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Abstract: Total phosphorus (TP) dynamics between reservoirs and inflowing rivers critically
affect eutrophication risks, but their multi-scale interactions remain insufficiently quantified.
This study applied wavelet transform analysis to 8-year TP time series data from the Shanxi
Reservoir and its inflowing rivers. Key findings include the following: (1) Morlet wavelet
decomposition revealed dominant 8-16-month cycles for reservoir TP, contrasting with
4-8-month cycles in river TP; (2) wavelet coherence analysis identified a 90° phase lag
(2—4 months delay) between reservoir and river TP at the 8-16-month scale; and (3) the
time—frequency localization capability quantified rapid responses—reservoir TP reacted
within 2 months to abrupt river TP increases, showing stronger intensity. Multi-resolution
analysis further distinguished the driving mechanisms: interannual cycles (>12 months)
governed reservoir TP variations, while seasonal cycles (<8 months) controlled river TP
fluctuations. The study demonstrated wavelet analysis’ dual strengths: resolving scale-
specific interactions through multi-scale decomposition and quantifying transient responses
via phase coherence metrics. The 90° phase shift exposes hysteresis in TP transport, and the
2-month response threshold defines critical intervention timing. An adaptive monitoring
framework is proposed as follows: <8-month sampling under stable conditions and 2-
month intervals during TP surges, providing a time—frequency decision tool for precise
reservoir water quality management.

Keywords: drinking water reservoirs; total phosphorus; time—frequency analysis; continuous
wavelet transform; wavelet coherence

1. Introduction

Drinking water reservoirs play a critical role worldwide, not only by providing reli-
able water sources to populations but also by maintaining ecosystem health and public
safety [1-3]. In managing water quality within reservoirs, TP is one of the key nutrients.
It can indirectly influence the nutrient levels of water bodies by regulating the supply
of bioavailable phosphorus. [4—6]. Due to the potential threat that TP poses to both the
ecosystem of the reservoir and the safety of drinking water, it is crucial to understand the
dynamics of TP between the reservoir and its inflowing rivers.
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The transport and response dynamics of nutrients between reservoirs and their in-
flowing rivers are complex [7,8]. As large water storage bodies, reservoirs are significantly
influenced by the nutrient inputs from inflowing rivers [9]. However, the speed and pe-
riodicity of TP changes in reservoirs and rivers often differ [10]. This difference is not
only reflected in the reservoir’s lag effect but also in the river’s rapid response to external
environmental changes [11,12]. Therefore, studying the time-scale characteristics of TP
concentrations in reservoirs and rivers is crucial for developing effective water quality
management strategies.

In recent years, research on the nutrient dynamics between reservoirs and their in-
flowing rivers has been increasing [13-15]. Some studies have focused on how river inputs
affect the transport and response characteristics of nutrients, such as TP, under different
seasonal and hydrological conditions [16,17]. For example, Marcé et al. [18] found that
during the summer, the inflow of river water into the reservoir is the main driving factor for
nutrient concentrations. The inputs of riverine dissolved oxygen and nitrates were shown
to control the internal loading of TP in the reservoir.

However, most studies are limited to macro time-scale analyses and ignore the interac-
tions between reservoirs and rivers at different time scales [2,19,20]. Although this macro
analysis reveals overall trends, it is difficult to capture short-term fluctuations and sudden
events in TP concentration changes between reservoirs and rivers. For example, Aratjo
et al. [21] found that inflowing rivers influence the seasonal variations in TP concentrations
in tropical reservoirs. However, they did not examine how short-term TP surge events in
rivers affect the reservoir. These limitations make it challenging to consider the potential
for sudden increases in nutrient concentrations when developing reservoir water quality
management strategies.

Wavelet analysis, as a multi-scale time-frequency analysis tool, has been increasingly
applied in environmental science, particularly for capturing the complex dynamics of
environmental variables [22-24]. For example, W. Li [25] used wavelet analysis to study
nutrient fluctuations in lake systems, successfully revealing the multi-scale characteristics
of algal biomass changes regarding TP concentrations. However, despite the growing
application of wavelet analysis in water quality monitoring [22-24], multi-scale analyses of
the interactions between reservoir and river TP concentrations remain relatively limited.
Specifically, the reservoir’s response mechanisms to sudden events, such as abrupt increases
in river TP concentrations, have not been adequately studied, creating uncertainties in
water quality management.

Given the aforementioned research gaps, this study poses the following key questions:
How does the Shanxi Reservoir respond when the TP concentration in the inflowing rivers
suddenly surges or remains low and stable? What are the time scales of these responses?

The overall goal of this study is to use wavelet analysis to reveal the time—frequency
characteristics of TP in the Shanxi Reservoir and its inflowing rivers, particularly in response
to sudden increases in river TP concentrations. Our specific objectives are to determine
the intensity and extent of the reservoir’s response to these TP surges and, based on
this, to propose appropriate monitoring time scales for the reservoir under varying TP
concentration conditions. To achieve the goal, we proposed the following hypothesis: firstly,
the response intensity and lag time of TP concentrations in the Shanxi Reservoir to sudden
TP surge events in its inflowing rivers differ significantly across time scales, and wavelet
analysis can identify the key time scales governing these reservoir responses. Additionally,
the sudden increases in and low concentrations of TP in the inflowing rivers mentioned
in this study represent two typical dynamic features observed in actual monitoring data,
rather than artificially assumed scenarios.
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The uniqueness of this study lies in its systematic application of continuous wavelet
transform (CWT), cross wavelet transform (XWT), and wavelet coherence (WTC) analysis
methods to reveal the dynamics of TP concentrations in the Shanxi Reservoir and its
inflowing rivers across multiple time scales. This approach not only fills a gap in the
existing research but also provides reservoir managers with a more scientific basis for water
quality monitoring and management, particularly in response to sudden events.

2. Materials and Methods
2.1. Study Site and Data

The Shanxi Reservoir is located in the midriver of the Feiyun River in Wencheng
County, Wenzhou City, Zhejiang Province (119°36'54" E-120°04'37" E, 27°26/38"” N-
27°58'37" N). It serves as an important source of drinking water for Wenzhou City, pro-
viding potable water to approximately 7 million people. The watershed area of the Shanxi
Reservoir spans 1529 km?, with a total storage capacity of 1.84 x 109 m®. The region experi-
ences a subtropical humid monsoon climate with an average annual temperature of 19.6 °C
and an average yearly precipitation of 1876.9 mm. The average number of rainy days per
year is 149, with the primary rainy season occurring from April to September, accounting
for 74.7% of the annual rainfall. The normal water storage level of the Shanxi Reservoir
is 142 m, featuring terrain that is high in the west and low in the east. Medium and low
mountainous areas characterize the upper and middle reaches, while the lower reaches
consist of low mountainous hills and river valley plains. The Shanxi Reservoir is part of the
Shanxi Hydraulic Hub, which also includes the Zhaoshandu Reservoir. Within the Shanxi
Reservoir watershed, the Hongkou River, Liguang River, Sancha River, Xuezuokou River,
Huangtankeng River, and Jujiang River are the main inflow rivers [26,27]. Per the actual
geographical and ecological characteristics of the Shanxi Reservoir, this study monitored
the main reservoir area and its six inflow rivers. We established seven cross-sections for
this purpose, each located in the main reservoir area or on one of the inflow rivers, with
water sample monitoring data representing the average concentration of pollutants in the
river or reservoir.

The layout of the study area and the monitoring cross-sections are shown in Figure 1.
Each cross-section had three sampling points on the left, right, and midstream. Water
samples were collected from the surface layer (0-0.5 m) using a 5 L stainless steel water
sampler and stored in 500 mL clean polyethylene bottles. The pH was adjusted to less than
2, and the samples were placed in an ice-cooled insulated box and transported back to the
laboratory within 48 h for testing. TP was measured using the acidic potassium persulfate
digestion—-ammonium molybdate spectrophotometric method. Each sample was tested
in triplicate.

2.2. Indicator Selection and Data Source

Phosphorus is a limiting element in eutrophication, and it can effectively reflect
changes in water quality and their impact on the reservoir’s ecosystem. This study selected
TP concentration as a water quality evaluation indicator. Data on the monthly TP concen-
tration in the Shanxi Reservoir and its six inflowing rivers were collected from January 2009
to December 2016. These data originated from regular monitoring conducted by our labo-
ratory, with a portion provided by the Wenzhou City Shanxi Reservoir Management Office.

The main rivers feeding into the Shanxi Reservoir include the Liguangxi River, San-
chaxi River, Xuezuokouxi River, Hongkouxi River, Huangtankeng River, and Jujiangxi
River. To clearly illustrate the overall impact of sudden water quality events in the rivers on
the water quality of the main reservoir area, this study used the drainage area of each river
as a weight. Using the weighted average algorithm [28], TP concentration data from the
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same month across these six rivers were integrated into a single data point, representing

the TP concentration for that month.
—— _ wixg +waxg + L+ wnxy

Xo = 1
@ w1 + wy + L+ wp M

where xj,. . ., Xn represent data values; w1, wy,...,wn correspond to the respective weights.
The numerator represents the weighted sum. The denominator represents the sum of all
weights. The annual runoff volumes and weight coefficients for the six inflowing rivers of
the Shanxi Reservoir are listed in Table 1.
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Figure 1. Map of the Shanxi Reservoir and its inflowing rivers. (a) Monitoring sites in Shanxi Reservoir
and its inflowing rivers. (b) Monitoring cross-section in Shanxi Reservoir and its inflowing rivers.

Table 1. Annual inflow rivers’ runoff and weight.

Annual Runoff Volume

Site Number Name of River (m3/s) Weight Coefficient
R1 Liguangxi River 1.77 0.12
R2 Sanchaxi River 3.13 0.21
R3 Xuezuokou River 3.37 0.22
R4 Huangtankeng River 0.63 0.04
R5 Hongkouxi River 4.18 0.28
R6 Jujiangxi River 2.04 0.13

2.3. Nonlinear Time Series Analysis Methods

Long-term monitoring data of water environmental indicators are typical examples
of nonlinear time series [29]. In practice, time series obtained through observation or
experimentation are often complex. Without a known analytical model for the actual
system, analyzing the patterns of changes in observed time series can effectively capture



Water 2025,17,712

50f18

the dynamics of complex systems, such as reservoir ecosystems, whose processes are
unpredictable but whose unpredictability can be predicted [30]. Wavelet analysis can
proficiently extract features of reservoir water quality, such as periodicity and seasonality;,
and simultaneously reveal characteristics of the reservoir ecosystem in both the time and
frequency domains [31].

2.3.1. Wavelet Transform

Wavelet transform, emerging as a new branch of mathematics in the late 1980s, rep-
resents an advancement built upon the foundation of Fourier transform [32,33]. From a
macro perspective, Fourier transform performs an overall domain analysis, characterizing
signal features solely in the time or frequency domain. In contrast, wavelet transform
provides localized time—frequency analysis, representing signal characteristics through a
combined approach of both time and frequency domains [20,34].

In this study, we used WT, XWT, and WTC to analyze time series data. These methods
provide localized characteristics of signals in the time and frequency domains, revealing
the correlations and coherence between signals [35-37].

The schematic framework (Figure 2) shows that this study analyzed the time series
of TP concentrations in the reservoir and inflowing rivers, identifying their periodic and
spatiotemporal characteristics. Using XWT and WTC, the study determined the correla-
tion and coherence between the TP concentrations in the reservoir and inflowing rivers,
identifying their time lags and patterns. The ultimate goal was to understand the response
patterns of reservoir TP to inflowing river TP under different conditions, such as river TP
increasing suddenly or stable low concentrations.

Monthly TP concentrations g " . .
- P b ~ | Correlation between River | Cross wavelet transform
™ iaflowing rivers TP and Reservoir TP (XWT)
Determining the
monitoring time
scales of reservoir
TP concentrations
: Identifying the periodic . Identifying key time nder different
Step 1 < ° o Step 2 < o 5 T al lags& patterns |:(> e
P characteristics ¥ periods Step3 < | Temporal lags& patterns condtiiing
(e.g., stable vs.

sudden increases in
river TP
concentrations)
- Spatiotemporal correlation
Spatiotempora’ pattern patterns between river and
analysis of TP F ” s Wavelet Coherence (WTC)
= o reservoir TP
concentrations .,
concentrations

Figure 2. The schematic framework of the methodology used in this study.

The idea of wavelet transform is to approximate the function x(t) using a series of
successive approximations [38], which can be expressed as follows:

W(a,b) — \}a/o;x(t)‘(p*<t;b)dt @

where W(a, b) is the result of continuous wavelet transform; x(t) is the original signal to be
analyzed; @(t) is the chosen wavelet function, the mother wavelet; ¢*(t) is the complex
conjugate of the wavelet function; a is the scale factor and b is the time factor.

The distribution of wave energy with scale factor a can be measured by wavelet
variance; Torrence, C. and Compo, G.P. provided practical application examples of wavelet
variance in meteorology and thoroughly discussed the selection of scale factors [39]:

Var(a) — /:o W(a,b)2db 3)
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The advantage of wavelet variance is that it allows for the analysis of the main periods
of each time series.
The wavelet energy spectrum can be defined as follows [33]:

Wx(a,b) = Wx(a,b)W(a,b) = [Wx(a,b)|? (4)

where Wx(a,b) is the wavelet transform coefficient of sequence x(t); * is the complex
conjugate. The wavelet energy spectrum can be used to identify the multi-scale evolution
and mutation features of sequences.

2.3.2. Cross Wavelet Transform and Wavelet Coherence

Cross wavelet transform (XWT) is based on wavelet transform and is primarily used
to analyze the correlation between two time series [40]. It is a multi-signal, multi-scale
analysis technique. Traditional cross-correlation analysis converts signals from the time
domain to the frequency domain using Fourier transform and then analyzes the correlations
between the data in the frequency domain. This method is generally more suitable for
stationary signals and performs poorly with non-stationary signals. To effectively handle
the correlation between two non-stationary signals, XWT provides better performance.
This is because XWT combines wavelet transform with cross-spectral analysis, allowing
the simultaneous representation of the relationship between two time series in both the
time and frequency domains.

Suppose W (s) and W} (s) are the continuous wavelet transforms of two time series
X ={x1,x,L,xn} and Y = {y;,y,,L,y, }, respectively. Then, their cross wavelet transform
is defined as follows [38]:

WY (s) = Wi(s)WX (5) )

where WY (s) is the complex conjugate of W) (s), and s is the time shift.

The cross wavelet power spectrum can be defined as ‘WifY (s)|, which contains time-
frequency—amplitude information. The greater this value, the higher the correlation be-
tween the two time series.

The relationship between different power spectra is as follows [38]:

WX (s)Wr*(s)
L <p| = Lvép) \/PXPY ©)

0x0y

where P{ and P) are the background power spectra of sequences X and Y, respectively;
ox and oy are the standard deviations of sequences X and Y, respectively; Zy (p) is the
confidence coefficient related to probability p; v is the degree of freedom.

The coherence of wavelet transforms can be expressed as follows [38]:

2 [Sxv(a,b)[?

RXY(a’b) - Sx(a,b)Sy(a,b) (7)
where Sxy(a,b) = Wx(a,b)Wy(a,b) is the smoothed cross wavelet spectrum; Sx(a,b) =
|Wx(a,b)|? is the smoothed wavelet power spectrum of X; Sy(a,b) = |[Wy(a,b)|? is the
smoothed wavelet power spectrum of Y; S is a smoothing operator.

In the time—frequency domain, the degree of coherence between two wavelet trans-
forms can be demonstrated by wavelet coherence spectrogram, where the phase spectrum
reflects the response and lag between two sequences, and the phase angle reveals the
direction of correlation of two sequences.
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In this study, we applied XWT and WTC analyses using “A Matlab Toolbox for Cross-
Wavelet and Wavelet Coherence Analysis” provided by Dr. Aslak Grinsted. The specific
parameter settings are as follows: First, we selected the Morlet wavelet as the wavelet
basis function due to its excellent balance in time—frequency analysis. The scale range
was set from 1 to 128 to cover the main frequency components in the research data. The
sampling interval was determined as 0.001 s based on the temporal resolution of the data,
ensuring the accuracy of frequency calculations. The significance level was set at 95% to
identify statistically significant regions. These parameter settings were designed to ensure
the accuracy and reliability of the analysis, providing a solid theoretical foundation and
data support for subsequent research.

2.3.3. Statistical Analysis

The dataset included a long-term series of monthly total phosphorus concentrations in
the Shanxi Reservoir and its inflowing rivers from January 2009 to December 2016. Before
conducting the continuous wavelet transform, the data underwent preprocessing, which
included the removal of missing values and seasonal adjustment to minimize potential
biases in subsequent analyses.

In this study, the 30 criterion (three-sigma rule) was applied to identify outliers by
calculating the mean (i) and standard deviation (o) of the data. Values falling outside
the range [n — 30, p + 30] were considered outliers. To maintain the continuity of the
time series and avoid data loss, linear interpolation was used to correct the outliers. The
specific steps are as follows: (1) the outliers were removed; (2) based on the local continuity
characteristics of the time series, a reference window of three months before and after the
outliers was selected; (3) a linear relationship was established using adjacent valid data
points to calculate the interpolated TP concentration; (4) the mean and standard deviation
of the data before and after correction were compared to ensure that the corrected total
phosphorus concentration values conformed to the 3o criterion.

The preprocessing of the TP concentration dataset from the Shanxi Reservoir and its
inflowing rivers was essential to ensure the reliability of subsequent analyses. By applying
the 30 criterion, outliers were effectively identified and corrected using linear interpolation,
which preserved the continuity of the time series and minimized data loss.

3. Results
3.1. Total Phosphorus Characteristics

The TP concentration of the Shanxi Reservoir has generally demonstrated a posi-
tive trend, with TP concentrations ranging from 0.005 to 0.044 mg L~! and an average
concentration of 0.01 mg L-! (Figure 3).

From January 2009 to December 2013, a clear seasonal pattern in TP concentrations
was observed in the Shanxi Reservoir, with higher concentrations recorded from June to
August each year, indicating a pattern of summer > autumn > spring = winter. In autumn
and winter, lower TP concentrations are observed in the Shanxi Reservoir, particularly
from November to January, reaching a low of 0.005 mg L~!. Interannually, peaks in TP
concentrations were noted in April, September, and November 2009; June and August 2010;
June and August 2011; June 2012; and July 2013. Notably, the highest concentration of
0.044 mg L~! was recorded in August 2010.

Between 2009 and 2016, TP concentrations in these rivers fluctuated significantly,
ranging from 0.01 to 7.23 mg L™, with an average concentration of 0.22 mg L~!. Notably,
a significant anomaly in TP concentration was detected before June 2009, peaking at
7.23mg L1 in February 2009. Moreover, from January to June 2009, the average TP
concentration in the rivers reached 2.68 mg L~!. The standard deviation of TP in the
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inflowing rivers reached 2.096 in 2009, indicating severe fluctuations within the year. This
trend is similar to the overall changes in TP concentrations in the Shanxi Reservoir.

0.05 : — AT 0.0
0.04 B Reservoir — -
= River -4 0.3
. | ~ Trendline in River
= [ o . 104
S 0.03 - . Trendline in Reservoir | <
=) m : | = = Separator line e
S Peak|point ; =
g P 2 Peak point 3 Peak point g
o i ot
n- 0024 : 465 &
= " |
J_—; 470
0.01 : .
Peak point:1 75
0.00 J T ' T : T : T ! — T L | ' 8.0
2009 2010 2011 2012 2013 2014 2015 2016
Year

Figure 3. Concentration variation in monthly TP in the Shanxi Reservoir and its inflowing rivers.

3.2. Exploration of Wavelet Basis and Temporal Scale Rationality

Sensitivity analysis conducted on the continuous wavelet transform revealed a signifi-
cant dependence of the results on the type of wavelet bases selected. Notable differences
were observed between the two most commonly used wavelet bases for signal analy-
sis, Morlet and Daubechies wavelets, particularly in capturing high-frequency features.
The Morlet wavelet demonstrated superior performance in identifying characteristics of
non-stationary signals, especially in higher-frequency domains. In contrast, Daubechies
wavelets excelled in processing signals with abrupt changes and sharp transitions. This
study emphasized the characteristics manifested at different temporal scales in the long-
time series data of TP concentration in the Shanxi Reservoir and inflowing rivers, which
are inherently non-stationary signals. Given the rarity of abrupt signal changes in the TP
concentration in the Shanxi Reservoir, all evidence pointed towards selecting the Morlet
wavelet as the wavelet base for this study.

In conducting CWT on water quality data, the choice of temporal scale significantly
impacts the interpretation of environmental data, especially within complex aquatic sys-
tems [23]. We found that smaller scale ranges are more suitable for detecting rapid changes.
For instance, when the entire time series of TP concentration in the Shanxi Reservoir was
used as the scale range, the extraction of phosphorus features was not prominent in the
low-frequency domain, with periodic changes in phosphorus concentration observable
only in the high-frequency domain. Considering the cycles and frequencies of reservoir
management, selecting a smaller scale range proves to be more effective for exploring the
characteristics of TP concentration changes. In wavelet transform, an inverse relationship
exists between frequency and scale, which can be explained through the properties of
the wavelet function [41]. Changes in the scale parameter determine the stretching or
compressing of the wavelet function, with frequency inversely related to this degree of
scaling. When a smaller scale parameter is selected, the wavelet function is compressed,
corresponding to the high-frequency portion of the TP concentration signal, thereby sensi-
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tively capturing the rapid changes in reservoir phosphorus content. Moreover, this study
noted that reducing the step size of the shift can improve the resolution of results but
increase computational complexity.

3.3. Temporal Characteristics of the Wavelet Spectrum of Total Phosphorus

From 2009 to 2016, the TP concentrations in the Shanxi Reservoir and its inflowing
rivers exhibited significant time domain characteristics. These characteristics revealed
patterns in TP concentration changes in both the reservoir and the rivers. The continuous
wavelet transform of the TP concentrations in the Shanxi Reservoir and its inflowing rivers
produced wavelet power spectra (Figures 4 and 5) that display the variation patterns of TP

4

concentrations over time.

TP of Reservoir

Period (months)

16
8

4

2
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1/2
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Figure 4. Wavelet power spectrum of TP concentration variations in the Shanxi Reservoir (the black
circle marks a specific time-frequency point in the scalogram, highlighting a key signal feature and
indicating concentrated signal energy at that time and frequency).
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Figure 5. Wavelet power spectrum of TP concentration variations in the inflowing rivers (the black
circle marks a specific time-frequency point in the scalogram, highlighting a key signal feature and
indicating concentrated signal energy at that time and frequency).

The TP concentration in the reservoir was notably higher between 2010 and 2013,
with a continuous increase in signal particularly evident from mid-2012 to early 2013.
Starting in 2013, there was a significant downward trend in the reservoir TP concentration.
Additionally, the TP concentration in the Shanxi Reservoir exhibited clear seasonal variation,
peaking annually from June to August. The periodicity of TP concentration fluctuations is
also a notable aspect, with major fluctuations occurring within the 8 to 16-month period
range. Understanding these periodic fluctuations is crucial for developing effective water
quality management and pollution control strategies for the reservoir.

For the inflowing rivers (Figure 5), the TP concentration peaked in 2010 and early
2011. Starting in 2011, the TP concentration in the inflowing rivers gradually decreased,
especially after 2013. Moreover, the inflowing rivers” TP concentration also exhibited clear
seasonal patterns, with peaks in the summer and lower concentrations in the winter and
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spring. The fluctuations in the inflowing rivers” TP concentration primarily occurred within
the 4 to 8-month period range. Understanding these seasonal and periodic fluctuations is
crucial for developing targeted water quality management strategies.

Through the continuous wavelet transform analysis of TP concentrations in the Shanxi
Reservoir and its inflowing rivers, significant differences in temporal, seasonal, and periodic
variations between the two can be observed. The TP concentration fluctuations in the
reservoir exhibit a longer periodicity (8 to 16 months), while those in the rivers show
a shorter periodicity (4 to 8 months). Additionally, both the reservoir and the rivers
display distinct seasonal patterns, with higher concentrations occurring during the summer
months. These findings provide critical insights for developing regional water environment
management strategies, emphasizing the necessity of seasonal monitoring and targeted
interventions to reduce phosphorus pollution and improve water quality.

3.4. Frequency Domain Characteristics of the Wavelet Spectrum of Total Phosphorus

Frequency domain analysis primarily focused on the strength and distribution of
signals at different frequencies. By conducting a comparative analysis of the wavelet power
spectra of total phosphorus in the Shanxi Reservoir and its inflowing rivers, we can reveal
significant differences and interrelations in their frequency domain characteristics. The
TP concentration in the reservoir shows prominent high energy within the 8 to 16-month
period range, particularly from 2010 to 2013, indicating a strong annual periodic variation;
this periodic characteristic diminished after 2013.

In contrast, the TP concentration in the inflowing rivers shows significant energy
within the 4 to 8-month short-period range, especially between 2009 and 2011, suggesting
that the river TP changes are mainly driven by short-period factors such as seasonal
rainfall, flow fluctuations, and human activities. These short-period variations highlight
the inflowing rivers’ rapid response to environmental changes, particularly during the
alternating rainy and dry seasons. Unlike the reservoir, the inflowing rivers” TP changes
lack significant annual periodic characteristics, likely due to the greater impact of seasonal
factors and abrupt events on river flow and water quality, resulting in more pronounced
short-term fluctuations in their frequency domain characteristics.

Through this analysis, we observe distinct differences in the frequency domain charac-
teristics of TP concentrations between the reservoir and the inflowing rivers. The reservoir
TP is primarily influenced by annual periodic factors, while the inflow river TP is mainly
driven by short-period factors. This discrepancy reflects the different mechanisms of water
quality management and environmental response between the reservoir and the inflowing
rivers. As a large-scale regulation system, the reservoir has the ability to smooth out
seasonal fluctuations, resulting in more stable annual periodic changes in TP concentration.
Conversely, the inflowing rivers, being a dynamic system directly impacted by natural and
human activities, are more susceptible to short-term environmental changes, leading to
significant short-period fluctuations in TP concentration.

3.5. Cross Wavelet Transform and Wavelet Coherence Analysis
3.5.1. Common Periodic Fluctuations at Different Time Scales

From the XWT power spectrum (Figure 6), significant high-energy regions can be
observed in the 8 to 16-month period range from 2010 to 2013. This indicates that during
this period, the reservoir TP and inflowing rivers” TP exhibited strong common annual
periodic fluctuations. Additionally, a high-energy region in the 4 to 8-month period range
is noticeable around 2010, suggesting shorter-term periodic fluctuations.
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Figure 6. Cross wavelet transform between TP concentrations in the Shanxi Reservoir and its
inflowing rivers (January 2009-December 2016) on a monthly basis. (Thick contour lines indicate
the 5% significance level against red noise. Arrows pointing from left to right indicate a positive
correlation between the reservoir and inflowing rivers” TP concentrations, while arrows pointing from
right to left indicate a negative correlation. Arrows pointing straight down indicate that the reservoir
TP concentration leads the inflowing rivers” TP concentration by 90°, and arrows pointing straight up
indicate that the reservoir TP concentration lags behind the inflowing rivers” TP concentration by 90°.
The black circle marks a specific time-frequency point in the scalogram, highlighting a key signal
feature and indicating concentrated signal energy at that time and frequency).

The WTC analysis further confirms these findings by showing high coherence in
the same periods (Figure 7). The significant coherence in the 8 to 16-month period range
indicates that the annual cycle of TP in the reservoir is closely related to that in the inflowing
rivers from 2010 to 2013. This strong coherence suggests a synchronized response to
common environmental factors.

3.5.2. Phase Relationship

The XWT (Figure 6) phase arrows provide insight into the phase relationship between
the reservoir and inflowing rivers” TP. During the 8 to 16-month period range, the arrows
mostly point to the right, indicating that the two time series are in phase. This means that
changes in the inflowing rivers’ TP are closely followed by changes in the reservoir TP
without significant lag. The in-phase relationship suggests that the reservoir TP quickly
responds to the inflowing rivers’ TP fluctuations, likely due to direct hydraulic connectivity
and immediate water mixing processes.

In the shorter 4 to 8-month period range around 2010, the phase arrows show a combi-
nation of in-phase and out-of-phase relationships, indicating more complex interactions
and potentially different lag times at shorter time scales. This could be due to more local-
ized and transient factors affecting the inflowing rivers’ TP, which may not immediately
translate to changes in the reservoir TP.
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Figure 7. Wavelet coherence between TP concentrations in the Shanxi Reservoir and its inflowing
rivers (January 2009-December 2016) on a monthly basis. (Thick contour lines indicate the 5%
significance level against red noise. Arrows pointing from left to right indicate a positive correlation
between the reservoir and inflowing rivers’ TP concentrations, while arrows pointing from right to
left indicate a negative correlation. Arrows pointing straight down indicate that the reservoir TP
concentration leads the inflowing rivers” TP concentration by 90°, and arrows pointing straight up
indicate that the reservoir TP concentration lags behind the inflowing rivers” TP concentration by 90°.
The black circle marks a specific time-frequency point in the scalogram, highlighting a key signal
feature and indicating concentrated signal energy at that time and frequency).

4. Discussion
4.1. Differences in TP Fluctuation Cycles Between Reservoir and Inflowing Rivers

Comparing the time domain characteristics of TP concentrations in the reservoir and
the inflowing rivers reveals similar overall trends, with both showing a marked decrease
in TP concentrations starting around 2013. These peaks are influenced by agricultural
fertilization, livestock farming, and rainfall, but the river’s response is faster and more
direct. Additionally, both the reservoir and the inflowing rivers’ TP concentrations exhibit
similar seasonal patterns, with peaks in the summer. However, there are notable differences
in the periodicity of TP concentration changes between the reservoir and the inflowing
rivers. The periodic fluctuations in the reservoir are concentrated within the 8 to 16-month
range, whereas the inflowing rivers show fluctuations within a shorter 4 to 8-month range.

There are three main reasons for these differences in periodicity: (1) Reservoir lag
effect: as a large water storage body, the reservoir has a slower water renewal rate compared
to the river. This slower rate results in longer lag effects in TP concentration changes, which
in turn extend the time scale of its periodic fluctuations. In contrast, rivers, with their faster
water flow, exhibit weaker lag effects. This finding aligns with other studies. For instance,
S. Zhang et al. [42] noted that large reservoirs, such as the Three Gorges Reservoir, often dis-
play longer periodic fluctuations in nutrient concentrations like phosphorus and nitrogen
due to slower water renewal rates. Similar results have been observed in lake ecosys-
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tems, especially when studying the long-term accumulation and release of nutrients [43].
(2) River’s rapid response: Rivers, with their fast flow and strong hydrodynamics, can re-
spond more quickly to external inputs such as agricultural fertilization, livestock activities,
and rainfall. This rapid response results in short-period fluctuations in TP concentrations.
For example, Haynes and Naidu [44] demonstrated that rivers in agricultural areas experi-
ence sharp TP concentration spikes shortly after rainfall due to surface runoff entering the
water body. This short-period fluctuation is also reflected in our study, particularly on the
4 to 8-month time scale, where TP changes in the river were more frequent. (3) Different
nutrient accumulation rates: Reservoirs may experience long-term nutrient accumulation
effects, which extend the periodic changes in TP concentrations. In contrast, due to their
faster flow, rivers can more quickly transport and dilute nutrients, resulting in shorter
cycles of TP concentration changes. This phenomenon echoes findings from studies on
lakes and reservoirs. For instance, P. Zhang et al. [45] noted that semi-enclosed water
bodies often exhibit longer cycles of nutrient concentration changes due to long-term nutri-
ent accumulation. Meanwhile, rivers, with continuous water flow, can rapidly discharge
nutrients from the system, reducing long-term accumulation effects [46—48].

In comparison with the existing literature, the findings of this study further confirm
the differences between reservoirs and rivers in terms of hydrological characteristics and
nutrient cycling. For example, research by Y. Li et al. [49] demonstrated that in another
large reservoir in southern China, the periodic fluctuations in TP concentrations within the
reservoir were significantly longer than those in the inflowing rivers, consistent with our
findings in the Shanxi Reservoir. Additionally, studies from Europe and North America
have shown that TP concentration fluctuations in rivers, driven by agricultural runoff, tend
to exhibit short-period characteristics, which are further corroborated in this study.

However, this study refined the time scales of these periodic differences using wavelet
analysis, providing more precise guidance for nutrient management in reservoir-river
systems. For instance, considering the long-term accumulation effects in reservoirs, longer
monitoring and regulation cycles could be introduced into management strategies. In
contrast, for rivers, attention should be given to potential short-term fluctuations, and rapid
response strategies should be employed accordingly.

4.2. Sensitive Time Scales of Reservoir TP Response to River TP Under Varying Conditions

The WTC analysis reveals the coherence intensity between the Shanxi Reservoir
and its inflowing rivers” TP over different time scales. During the period from 2010 to
2013, the significant coherence observed in the 8-16-month range indicates strong long-
term interactions [50], with annual cycles dominating the relationship between the TP
concentrations in the Shanxi Reservoir and its inflowing rivers.

In the shorter 4-8-month cycles, the coherence between the reservoir and its inflowing
rivers’ TP shows fluctuations, indicating that the interaction is less stable at this time scale
and more influenced by short-term events, such as storms or changes in land use within
the watershed.

When there is a sudden increase in rivers’ TP concentration, the reservoir responds
rapidly within about two months, with much stronger reactions compared to periods when
the rivers” TP remains stable. This is consistent with the findings of Hughes and Marion [51],
who noted that reservoirs often show strong responses to sudden nutrient inputs. This
emphasizes the reservoir’s rapid adjustment mechanisms in response to nutrient inflows.
However, Garcia et al. [52] found that some reservoirs take longer to respond to sudden
events, which contrasts with the quick response seen in the Shanxi Reservoir, likely due to
differences in hydrodynamic properties and watershed management strategies [53,54].
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Based on the cross wavelet transform power spectrum and wavelet coherence power
spectrum results, the most sensitive time scale for the Shanxi Reservoir’s response to
changes in river TP is 8-16 months. These long-term interactions suggest that the reservoir’s
ability to regulate and buffer TP levels is closely linked to the periodic input of TP from
the river [55,56]. This research highlights the reservoir’s capacity to mitigate short-term TP
fluctuations on an annual cycle.

In conclusion, this study not only confirms the similarities in nutrient inputs between
reservoirs and their inflowing rivers but also reveals significant differences in their short-
term and long-term interactions. These differences provide more detailed guidance for
future reservoir management, suggesting that differentiated monitoring and management
strategies should be applied based on watershed conditions.

4.3. Determination of Monitoring Time Scales

The determination of monitoring time scales is based on a multi-scale analysis of the
dynamics of TP concentrations in the Shanxi Reservoir and its inflowing rivers. By using
CWT, XWT, and WTC, this study revealed the characteristics of TP concentration changes
and their interaction mechanisms at different time scales. The results showed that the
periodic fluctuations of TP concentrations in the reservoir mainly occur within the 8 to
16-month range, reflecting interannual variations. This is closely related to the reservoir’s
hydrological regulation function and its ability to buffer pollutants. In contrast, the fluctu-
ations of TP concentrations in the inflowing rivers were concentrated within the shorter
4 to 8-month range, indicating that they were more influenced by seasonal hydrological
events (such as rainfall and runoff) and short-term pollution inputs. Additionally, WTC
showed that from 2010 to 2013, there was significant coherence between the reservoir and
river TP concentrations at the 8 to 16-month scale, indicating a long-term interaction. At the
shorter 4 to 8-month scale, the coherence was weaker and more variable, suggesting that
short-term events (such as storms or land use changes) had a greater impact on river TP
concentrations. Notably, when there was a sudden increase in river TP concentrations, the
reservoir responded rapidly and strongly within about two months, highlighting the im-
portance of short-term monitoring. Based on these findings, this study recommends using
a sampling interval of no more than 8 months when river TP concentrations are relatively
stable to capture seasonal variations. During periods of sudden TP concentration increases,
the monitoring interval should be reduced to 2 months to track the reservoir’s response in
real time. This time-frequency-based monitoring framework not only effectively addresses
TP concentration changes under different hydrological conditions but also provides precise
decision-making tools for reservoir water quality management. It helps develop targeted
pollution control strategies, thereby enhancing the scientific and practical effectiveness of
regional water environment management.

5. Conclusions

This study shows that the Shanxi Reservoir’s response to changes in TP concentrations
from its inflowing rivers mainly occurs on a long-term time scale (8-16 months). However,
when there is a sudden increase in river TP concentrations, the reservoir reacts within
2 months. The reservoir’s TP concentrations exhibit periodicity in the 8-16-month range,
while the river TP fluctuates over shorter cycles of 4-8 months. The frequency character-
istics of TP in the reservoir and rivers reveal different driving factors: the reservoir’s TP
is primarily influenced by annual cycles (>12 months), while the river’s TP is driven by
shorter cycles (<8 months). These differing cycles reflect the reservoir and river systems’
distinct responses to external changes. The reservoir responds more rapidly and strongly
to sudden increases in river TP, and a monitoring time scale of no more than 2 months
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is recommended in such cases. When river TP levels are stable, the reservoir is most
sensitive to changes over an 8-16-month time scale. Therefore, this study suggests adopting
differentiated monitoring strategies based on hydrological conditions, adjusting the moni-
toring frequency according to the reservoir’s specific situation. This research highlights the
time—frequency dynamics of TP in reservoirs and rivers but may have overlooked other
environmental and human factors influencing TP levels. Future research could extend
the time scale of the data and include more environmental variables to provide a more
comprehensive understanding of TP dynamics in reservoirs. Future research will focus
on the following directions: (1) quantifying the impact of human activities, such as agri-
cultural runoff and industrial wastewater, on TP concentrations; (2) comparing wavelet
analysis with traditional statistical models and machine learning methods to evaluate its
applicability; and (3) optimizing multi-scale monitoring strategies to achieve real-time
dynamic management of TP concentrations. Despite some limitations, this study offers
valuable insights into water quality management in drinking water reservoirs, particularly
in adjusting monitoring strategies swiftly and effectively in response to sudden increases
in river nutrient levels.
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