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Abstract: In recent years, the dry-wet transition (DWT), which often leads to regional floods and
droughts, has become increasingly frequent in the Poyang Lake basin and the Dongting Lake basin
(hereinafter referred to as the two-lake region). This study aims to investigate the early warning
signals (EWSs) for DWT events. Firstly, based on the standardized precipitation index (SPI) at
161 meteorological stations in the two-lake region from 1961 to 2020, the two-lake region is divided
into four sub-regions by the Rotational Empirical Orthogonal Function (REOF) analysis method.
Then, the occurrence time of the DWT events in each sub-region is determined by the moving t-test
(MTT) technique. Finally, by using two indicators (variance and the auto-correlation coefficient) to
describe the critical slowing down (CSD) phenomenon, the EWSs denoting the DWT events in all
sub-regions are investigated. The results reveal that there was a significant dry-to-wet (wet-to-dry)
event around 1993 (2003) in the two-lake region during the last 60 years. The phenomenon of CSD,
where the auto-correlation coefficient and variance increases are found in all sub-regions around
10 years before the DWT, suggests that it can be taken as an EWS for the DWT events. This study
confirms the effectiveness of applying the slowing down theory in investigating the EWSs for abrupt
changes in the two-lake region, aiming to provide a theoretical basis for effective prevention and
mitigation against disasters in this region. Moreover, it is expected to be well-applied to the middle
and lower reaches of the Yangtze River.

Keywords: dry-wet transition; critical slowing down; early warning signals; standardized precipita-
tion index (SPI)

1. Introduction

The Poyang Lake basin and the Dongting Lake basin (hereinafter referred to as the
two-lake region) are situated in the middle reaches of the Yangtze River, which covers
Jiangxi and Hunan Provinces. Historical records reveal that the two-lake region has long
suffered from drought and floods [1]. Specifically, since the middle of the 20th century,
floods and drought have become more frequent in the two-lake region due to global
warming. In addition, the dry-wet transition (DWT) has become increasingly frequent [2,3].
In general, the time that the climatic system maintains a drought or flood state in the
two−lake region is becoming shorter; i.e., the cycle of the transition between dry and wet
states has significantly shortened [1,4,5]. This is the key to study the DWT for disaster
prevention and reduction.

DWT events include the dry-wet transition and the wet-dry transition, which are
typical precipitation anomaly events. Compared with a drought or flood event, the DWT
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usually causes serious problems, such as regional floods and droughts [6]. Many scholars
have carried out a large number of studies on dry-wet transition events. For example, Wu
et al. [7] studied the circulation characteristics of DWT events in the middle and lower
reaches of the Yangtze River. Li et al. [8] analyzed the DWT characteristics in the Poyang
Lake region. Li and Fu [9] used the ECMWF re-analysis data to study the characteristics of
atmospheric and surface fluxes before and after the DWT in the Amazon region. Espinoza
et al. [10] studied the atmospheric circulation characteristics of DWT events in South
America. However, there are few studies on the early warning signals of DWT events. If
efficient early warnings can be issued ahead of the DWT, the related departments of the
local government should have enough time to take effective measures to reduce the disaster
losses. Therefore, it is of great importance to improve the forecast of and early warning
system for the DWT in the two-lake region.

However, as complex nonlinear processes are involved in the DWT, existing climate
models have limited capabilities in predicting possible DWTs [11–14]. Nowadays, for the
regional drought-flood events caused by the DWT, the prediction studies are mainly based
on numerical models, and they mainly focus on the external forcings (sea temperature,
sea ice, etc.). However, it is sometimes difficult for numerical models to predict the DWT
events. For example, some scholars have revealed that the predictions for the two-lake
region are almost contrary to the observational facts in 1999 and 2007 [15,16]. It is a long-
term challenge for meteorological departments to accurately predict the regional drought
or flood events caused by the DWT. The transition of the climate system between different
states is considered as a tipping point. Scheffer et al. proposed a novel method to study
the tipping point by using critical slowing down phenomenon [17,18]. This phenomenon
can be found in a wide range of fields in nature and human society [19,20], often leading
to catastrophic consequences, such as the decline of civilizations or the fall of dynasties
caused by abrupt climate changes [21,22]. Hence, it is quite necessary to research the EWSs
for the critical transition of nonlinear systems and the possible mechanisms involved.

In the early 21st century, scholars revealed that the CSD theory has remarkable po-
tential for studying EWSs [17,23,24]. In statistical physics, the CSD theory is a concept
describing the phenomenon of the dispersed fluctuations formed by the phase transition
of a dynamical system. According to the mathematical derivation, the CSD phenomenon
is often featured by slower recovery rates from disturbances, an increasing variation am-
plitude of factors, a reduced ability to return to an old phase, and a prolonged duration
of fluctuations [25]. Based on a study of multiple real systems such as the climate system,
ecosystem, and medicine, Scheffer et al. [17] proposed that when a system comes close to
the tipping point, a CSD phenomenon will occur, which is characterized by a slower recov-
ery rate and increases in the auto-correlation coefficient and variance after the perturbation
of the dynamic system. This offers a new direction for exploring the EWSs that indicate
the drastic changes in complex systems. By processing the radon concentration in water
data using the CSD theory, Yan et al. [26] revealed the appearance of the CSD phenomenon
before the Wenchuan earthquake in China in 2008. Recently, some researchers [27–31] have
adopted the CSD theory to apply to climatic datasets (including the regional atmospheric
temperature in China, the Aleutian low intensity index, and the Pacific Decadal Oscillation
index) to investigate the related EWSs in climate changes. He et al. [32–34] improved the
existing EWSs and developed a series of methods to quantitatively detect the EWSs for
drastic changes in climate status. Since the DWT involves complex nonlinear processes, it
can be regarded as a systematic mutation. Therefore, previous studies can offer effective
methods to explore the EWSs that indicate the DWT events in the two−lake region.
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Hence, this study applies the CSD theory to investigate the EWSs for the DWT in
the two-lake region, which is helpful to better understand the characteristics and causes
of the DWT in this area. First, the two-lake region is divided into four sub-regions by
the Rotational Empirical Orthogonal Function (REOF) analysis method. Then, the DWT
for each sub-region is detected by using a moving t-test (MTT). Finally, by analyzing
the characteristics’ quantities (variance and auto-correlation coefficient) that describe the
CSD phenomenon, the EWSs for the DWT are explored. We hope this study can provide
a scientific basis for predicting drought or flood events in the two−lake region and for
further prevention of and mitigation against disasters in this region.

2. Data and Methods
2.1. Data and Study Areas

Monthly precipitation data from 1961 to 2020 were obtained from 161 meteorologi-
cal observation stations, provided by the National Meteorological Information Center of
China Meteorological Administration. These data have been quality controlled and are
widely used in climate prediction and analysis in China [35,36]. According to the National
Standard of China (No. GB/T 20481-2017) and previous research [37,38], the standard-
ized precipitation index (SPI) is calculated by obtaining the Γ distribution probability of
precipitation in a certain period, taking normal standardization, and using the standard-
ized cumulative frequency distribution of precipitation to divide the drought level. The
probability density function of precipitation x in a certain period is as follows:

f(x) =
1

βrΓ(r)
xr−tx−x/β, (1)

where the shape parameter β and scale parameter r are expressed as

r̂ = 1+
√

1+4A/3
4A

β̂ = x/r̂
(2)

where A = lgx− 1
n

n
∑

i=1
lgxi, xi is precipitation, and x is its climate average.

For the precipitation sample x0, the probability (F) of sample x being less than x0 is
calculated as follows:

F(x < x0) =
1√
2π

∫ x0
0 e−Z2/2dx

Z = St− S[(c2t+c1)t+c0]
[(d3t+d2)t+d1]t+1.0

(3)

where t =
√

ln 1
F2 , and F > 0.5, F = 1.0− F, S = 1, F ≤ 0.5, and S = −1, with parameters

c0 = 2.515517, c1 = 0.802853, c2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308.
The Z value obtained by Equation (3) is SPI. The calculation program can be downloaded
from the following website: https://drought.unl.edu/monitoring/SPI/SPIProgram.aspx
(accessed on 15 October 2022).

Then, we obtain SPI data for 1 month, 3 months, 6 months, 12 months, and 24 months.
This study adopted the annual SPI (12 months) to explore the DWT and the related EWSs
in the two-lake region. The two-lake region (study area) is situated in the middle reaches of
the Yangtze River. The climatic characteristics of the two-lake basin can be summarized
as follows. The climate is mild with four distinct seasons. There is sufficient heat and
concentrated precipitation. The spring temperature is changeable, and the summer and
autumn are dry. The cold period is short, and the hot period is long. In recent years, frequent
floods and droughts have threatened the local ecological environment and agricultural
production. The study area and 161 stations are marked in Figure 1.

https://drought.unl.edu/monitoring/SPI/SPIProgram.aspx


Atmosphere 2023, 14, 126 4 of 15

Atmosphere 2023, 14, x FOR PEER REVIEW 4 of 15 
 

 

of the Yangtze River. The climatic characteristics of the two-lake basin can be summarized 

as follows. The climate is mild with four distinct seasons. There is sufficient heat and con-

centrated precipitation. The spring temperature is changeable, and the summer and au-

tumn are dry. The cold period is short, and the hot period is long. In recent years, frequent 

floods and droughts have threatened the local ecological environment and agricultural 

production. The study area and 161 stations are marked in Figure 1. 

 

Figure 1. The map of study area and locations of stations. 

2.2. Methods 

2.2.1. Variance and Auto-Correlation Coefficient 

Variance quantifies the deviation degree of the data in the sample from their mean �̅�, 

while the auto-correlation coefficient describes the degree of similarity between a given 

time series and a lagged version of itself over successive time intervals. In this study, the 

moving variance and auto-correlation coefficient of the sequence are adopted to investi-

gate the EWSs for the DWT with respect to the SPI sequence. The detailed operations are 

as follows (Figure 2). 

(a) Calculation of moving variance. Take the SPI sequence as an example. The total 

length of the SPI sequence is set to 𝐿, and a subsequence is selected from the sequence, 

which is called a sliding window and represented by ML. Then, another subsequence of 

the same length as ML is obtained by sliding, and this sliding length is called the sliding 

step, represented by MT. After the ML and MT are determined, multiple sub-sequences 

L1, L2, L3…… and Ln with the same length are obtained by the sliding window method, 

and their variances are further calculated, thus obtaining a variance sequence S1, 𝑆2, 

𝑆3…… and 𝑆n. In this study, when calculating the variance, the ML is set to 120 months 

(10 years), and the MT is set to 3 months for the sliding window. 

(b) Calculation of moving auto−correlation coefficient. Take the same SPI sequence 

as an example. By sliding the subsequence L1, L2, L3…… and Ln forward by one lag time 

(LT), a new subsequence L12, L22, L32…… and Ln2 is obtained. Afterwards, by calculat-

ing the correlation coefficients of L1 and L12, L2 and L22, L3 and L32, …… and Ln and 

Ln2, respectively, a sequence of correlation coefficients 𝛼1, 𝛼2, 𝛼3…… and 𝛼n is obtained. 

Since the subsequences for calculating the correlation coefficient are all derived from the 

SPI sequence, the correlation coefficient here is thus called the auto-correlation coefficient. 

In this study, when calculating the auto-correlation coefficient by the sliding window, the 

ML is set to 120 months (10 years), the MT is set to 3 months, and the LT is set to 1 month. 

Figure 1. The map of study area and locations of stations.

2.2. Methods
2.2.1. Variance and Auto-Correlation Coefficient

Variance quantifies the deviation degree of the data in the sample from their mean x,
while the auto-correlation coefficient describes the degree of similarity between a given
time series and a lagged version of itself over successive time intervals. In this study, the
moving variance and auto-correlation coefficient of the sequence are adopted to investigate
the EWSs for the DWT with respect to the SPI sequence. The detailed operations are as
follows (Figure 2).
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(a) Calculation of moving variance. Take the SPI sequence as an example. The total
length of the SPI sequence is set to L, and a subsequence is selected from the sequence,
which is called a sliding window and represented by ML. Then, another subsequence of
the same length as ML is obtained by sliding, and this sliding length is called the sliding
step, represented by MT. After the ML and MT are determined, multiple sub-sequences L1,
L2, L3 . . . . . . and Ln with the same length are obtained by the sliding window method,
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and their variances are further calculated, thus obtaining a variance sequence S1, S2, S3
. . . . . . and Sn. In this study, when calculating the variance, the ML is set to 120 months
(10 years), and the MT is set to 3 months for the sliding window.

(b) Calculation of moving auto−correlation coefficient. Take the same SPI sequence
as an example. By sliding the subsequence L1, L2, L3 . . . . . . and Ln forward by one lag
time (LT), a new subsequence L12, L22, L32 . . . . . . and Ln2 is obtained. Afterwards, by
calculating the correlation coefficients of L1 and L12, L2 and L22, L3 and L32, . . . . . . and
Ln and Ln2, respectively, a sequence of correlation coefficients α1, α2, α3 . . . . . . and αn is
obtained. Since the subsequences for calculating the correlation coefficient are all derived
from the SPI sequence, the correlation coefficient here is thus called the auto-correlation
coefficient. In this study, when calculating the auto-correlation coefficient by the sliding
window, the ML is set to 120 months (10 years), the MT is set to 3 months, and the LT is set
to 1 month.

2.2.2. Relationship between the CSD and the Increases in Auto-Correlations and Variances

When a stochastically forced system approaches a bifurcation at a threshold value
of a control parameter, the CSD often results in an increase in both the auto-correlation
coefficient and variance of the fluctuations [14,21]. An auto-regressive model is used to
describe the periodic disturbance of the state variable as follows:

xn+1 = eλ∆txn + sεn, (4)

where xn is the deviation of the state variable x from the equilibrium state. The ∆t represents
the recovery period of the disturbance, and the λ represents the recovery speed. s and
εn represent the standard deviation and white noise conforming to normal distribution,
respectively.

When λ and ∆t are independent of xn, this disturbance process can be written as a
first−order auto−regressive model, AR(1):

xn+1 = αxn + sεn, (5)

where α = eλ∆t represents the auto−correlation coefficient. It is 0 for white noise and is
close to 1 for red noise.

For AR (1), it is calculated as follows:

Var(xn+1) = E(x2
n) + (E(xn))

2 =
s2

1− α2 . (6)

The parameter s represents the variance. Slowing down phenomenon occurs when
the system approaches the critical point, and the recovery rate becomes slower and slower
when it transits from small amplitude disturbance to equilibrium [39,40]. During the
period of slowing down phenomenon, parameter λ is close to 0, and the auto-correlation
α approaches 1. Meanwhile, the variance tends toward infinity (Equation (6)). Therefore,
when the system approaches the critical point, the increase in variance and auto-correlation
coefficient can be considered as early warning signals. The variance and auto-correlation
coefficient are studied to find the EWS for the complex dynamic system approaching the
critical point.

2.2.3. Moving t-Test Method

The MTT method is proposed to check the abrupt change in time sequence by testing
the significant difference between the mean values of two samples. If the difference
between the mean values of two subsequences exceeds a certain significance level, it can be
considered that the mean value changed abruptly. For the time series x with n samples,
a certain time is artificially set as the reference point, and the samples of the two sub-
sequences x1 and x2 before and after the reference point are n1 and n2, respectively. The
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mean values of the two sub−sequences are x1 and x2, and the variances are s2
1 and s2

2,
respectively. The defined statistics are

t =
x1 − x2

s ·
√

1
n1

+ 1
n2

. (7)

s =

√
n1s2

1 + n2s2
2

n1 + n2 − 2
. (8)

Equation (7) follows the t-distribution with degree of freedom ν = n1 + n2 − 2. It
should be noted that the selection of the subsequence for the MTT method is artificial. In
this study, the subsequence length is changed repeatedly to detect the DWT time in the SPI
sequence in different sub-regions.

3. Results and Analysis
3.1. Regional Division Based on the REOF Method

The REOF method was proposed to study the spatial distribution difference in vari-
ables. The REOF method can increase the clarity of the feature field space and the stability
of time, which is conducive to the extraction of the local features of the spatial distribution
of climate elements. A detailed description about the REOF analysis method can be found
in [41]. In this study, the REOF analysis method was firstly conducted on the sequence
of SPI in the two-lake region in the study period, and 16 modes were obtained. Due to
the complex topography of the two-lake region, the large spatio-temporal variation of the
SPI-based drought index, and the complicated sub-regional characteristics of the drought,
the variance contribution rate was rather low for each REOF mode. The cumulative vari-
ance contribution rate of the leading 16 REOF modes reached 88.88%, indicating that the
convergence speed of eigenvalues was rather slow (Table 1).

Table 1. Variance contribution rate and cumulative variance contribution rate of each REOF mode.

REOF Mode 1 2 3 4 5 6 7 8
Variance/% 24.59 20.47 14.64 8.25 6.00 2.27 1.94 1.46

Cumulative/% 24.59 45.05 59.70 67.95 73.95 76.22 78.16 79.62

REOF Mode 9 10 11 12 13 14 15 16
Variance/% 1.33 1.33 1.29 1.17 1.16 1.08 1.04 0.86

Cumulative/% 80.95 82.29 83.58 84.75 85.91 86.99 88.03 88.88

Figure 2 demonstrates the distributions of the leading four REOF modes of the SPI in
the two-lake region during the past 60 years, which were obtained with the interpolation of
station points. On a certain load vector field, the area where the absolute value of the load
was ≥0.5 and was geographically connected is identified as an area with similar changes.
This operation as applied to the leading four REOF modes (Figure 3a–d), and roughly
four sub-regions can be obtained (Figure 3e). The cumulative variance contribution rate
of the leading four REOF modes reached 67.95%, where the first three modes were the
main contributing modes with the cumulative variance contribution rate being 59.7%, and
the contribution rates were all below 10% in the other modes. Therefore, the leading four
modes were selected for this study. Specifically, the stations with an absolute value for
the load of ≥0.5 in the leading four modes were selected. Then, the grid area-weighted
average method [42] was used to calculate the total SPI for each sub-region based on the
SPI at each selected station. Finally, the DWT and related EWSs in the two-lake region were
investigated based on the total SPI of each sub-region.
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3.2. Characteristics of the DWT in Different Sub-Regions of the Two-Lake Region

Figure 3 shows the variation characteristics of the SPI sequence and the detection of the
dry-to-wet or wet-to-dry events in sub-region I of the two-lake region. Figure 3a reveals that
the SPI sequence in sub-region I presents the obvious interannual and interdecadal variation
characteristics. In addition, the filtered sequence displays that there are relatively obvious
dry-to-wet events in 1990 and 2012, with an obvious wet-to-dry event in 2003. All these
events are collectively referred to as DWT events (abrupt changes). The research showed
that the dry and wet status in the two-lake basin has obvious interdecadal variations [4,5].
In particular, the dry-to-wet event around 1990 has caused wide concern. Figure 3b,c reveal
the abrupt changes in the SPI sequence in sub-region I detected by the MTT method. When
the sliding window’s width t was set to 10 years, multiple DWT events can be found in
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the SPI sequence, which were especially obvious in 1975, 1992, and 2003 (all passed the
significance test at the significance level of 0.01). When the sliding window width was
set to 15 years, two obvious DWT events in 1990 and 2003 can also be found. Combined
with the interdecadal variations of the SPI sequence (Figure 4a), it can be inferred that
there are two obvious DWT (critical transitions) in the SPI sequence in 1990 and 2003
in sub-region I based on the MTT method. Similar operations were conducted on the
SPI sequence in sub-regions II, III, and IV (figures omitted), and the DWT time for each
sub-region was obtained (Table 2). Generally, there were obvious DWT events in the
four sub-regions of the two-lake region in the early 1990s and early 2000s. Wu et al. [43]
analyzed the circulation background of the DWT events in the Dongting Lake basin with
respect to 500 hPa geopotential height and 200 hPa zonal wind. The results showed that the
circulation backgrounds in 1961–1992 and 2003–2020 were favorable for less precipitation
and thus caused the drought in the Dongting Lake basin, while the circulation background
in 1993–2002 led to more precipitation and even floods in the Dongting Lake basin. Since
the same operation is also applicable to the two-lake region, it will not be covered here.
This is a rational analysis of the two DWT events focusing on the circulation background.
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Figure 4. Temporal variation of the SPI sequence in sub–region I of the two−lake region and detection
of the DWT. (a) Variation of SPI sequence, where red bar represents positive SPI, blue bar represents
negative SPI, and the black curve indicates the decadal trend in the filtered sequence. (b) DWT
detection of the filtered SPI sequence with the sliding window width of n being 10 years. (c) DWT
detection of filtered SPI sequence with the sliding window width of n being 15 years. In addition, the
dashed lines in Figure 4b,c indicate the critical values at significance level of 0.01.
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Table 2. Dry–wet state conversion time in different sub−regions.

Sub−Region I II III IV

Dry–wet State conversion time 1990/2003 1993/2003 1991/2004 1994/2004

3.3. Early Warning Signals for DWT Events in Different Sub-Regions of the Two-Lake Region

In this section, the EWSs are explored for the DWT events in the two-lake region by
the variance and auto-correlation coefficient that characterize the CSD phenomenon.

3.3.1. Early Warning Signals Based on the Variance

In this section, according to the detected time when the DWT events occurred in
each sub-region, the EWSs for the DWT events are investigated by using the variance that
characterizes the CSD phenomenon.

Figure 5(a1–d2) shows the variance signal-based detection of the DWT in the SPI
sequence in different sub-regions of the two-lake region. Detailed operations are displayed
in Figure 2. Figure 5(a1–a2) shows the variance signal-based detection of the DWT in
the SPI sequence in sub-region I. The variance has increased since around 1978 (marked
by the arrow in Figure 5(a1)). According to the CSD theory, the CSD phenomenon of
increasing variance and auto-correlation detected when the complex nonlinear system
approaches the critical point that can be used as an EWS for the DWT. That is, the increase
in variance since 1978 indicated a dry-to-wet event in the future (1990). Therefore, it is
concluded that the variance-based early warning signal appeared 12 years earlier than
the occurrence of this SPI-based dry-to-wet event, suggesting that the variance is a good
indicator for the prediction of the DWT. In addition, the increase in variance since around
1998 (marked by the arrow in Figure 5(a2)) also indicated a wet-to-dry event in the future
(2003). Similar operations were also conducted in other sub-regions, and the EWSs of the
increase in variance were about 10 years ahead of the DWT events, which can be found in
all the sub-regions (Figure 5(b1–d2)). It is worth noting that, in some sub-regions (such as
sub-region II, Figure 5(b1)), there were several staged increases (around 1982 and around
1986) in the variance before the DWT event. This is attributed to the fact that different
settings of ML and MT have a certain influence on the stability of the detection results.
Previous studies showed that for a certain amount of data, the larger the ML and the longer
the MT were, the more stable the result was [24–27]. That is, the larger the ML and the
longer the MT were, the more reliable the detected signal was. By changing the ML and MT,
the variance signal in 1986 always exists. Hence, the early warning signal for the SPI-based
DWT event in 1993 in sub-region II appeared in 1986. In summary, although the DWT time
varies in the different sub-regions, the variance signal-based detection in all the sub-regions
in the two-lake region shows that there is a CSD phenomenon, with a variance increase
10 years ahead of the DWT event. This confirms the validity of the variance signal, which
is indicative of the occurrence of the DWT events.
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four different sub-regions. The left and right figures correspond to the two DWT events in the early
1990s and early 2000s, respectively.
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3.3.2. Early Warning Signals Based on the Auto-Correlation Coefficient

The CSD theory showed that the auto-correlation coefficient increases as the nonlinear
system approaches the critical point. In this section, the early warning signals (EWSs) for
the DWT are investigated by using the auto-correlation coefficient that characterizes the
CSD phenomenon.

Figure 6(a1–d2) shows the auto-correlation coefficient signal-based detection of the
DWT in the SPI sequence at representative stations in different sub-regions. Figure 6(a1–a2)
shows the auto-correlation coefficient signal-based detection of the DWT in sub-region I of
the two-lake region. Figure 6(a1) displays that the auto-correlation coefficient has increased
since around 1986 (marked by the arrow). As the CSD resulted in a decrease in the internal
change rate of the dry-wet state, and as the status of the complex nonlinear system at any
time became more and more similar to its previous status, the auto-correlation coefficient
of the SPI sequence approached 1; that is, the early warning signal for the dry-to-wet
event in 1990 appeared around 1986. Hence, the early warning signal of the increasing
auto-correlation coefficient appeared four years before the dry-to-wet event in sub-region
I of the two-lake region, which is a good indicator for the prediction of the DWT in the
two-lake region. Similarly, the increase in the auto-correlation coefficient since around 1998
(marked by the arrow in Figure 6(a2)) also indicated a wet-to-dry event in the future (2003).
Similar operations conducted on other sub-regions revealed that the EWSs of the increase
in the auto-correlation coefficient were about 10 years ahead of the DWT events, which can
be detected in all sub-regions (Figure 6(b1–d2)). Note that there were also false signals in
the auto-correlation coefficient-based signals (for example, as shown in Figure 6(c2)), which
can be discriminated by using the CSD phenomenon mentioned in the previous section,
i.e., under the condition of a certain amount of data, the larger the ML and the longer the
MT were, the more stable the results were.

In summary, the occurrence time of the EWSs for the SPI-based DWT events detected
by the variance were basically consistent with that detected by the auto-correlation coeffi-
cient, with the performance of the auto-correlation coefficient-based signal being slightly
better. This further confirmed the feasibility of studying the EWSs for the DWT events in
different sub-regions of the two-lake region based on the CSD theory.
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Figure 6. Auto-correlation coefficient signal-based detection of DWT in different sub-regions of the
two-lake region. The ML is set to 10 years, the MT is set to 3 months, and the LT is set to 1 month for
the sliding window. (a1–d2) correspond to the four sub-regions. The left and right figures correspond
to the two DWT events in the early 1990s and early 2000s, respectively.

4. Conclusions and Discussions

The DWT is a typical abnormal precipitation event. Against the background of global
warming, the DWT events in the two-lake region have become increasingly frequent, which
often lead to regional floods or droughts. If efficient early warnings can be released ahead of
the DWTs, the government and relevant departments would have enough time to plan and
take effective measures to minimize disaster losses as much as possible. Therefore, there



Atmosphere 2023, 14, 126 13 of 15

is important theoretical and practical significance to conduct research on the prediction
of and early warnings for DWT events in the two-lake region. Considering the complex
nonlinear characteristics of the DWT, nonlinear science-related theories and methodologies
were applied in this study. Firstly, the REOF method was used to divide the two-lake region
into four sub-regions with respect to the SPI. Then, the MTT method was applied to the
sequence of SPI data from the four sub-regions of the two-lake region in the past 60 years,
aiming to detect the occurrence time of DWT events. Finally, based on the principle of CSD,
the EWSs for the SPI-based DWT events in the four sub-regions of the two-lake region were
discussed, and the main conclusions are as follows.

(1) Based on the REOF method, the two-lake region can be divided into four climate
zones, and the cumulative variance contribution rate of the four leading modes reaches
67.95%, which meets the REOF zoning requirements.

(2) Detections of the SPI sequence from the four sub-regions reveal that there were
obvious DWT events in each sub-region, with the emphasis in this study placed on
the two most obvious DWT events that occurred in each sub-region in the early 1990s
and early 2000s.

(3) The featured CSD phenomenon, by varying degrees of increase in the variance and
auto-correlation coefficient, appeared about 10 years before the SPI-based DWT events
in all four sub-regions, which demonstrates the feasibility of exploring the EWSs for
DWT events using the CSD theory.

Based on the research on the DWT and corresponding EWSs in the two-lake region, the
feasibility of taking the two physical quantities (variance and auto-correlation coefficient)
that characterize the CSD phenomenon as EWSs for detecting abrupt changes in climate
data was verified. In addition, the introduction of the CSD theory was of great significance
for an in-depth understanding of the SPI-based DWT events and for detecting the related
EWSs. As a method with a wide application prospect, it is hoped that this method can
provide important reference basis for the prediction of drought and flood as well as disaster
prevention and mitigation in the Yangtze River basin. Note that the research based on the
SPI revealed that the increase in the auto-correlation coefficient and variance caused by the
CSD phenomenon may dynamically act as the EWSs before the DWT events. However,
other issues such as the characteristics of the circulations and external forcing changes
before and after the DWT and the relationships of the CSD phenomenon with the amplitude
and intensity of the abrupt changes in the DWT events need further investigation.

It is worth noting that climate change often has a significant impact on human society,
economic development, and agriculture [44]. Studying the EWSs of climate change can
remind people to prepare for disasters. Kelman et al. [45] pointed out that the location,
time, and audience may determine the impact of a climate change disaster. The DWT we
have studied in this manuscript has had a serious impact on agriculture in the two-lake
region for a long time. The EWSs given in the conclusion can help people to cope with
DWT disasters.
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