reaches of the Weihe River and the area between them; Figure 5a). Changes in different
intensities of annual rainfall that range from light to heavy rainfall (defined above) were investigated
by the PTM index. The results (Table 2) indicate that significant changes accounted for 12.8% of all
the estimates. The PTM index validated the changes observed from the PTM plots, such as the data
from station 6 (analyzed previously), where a decrease in heavy rainfall has been identified by the
PTM index with the significance level of 5%. The PTM index examined the possibility of the increases
observed by the PTM plot at the stations 1, 45 and 46. The results indicate that an increase was
observed only at the station 46, and was confined to low, moderate and high rainfall. Apart from
station 46, significant changes were decreases, about two-thirds of which occurred in the range of
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high and heavy rainfall. From the spatial view, the decreases were concentrated mainly in the middle
reaches. It is noticeable that station 27 exhibited a decrease at the 1% significance level for annual
rainfall and rainfall in various intensities. As seen from the PTM plot, all points for station 27 fall
below the −10% line with similar distances to the neutral line. Station 27, a high-altitude station with
an elevation of 2064.9 m on the top of Mount Hua, has a special environment that is different from
other stations. This implies that elevation has an important impact on rainfall changes.
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Table 2. Changes in annual rainfall according to the PTM index for annual rainfall and rainfall in
different intensities, including light, low, moderate, high and heavy rainfall.

Station
Number

Annual
Rainfall

Light
Rainfall

Low
Rainfall

Moderate
Rainfall

High
Rainfall

Heavy
Rainfall

1 0.81 0.56 0.74 1.20 0.97 0.60
2 −0.23 −0.14 0.04 0.60 −0.13 −1.48
3 −0.15 0.16 0.37 −0.12 −0.11 −0.98
4 0 0.41 0.56 0.06 −0.58 −0.37
5 −0.20 0.54 0.47 0.56 −0.47 −2.09 *
6 −0.99 −0.64 −0.33 −0.56 −1.13 −2.17 *
7 −0.48 −0.70 −0.47 −0.60 −0.25 −0.43
8 −0.04 0.48 0.71 0.52 −0.17 −1.64
9 −0.17 0.07 0.18 −0.13 −0.12 −0.82
10 −1.24 * 0.27 −1.00 −1.27 −1.94 * −2.02 *
11 0.30 −0.38 0.67 0.46 0.31 0.45
12 −0.63 0.11 −0.23 −0.76 −1.18 −0.99
13 −0.24 0.82 0.07 0.50 −0.19 −2.39 *
14 −0.74 0.05 −0.36 −0.46 −0.75 −1.97 *
15 0.28 0.75 0.69 0.42 0.16 −0.61
16 0.06 1.02 0.78 0.26 −0.51 −1.09
17 0 0.69 0.05 0.30 −0.33 −0.69
18 −1.02 −0.89 −1.15 * −0.95 −0.99 −1.10
19 0.06 0.56 0.26 0.20 −0.14 −0.49
20 −0.83 0.49 −0.31 −0.91 −1.43 * −1.81 *
21 −1.04 * −0.15 −0.72 −1.00 −1.64 * −1.69 *
22 −1.11 * −0.74 −0.74 −0.87 −1.45 * −1.76 *
23 −0.38 −0.10 −0.13 −0.13 −0.27 −1.28
24 −0.68 −0.48 −0.13 −0.61 −0.54 −1.64
25 −1.07 * −0.27 −1.13 * −0.59 −1.18 −2.00 *
26 −1.04 * −0.56 −1.09 * −1.12 −1.12 −1.27
27 −1.84 ** −2.07 ** −1.55 ** −1.69 ** −1.52 ** −2.33 **
28 −0.91 −0.10 −0.56 −0.79 −1.69 * −1.26
29 −0.64 −0.51 −0.05 −0.91 −0.77 −0.92
30 −1.21 * −1.31 * −1.03 * −0.80 −0.92 −1.90 *
31 −0.74 −0.58 −0.90 −0.67 −0.50 −1.01
32 −0.57 −0.86 −0.26 −0.33 −1.00 −0.40
33 −0.47 −0.77 −0.48 −0.03 −0.42 −0.62
34 −0.26 −0.38 −0.31 −0.94 0.51 −0.14
35 −0.62 −0.73 −0.76 0.09 −0.69 −1.01
36 −0.79 −0.64 −0.95 −0.76 −0.83 −0.76
37 −0.10 −0.65 −0.07 0.23 −0.18 0.10
38 −0.78 −0.71 −0.52 −0.29 −1.60 * −0.79
39 −0.55 −0.24 0.01 −0.10 −1.04 −1.39
40 −0.69 −0.52 −0.39 −0.60 −0.43 −1.48
41 −0.48 −0.33 −0.31 −0.21 −0.07 −1.36
42 −0.51 −0.52 −0.01 −1.07 −0.79 −0.24
43 −0.09 −0.26 −0.38 −0.18 −0.10 0.42
44 −0.19 −0.60 −1.48 * −0.52 0.59 0.96
45 0.55 0.62 0.92 1.21 0.64 −0.55
46 0.94 −0.18 1.15 * 1.79 * 1.63 * 0.33
47 −0.30 −0.45 −0.31 0.22 0.16 −1.09

Note: * Statistically significant trends at the 5% significance level; ** Statistically significant trends at the 1%
significance level.
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Figure 5. Significant changes in (a) annual rainfall; (b) rainy days and (c) average daily rainfall intensity
in the Yellow River Basin detected by the PTM index. The abbreviation SL stands for significance level.

3.3. Variations in Rainy Days and Daily Rainfall Intensity

The PTM index (Table 3) shows that 30 stations, accounting for 64%, have experienced a significant
decrease in the annual number of rainy days. The decrease was dominated by the middle and lower
reaches, as most of the decreases occurred in these areas and achieved the significance level of 1%.
Moreover, the majority of stations in the middle and lower reaches (accounting for 77%) displayed
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a significant decrease in rainy days (Figure 5b). There are 13 stations, accounting for 28%, that
experienced significant increases in average intensity of daily rainfall (Table 3). These stations with
increasing rainfall intensity generally had a decrease in rainy days (Figure 5b,c). This compensation
of opposite changes explains the absence of change in the total annual rainfall. Still, some stations
exhibited a decrease in rainy days without a change in rainfall intensity. As a consequence, annual
rainfall exhibited a decrease for these stations. It is concluded that the observed decline in annual
rainfall results from the decrease of rainy days.

Table 3. Changes in rainy day and average daily rainfall intensity by the PTM index for the dry and
wet seasons.

Station
Number

Rainy Day Rainfall Intensity

All Season Dry Season Wet Season All Season Dry Season Wet Season

1 0.19 0.31 −0.17 0.58 0.51 0.68
2 −0.22 −0.06 −0.61 −0.02 −0.14 0.01
3 −0.39 −0.01 −1.10 ** 0.35 0.61 0.11
4 −0.11 0.34 −0.98 ** 0.13 0.64 0.10
5 0.02 0.08 −0.41 −0.12 0.38 −0.52
6 −1.22 ** −1.31 ** −1.54 ** 0.23 1.34 * −0.12
7 −0.58 −0.45 −0.91 ** 0.08 0.33 0.01
8 −0.93 −0.12 −1.94 ** 1.13 * 1.48 0.78
9 −0.60 −0.15 −0.98 0.49 1.31 −0.21
10 −1.12 ** −0.82 * −1.86 ** −0.11 0.53 −0.26
11 0.05 0.97 −0.75 0.25 0.19 0.31
12 −1.34 ** −1.01 * −2.02 ** 0.85 1.21 0.99
13 −1.11 ** −0.45 −1.90 ** 1.05 * 1.72 * 1.20
14 −0.75 −0.58 −1.07 * 0.18 0.95 −0.58
15 −0.85 ** −0.59 −1.40 ** 1.38 * 1.92 ** 1.42
16 −0.66 −0.28 −1.16 ** 0.97 1.15 0.62
17 −0.48 −0.01 −1.16 * 0.65 0.80 0.50
18 −2.13 ** −1.89 ** −2.49 ** 1.35 ** 0.87 1.59 *
19 −1.26 ** −0.86 −1.76 ** 1.60 ** 1.35 1.43
20 −1.31 ** −0.80 −2.06 ** 0.60 2.08 * −0.26
21 −0.97 ** −0.71 −1.44 ** −0.01 −0.27 0.21
22 −1.15 ** −0.98 * −1.60 ** 0.04 0.78 −0.22
23 −0.95 * −0.71 −1.44 ** 0.71 0.68 1.01
24 −1.49 ** −1.29 * −1.95 ** 1.02 1.22 1.00
25 −1.32 ** −1.14 * −1.82 ** 0.36 0.86 0.44
26 −0.99 * −0.76 −1.47 ** −0.10 −0.17 0.18
27 −1.32 ** −1.30 ** −1.44 ** −0.58 −0.75 −0.31
28 −0.96 * −1.10 * −0.87 0.13 0.78 −0.48
29 −1.62 ** −1.24 ** −1.97 ** 1.21 ** 1.32 ** 1.19
30 −1.43 ** −1.19 ** −1.62 ** 0.28 0.63 0.17
31 −0.87 * −0.96 * −0.88 0.09 0.12 0.13
32 −0.97 ** −0.68 −1.56 ** 0.43 0.32 0.91
33 −0.43 −0.22 −0.91 * 0 0.11 0.07
34 −1.62 ** −1.44 * −1.95 ** 1.60 ** 1.79 ** 1.49
35 −0.96 ** −0.73 −1.62 ** 0.32 0.43 0.70
36 −1.11 ** −0.89 * −1.48 * 0.17 0.72 −0.65
37 −0.06 0.03 −0.65 −0.06 0.23 −0.41
38 −0.94 ** −0.66 −1.62 ** 0.23 0.36 0.32
39 −0.60 −0.31 −1.34 ** 0.08 0.35 0.35
40 −1.13 ** −0.85 * −1.71 ** 0.54 0.36 0.72
41 −1.71 ** −1.61 ** −1.82 ** 1.47 ** 1.93 ** 1.31
42 −1.08 ** −1.24 * −0.97 0.60 0.92 0.33
43 −1.71 ** −1.85 ** −1.58 ** 1.72 ** 1.04 2.10 *
44 −1.22 ** −1.57 ** −0.95 * 1.11 * 2.09 * 0.25
45 −0.56 −0.71 −0.41 1.34 * 1.54 1.36
46 −0.85 −0.58 −1.42 * 1.91 ** 2.37 ** 2.19 *
47 −2.14 ** −2.23 ** −2.19 ** 2.09 ** 2.40 * 2.40 *

Note: * Statistically significant trends at the 5% significance level; ** Statistically significant trends at the 1%
significance level.
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Rainfall distributes unevenly in time. More than half of the rainfall occurred in July, August
and September. These 3 months are defined as the wet season, and the other 9 months are defined
as the dry season. Variations in rainy days and rainfall intensity were investigated in the dry and
wet seasons, respectively. The results (Table 3) show different performances between the two seasons.
With respect to rainy days, 20 stations and 37 stations had significant decreases in the dry and wet
seasons, respectively. In the wet season, 31 stations had a decrease in the number of rainy days
that achieves the 1% significance level, which is far more than the amount (9 stations) in the dry
season. It is rather remarkable that 10 stations saw no change in annual rainy days, but experienced
a significant decrease in the wet season. In conclusion, therefore, it can be seen that rainy days are
more prone to decreasing in the wet season, which contributed greatly to the decrease in annual rainy
days. From the spatial view, the decrease in the annual number of rainy days is dominated by the
middle reaches, as 90% of the stations in this area exhibited decreasing rainy days. The significant
increase in rainfall intensity occurred at 10 stations in the dry season, and occurred at 4 stations in the
wet season. This indicates that the increase in average rainfall intensity is mainly caused by the change
in the dry season.

These changes in rainfall may create a negative impact on the environment. In the wet season,
stations in the upper and middle reaches generally have dropped tremendously in the number of rainy
days, but without changes in rainfall intensity. This implies a marked decrease in rainfall amount
throughout the wet season, which may increase the occurrence of droughts as well as aggravate them,
as droughts are more likely to occur in the wet season [68]. Without changes in rainfall intensity in the
upper and middle reaches, changes in the wet season would have little impact on flooding. In the lower
reaches, rainfall intensity displayed significant increases at some stations. In spite of this, the small
watershed areas minimize its impact on flooding. The areas with a decreased number of rainy days
and amount of annual rainfall (the Fenhe River Basin, the lower reaches of the Weihe River and the
area between them) are suffering from more dry days and less water, which will worsen the fragile
ecosystem. The areas with decreasing rainy days and increasing rainfall intensities may aggravate the
uneven rainfall in time, thus reducing water-use efficiency. As the average rainfall intensity increases
in some areas, the change in extreme daily rainfall is analyzed in the next section.

3.4. Variations in Extremes of Daily Rainfall

Variations in annual maximum daily rainfall, i.e., annual maximum consecutive 1-day rainfall
(RX1day), were investigated with the PTM method. The results (Figure 6a) indicate 3 stations (stations
6, 35 and 36) with a significant decrease. Rainfall duration was as long as a few days in some cases.
Thus, variations in annual maximum consecutive 5-day rainfall (RX5day) were investigated in order
to analyze the change in a continuous extreme rainfall. The results (Figure 6b) indicate that stations 6
and 10 showed a significant decrease in RX5day.

Sometimes the RX1day and RX5day were outliers, which may not reflect a universal change of
extreme rainfall. Thus, more extremes should be extracted from daily rainfall. The 99th percentile
was used as the threshold to obtain more extremes (R99) for the first and second series, respectively.
Consequently, a year has 3.65 extremes on average. The independence criterion was also applied in
the procedure of extraction. More significant changes were found in this index. Seven stations showed
significant changes in R99 (Figure 6c), and the 4 stations detected to be decreasing in RX1day or RX5day
also show significant decreases in R99. Additionally, R99 was detected to be increasing at stations 34
and 48. Rainfall is one of the main triggers of frequent landslides in these areas. The observed decrease
in daily rainfall extremes is expected to decrease occurrences of landslides [69,70].
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percentile (R99) in the Yellow River Basin detected by the PTM index. The abbreviation SL stands for
significance level.
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4. Conclusions

In this paper, two graphical methods were used to analyze anomalies and changes in rainfall in
the Yellow River Basin, based on high-quality rainfall data. The major conclusions are given as follows:

(1) Previous studies generally have estimated an overall trend in a specified period, but have taken
no notice of changes over time. The QPM has been used to analyze anomalies in extremes of
daily rainfall since 1950s. The results show that about half of the stations had significant positive
anomalies in extreme daily rainfall 50 years ago. Another cluster of positive anomalies was found
to be prevailing in the middle reaches during the 1970s and 1980s. Severe floods occurred during
the corresponding periods of the two clusters of positive anomalies. In recent years, the middle
reaches between Hekou and Qingjian have also showed positive anomalies.

(2) Changes in annual rainfall were observed with the PTM plot, and significant changes were
further verified by the combination of the PTM index and the nonparametric bootstrap procedure.
Annual rainfall was found to be significantly decreasing at 7 stations, mainly located in the
latter half of the middle reaches. This is consistent with previous studies. However, previous
studies neglected changes in different rainfall intensities, which are easily observed with the
PTM plot. This study assessed changes in annual rainfall in five categories including light, low,
moderate, high and heavy rainfall. Significant changes were found in 12.8% of all the estimates.
Significant decreases were mostly in the middle reaches. About two-thirds of the significant
decreases occurred in high and heavy rainfall.

(3) Changes in rainfall structures in the Yellow River Basin have not been investigated. This study
has used the PTM to analyze changes in the annual number of rainy days and daily rainfall
intensity, and their changes in the wet and dry seasons. The results indicate that 64% of the
stations experienced significant decreases in rainy days, and 28% of the stations experienced
significant increases in daily rainfall intensity. Most stations in the middle and lower reaches
showed a significant decrease in rainy days. The stations with increasing rainfall intensity
generally also had a decrease in rainy days. The compensation resulted in no change to the total
annual rainfall. Still, some stations had a decreasing number of rainy days without a change
in rainfall intensity. Thus, the observed decreases in annual rainfall can be attributed to the
decreases in rainy days. There were nearly twice as many stations with a decreasing number of
rainy days during the wet season compared with during the dry season, which indicates that
rainy days had a more marked decrease in the wet season. Another important finding is that
10 stations showed no change in annual rainy days but a decrease in the wet season. In contrast,
the increases in rainfall intensity mainly occurred in the dry season.

(4) Variations in extremes of daily rainfall were investigated with the PTM method. RX1day and
RX5day showed a significant decrease only in 3 and 2 stations, respectively. R99 showed
a significant decrease in 7 stations, including the stations with decreasing RX1day or RX5day.

These results are expected to provide insights for water resources planning, and the two graphical
methods are expected to be useful for analyzing changes and anomalies in various fields, not limited
to rainfall. Using high-quality data for analysis in this study provided reliable results. However,
it involved limited stations, which cannot analyze the relationships between rainfall changes and
geographical factors, such as landform and elevation. Although this study makes full use of the
records, the series are still too short to discover a circulation of anomalies in extreme daily rainfall.
Therefore, high-density stations with long-term observation will provide better understanding of
rainfall changes. Further research is required in order to analyze changes in other hydrometeorological
variables, and study the relationships between them.
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61. Şen, Z. Innovative Trend Analysis Methodology. J. Hydrol. Eng. 2012, 17, 1042–1046. [CrossRef]
62. Sonali, P.; Nagesh Kumar, D. Review of trend detection methods and their application to detect temperature

changes in India. J. Hydrol. 2013, 476, 212–227. [CrossRef]
63. Jung, I.; Bae, D.H.; Kim, G. Recent trends of mean and extreme precipitation in Korea. Int. J. Climatol. 2011,

31, 359–370. [CrossRef]
64. Efron, B. Bootstrap methods: Another look at the jackknife. Ann. Stat. 1979, 7, 1–26. [CrossRef]
65. Efron, B. Estimation and Accuracy after Model Selection. J. Am. Stat. Assoc. 2014, 109, 991–1007. [CrossRef]

[PubMed]
66. Efron, B.; Tibshirani, R.J. An Introduction to the Bootstrap; Chapman & Hall: New York, NY, USA, 1993.
67. Davison, A.C.; Hinkley, D.V. Bootstrap Methods and Their Application; Cambridge University Press: Cambridge,

UK, 1997.
68. Drought Relief Office of Shaanxi Province; Agricultural Meteorology Center of Shaanxi Province.

Drought Disaster Yearbook of Shaanxi (1949–1995); Xi’an Map Press: Xi’an, China, 1999. (In Chinese)

http://dx.doi.org/10.1016/j.pce.2015.07.005
http://dx.doi.org/10.1007/s00477-015-1070-0
http://dx.doi.org/10.1007/s11269-016-1343-5
http://dx.doi.org/10.1016/j.jhydrol.2015.06.009
http://dx.doi.org/10.2166/hydro.2010.032
http://dx.doi.org/10.1016/j.jhydrol.2010.05.040
http://dx.doi.org/10.1016/j.engappai.2015.09.010
http://dx.doi.org/10.1016/j.jhydrol.2015.08.008
http://dx.doi.org/10.1016/j.jhydrol.2015.09.028
http://dx.doi.org/10.1007/s11269-016-1538-9
http://dx.doi.org/10.1177/0309133310369434
http://dx.doi.org/10.1061/(ASCE)0733-9399(2000)126:4(389)
http://dx.doi.org/10.5194/hessd-12-12167-2015
http://dx.doi.org/10.1061/(ASCE)HE.1943-5584.0000556
http://dx.doi.org/10.1016/j.jhydrol.2012.10.034
http://dx.doi.org/10.1002/joc.2068
http://dx.doi.org/10.1214/aos/1176344552
http://dx.doi.org/10.1080/01621459.2013.823775
http://www.ncbi.nlm.nih.gov/pubmed/25346558


Water 2018, 10, 15 18 of 19

69. Peng, J.; Fan, Z.; Wu, D.; Zhuang, J.; Dai, F.; Chen, W.; Zhao, C. Heavy rainfall triggered loess–mudstone
landslide and subsequent debris flow in Tianshui, China. Eng. Geol. 2015, 186, 79–90. [CrossRef]

70. Zhuang, J.; Peng, J.; Wang, G.; Iqbal, J.; Wang, Y.; Li, W.; Xu, Q.; Zhu, X. Prediction of rainfall-induced shallow
landslides in the Loess Plateau, Yan’an, China, using the TRIGRS model. Earth Surf. Process. Landf. 2017, 42,
915–927. [CrossRef]

© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.enggeo.2014.08.015
http://dx.doi.org/10.1002/esp.4050
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Data and Methods 
	Study Area 
	Data 
	Quantile Perturbation Method 
	Partial Trend Method 
	Nonparametric Bootstrap Method 


	Results and Discussion 
	Temporal Anomaly in Extreme Daily Rainfall 
	Variations in Annual Rainfall 
	Variations in Rainy Days and Daily Rainfall Intensity 
	Variations in Extremes of Daily Rainfall 

	Conclusions 

