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Abstract: Algal blooms are one of the most serious threats to water resources, and their early detection
remains a challenge in eutrophication management worldwide. In recent years, with more widely
available real-time auto-monitoring data and the advancement of computational capabilities, fuzzy
logic has become a robust tool to establish early warning systems. In this study, a framework for
an early warning system was constructed, aiming to accurately predict algae blooms in a river
containing several water conservation areas and in which the operation of two tidal sluices has
altered the tidal currents. Statistical analysis of sampled data was first conducted and suggested the
utilization of dissolved oxygen, velocity, ammonia nitrogen, total phosphorus, and water temperature
as inputs into the fuzzy logic model. The fuzzy logic model, which was driven by biochemical data
sampled by two auto-monitoring sites and numerically simulated velocity, successfully reproduced
algae bloom events over the past several years (i.e., 2011, 2012, 2013, 2017, and 2019). Considering
the demands of management, several key parameters, such as onset threshold and prolongation
time and subsequent threshold, were additionally applied in the warning system, which achieved a
critical success index and positive hit rate values of 0.5 and 0.9, respectively. The differences in the
early warning index between the two auto-monitoring sites were further illustrated in terms of tidal
influence, sluice operation, and the influence of the contaminated water mass that returned from
downstream during flood tides. It is highlighted that for typical tidal rivers in urban areas of South
China with sufficient nutrient supply and warm temperature, dissolved oxygen and velocity are key
factors for driving early warning systems. The study also suggests that some additional common
pollutants should be sampled and utilized for further analysis of water mass extents and data quality
control of auto-monitoring sampling.

Keywords: fuzzy logic; early warning; algal blooms; eutrophication

1. Introduction

As urban, industrial, and agricultural activities rapidly increase, their attendant en-
vironmental issues have also intensified to the great concern of scientists and the public.
Algal blooms are one such issue and have become a serious threat to water resources
worldwide [1,2]. Algae blooms induce problems such as depletion of oxygen [3], decreased
biodiversity [4,5], and reduced water transparency. These problems pose serious risks to
human health [6], fisheries, and [7] water resource sustainability. For example, in water
conservation areas [8], waterworks must stop operating when algae blooms occur. Prevent-
ing severe deterioration of water quality due to the fact of this issue will require effective
environmental management techniques. Of particular importance are early warning tech-
niques aimed at identifying algae blooms before or as they occur [9]. This enables rapid
response by the aquaculture industry and other stakeholders at the onset of algae blooms
and increases the chance of mitigating their impacts.
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In recent years, a wide variety of predictive methods have been developed to forecast
algae blooms [10]. They aim to provide an estimation of the likelihood of occurrence and
abundance over short or long timescales [11]. Mechanistic models typically describe the
growth, transport, and decline of phytoplankton [12]. The complexity of these approaches
varies with considered mechanisms, the data availability, and the requirement of prediction.
Statistical models rely on large data sets and tend to be tailored to the specific data set used
for their development. However, theoretical frameworks, such as mechanisms and expert
knowledge, may be difficult to implement in a purely data-driven statistical model.

Furthermore, the precision of the aforementioned methods is constrained by many
factors. First, the definition of a ‘bloom’ event varies among algal species and the require-
ments of management. Some species form a visible bloom or have a significant impact
even with a concentration below a certain density (e.g., Dinophysis spp. can be harmful at
<103 cells L−1 [13]). Second, the crucial drivers and processes of algal blooms are still not
fully understood. The high degree of spatiotemporal heterogeneity in species composition,
food–web interactions, and forms and fluxes of nutrients all account for the imperfect per-
formance of forecasts [14]. Third, notable public events of algae blooms underscore the gaps
between scientific knowledge and applied management [15]. The closure of drinking water
facilities in Toledo, Ohio, in 2014 points to the vulnerable linkages between public demands
and scientific research, which has persisted for two decades, indicating that focusing on the
nutrient concentration is not sufficient for prevention and detection of bloom events [16].
In particular, for coastal areas, shore-based and off-shore monitoring were suggested to
be implemented together to provide sufficient information for decision making regarding
beach closures and aquaculture management practices during blooms [17], even though
the high financial costs often hinder the execution.

New statistical techniques have been deployed to predict algal blooms in response
to observations. Combined with new mechanistic models, statistical data-driven models
enable a deeper understanding of the processes governing the initiation, growth, transport,
and decline of algae, which leads to significant improvements in predicting blooms [18]. A
fuzzy logic model is a typical example of a data-based empirical–statistical model integrated
with known processes. Fuzzy logic is a modeling approach [19] with the ability to reflect
human behavior, which enables it to deal with uncertain and ambiguous subjects [20]
such as currency exchange rates [21], weather prediction [22], and risk assessment [23].
In environmental science, fuzzy logic is widely used to develop environmental indices,
especially with respect to water quality. Instead of assigning a single qualification to a
state variable (e.g., a temperature of 20 ◦C is ‘high’), fuzzy logic applies the concept of
memberships of multiple qualifications. For instance, a temperature of 20 ◦C is assigned a
membership of 0.75 for the qualification ‘intermediate’ and a membership of 0.25 for the
qualification ‘high’. In this way, the degree to which quantitative inputs are assigned to each
category determines the membership. This allows for a more continuous representation of
the state variables. Second, using IF-THEN rules to embody a premise or known causality,
fuzzy logic can combine knowledge of the processes affecting algae blooms with the
conceptual criteria of environmental management. To illustrate, IF the temperature is high,
the current velocity is low and the nutrient concentration is high, THEN the probability of a
bloom is high. With the advantage in considering known processes and utilizing real-time
observation together, fuzzy logic shows promise as an effective tool for building forecasting
systems for algal blooms [24,25].

The Shawan River (Figure 1), located at the center of the Guangdong–Hong Kong–
Macau Greater Bay Area, serves as an important drinking water source. However, it
has connections with other tidal channels (the Shiqiao River) that receive domestic and
industrial sewage. Furthermore, the bidirectional tidal currents decrease the exchange
efficiency of water mass, which increases the vulnerability of the water quality of the Shiqiao
River. There have been two recorded algae blooms: from 25 October to 25 December 2010
and from 22 to 28 October 2012. To prevent further severe deterioration of drinking water
resources due to the fact of algae blooms, sampling of relevant biochemical factors and
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construction of an early warning system were carried out in 2013 and 2014. Subsequently,
this study aimed to develop an early warning index of algae blooms based on a fuzzy logic
model. Section 2 provides a brief introduction of the study area and the framework of the
early warning system. Section 3 presents the application and evaluation of the established
model. Section 4 contains an analysis of the sensitivity of the framework with respect to
the model structure and the setting of thresholds. Section 5 provides the conclusion and
future outlooks.
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Figure 1. The bathymetry and locations of auto-monitoring stations, sampling sites, and tidal sluices
in the Shawan–Shiqiao basin. The inset shows the distribution of the Guangdong–Hong Kong–Macau
Greater Bay Area, Pearl River estuary, major tributaries of the Pearl River, together with the location
of the Shawan–Shiqiao basin. The Longwan Sluice and Yanzhou Sluice are represented by red lines
across the river. The two auto-monitoring sites, Panyu (PY) station and Dongchong (DC) station, are
labeled by red dots. The two rivers are connected by the Dajiulv (DJL) channel. Purple triangles
indicate the 10 sampling sites of biochemical variables. Yellow crosses indicate the 3 hydrology
sampling locations for validation of the numerical simulation. Black arrows depict the direction of
currents in a tidal cycle, with the Longwan Sluice opening at the flood phase and the Yanzhou Sluice
opening at the ebb phase. The locations of drinking water source conservation areas are shaded
in green.

2. Materials and Methods
2.1. Study Site

The Pearl River Delta (PRD) is a complex large-scale estuarine system in the south
of China that consists of many tidal river network branches. The Shawan–Shiqiao basin
(Figure 1), with a total area of 229.8 km2, is located in the central PRD in Panyu District of
Guangzhou City. This area is quite shallow, with a depth in most parts of less than 10 m
(Figure 1). Stratifications are rarely found in this area. It is surrounded by the Shawan
and Shiqiao rivers, which are influenced by irregular semidiurnal tides and upstream
runoff. The Shawan River meets the type II water quality standards of China (GB3838-2002:
dissolved oxygen (DO)≥ 6 mg/L, chemical oxygen demand (CODCr)≤ 15 mg/L, ammonia
nitrogen (NH3-N) ≤ 0.5 mg/L, and total phosphorous (TP) ≤ 0.1 mg/L) and neighbors
several water conservation areas (Figure 1). It is the designated Drinking Water Protected
River of Panyu District, providing drinking water for thousands of people. In contrast, the
Shiqiao River receives large amounts of domestic sewage and agricultural non-point source.
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It is subsequently heavily polluted and only meets the type IV water quality requirements
(DO ≥ 3 mg/L, CODCr ≤ 30 mg/L, NH3-N ≤ 1.5 mg/L, and TP ≤ 0.3 mg/L).

As parts of the tidal river network of the Pearl River, the Shiqiao River and the Shawan
River experience flood and ebb currents twice per day. Driven by the bidirectional flow,
water is interchanged between the two rivers, which enhances the spread of polluted
water from the Shiqiao River [26]. The bidirectional flow also hinders the outflow of
polluted water and prolongs the residence time of pollutants, which further deteriorates
the environmental conditions.

To promote the water quality of the Drinking Water Source Conservation Area in the
Shawan River, the tide sluices located in Yanzhou and Longwan were constructed and
began service in 2010. The Yanzhou Sluice only opens during the ebb tidal phase, whereas
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four weighting coefficients of each PCA component and the ranking of sites with the
four highest relative coefficients are all listed in Table 1. NH3-N and TP were important
variables with high weighting coefficients in PCA1, particularly at S10 and S9, which
indicates the severe nutrient pollution in the Shiqiao River. In contrast, the Shawan River
was characterized by high COD with a negative weighting coefficient of DO, indicating
that the organic pollutants were more salient and that the self-purification driven by algae
growth was thriving. Velocity was also an important variable in the top two PCAs in all
three sampling periods, particularly in the downstream section (S10, S9, S8, S7) and upper
stream (S1, S2) of the Shawan River.

Table 1. Results of the PCA analysis on data from three sampling campaigns.

Campaign PCA Com-
ponents

Extracted Sums of
Squared Loadings Weighting Coefficients of Top 3 Factors Relative Coefficients of Locations

Variance% Cumulative
Variance% 1 2 3 4 1 2 3 4

1 PCA1 45.63 46.63 NH3-N
(0.933)

TP
(0.985)

Cl
(0.820)

DO
(−0.833)

S10
(7.988)

S9
(6.658)

S1
(−3.140)

S5
(−3.913)

PCA2 28.77 74.40 CODMn
(0.890)

Chl-a
(0.763)

Vel
(−0.594)

DO
(−0.506)

S5
(3.167)

S1
(2.346)

S8
(−3.979)

S9
(−1.542)

2 PCA1 54.569 54.569 NH3-N
(0.957)

Chl-a
(0.845)

pH
(−0.842)

SiO4
(−0.767)

S10
(11.25)

S9
(6.583)

S1
(−2.908)

S6
(−2.892)

PCA2 10.107 69.676 Vel
(0.706)

TP
(0.471)

pH
(0.493)

CODMn
(−0.373)

S8
(1.773)

S1
(1.773)

S4
(−1.412)

S9
(−1.524)

3 PCA1 60.357 60.357 NH3-N
(0.950)

TP
(0.946)

DO
(−1.969)

pH
(−0.947)

S9
(13.514)

S10
(5.097)

S7
(−4.105)

S8
(−3.550)

PCA2 17.451 77.818 CODMn
(0.854)

Vel
(0.628)

TP
(0.274)

SiO4
(−0.495)

S7
(2.936)

S10
(0.825)

S3
(−3.409)

S2
(−0.906)

A CCA analysis was also conducted to extract the environmental factors that influence
the distribution of algae species. Prior to the CCA, correlation analysis was used to
confirm the independence of these environmental variables. Algae species with relative
abundances higher than 1% were selected. The results of CCA indicated that the CODMn,
DO, DIN, DIP, and temperature were important factors that influenced the distribution of
algae species. Diatoms were relatively insensitive to organic pollutants, DO, and nutrients,
which indicates that diatoms may maintain high abundances for longer periods. In contrast,
Cryptomonas species were more sensitive to nutrient availability. However, green algae
displayed an opposite variation trend toward the concentration of organic pollutants and
were not recorded as a dominant species in the Shawan River.

The analysis revealed that the DO, NH3-N, TP, Vel, and Tem were the most relative
variables to agal blooms and should drive the early warning model. Two auto-monitoring
stations (Figure 1) are located at Shawan River. The first station, Panyu station (PY), is
located on the left side of the upper stream of the Shawan River. The other, Dongchong
station (DC), is on the right side of the downstream section. The monitoring stations
measured 11 parameters every two hours including Tem, pH, DO, conductivity, NH3-N,
TP, CODMn, cyanide, hexavalent chromium [Cr (VI)], copper, and cadmium. The time
series sampled by the two monitoring stations ranged from 2011 to 2012 and 2017–2019.
Considering that DO values change dramatically between day and night when algae
blooms occur, we used the maximum daytime (7:00 to 19:00) DO concentration minus the
minimum nighttime value (19:00 to 7:00) as an input for the early warning model. This
value was denoted by ∆DO. Because velocity was not automatically monitored by the PY
and DC stations, it was supplemented by a validated numerical simulation.

2.3. Numerical Simulation

To obtain the simulated velocity for the fuzzy logic model, a 3D hydrodynamical–
biochemical numerical model, the Environmental Fluid Dynamics Code (EFDC) [32], was
applied to the Shawan–Shiqiao basin. The EFDC was developed by John Hamrick at
Virginia Institute of Marine Science. It includes modules such as hydrodynamics, sediment,
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toxic substances, sediment, waves, and water quality [33]. It has been applied worldwide
in various surface water systems such as rivers, lakes, estuaries, wetlands, and coastal
regions [34]. The model solves the vertically hydrostatic, free-surface, turbulent averaged
equations of motion for a variable-density fluid, using second-order accurate, spatial fi-
nite differences on a staggered C-grid. To include the influence of the sluice operation
on the velocity field, temporal variations were added using the ‘mask.inp’ function in
the EFDC model. In this instance, the EFDC model was able to imitate the opening and
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2.4. Development of an Early Warning Index Based on Fuzzy Logic

The design and structure of the fuzzy logic model is shown in Figure 3. The inputs of
the model are shown in the left column including biogeochemical data and hydrologic data
such as temperature from auto-monitoring measurements and flow velocity from the EFDC
simulation. In the first step, all input data went through fuzzification. NH3-N, TP, ∆DO,
Vel, and Tem were translated into memberships of sets of qualitative descriptions (Figure 4).
The second step, called fuzzy inference, including fuzzy rules and fuzzy operators, are
shown in the middle column. The fuzzy rules, which embody the IF-THEN logical chain,
were designed based on knowledge of processes. In this study, three water quality variables
were first converted into a water quality index (WQI) by fuzzy rules. Then, the influence of
the WQI and physical variables were merged to generate the fuzzy sets of early warning
variables. In the defuzzification step, the fuzzy sets of early warning variables were
translated into a numerical output that quantitatively described the probability of algae
bloom occurrence. Considering the temporal resolution of the data sets, the warning
system provides early warning indexes every day. The results on day T + 1 only relies on
the conditions on T. Once the early warning index exceeds thresholds, measures are taken
on time to safeguard the operation of the water works.
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2.4.1. Fuzzification

The fuzzification process consists of the definition of the fuzzy sets and membership
functions. In the first step, input values for all variables are converted into several fuzzy
sets, with membership grades determining the extent to which a value belongs to a fuzzy
set. This is based on a defined fuzzy logic, which is a mechanism for describing the
degree of membership of an element to a set and the use of several terms to classify the
linguistic variables.
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The traditional mathematics of logical judgements is based on binary logic, which is
also referred to as the law of bivalence. The law of bivalence responses are ‘completely
true’ and ‘completely false’. For example, it may classify a water temperature value greater
than 30 ◦C as ‘hot’, whereas a value even slightly less than 30 ◦C is ‘not hot’. Zadeh [19]
introduced fuzzy logic to extend the law of bivalence. Fuzzy logic introduces the concept
of partial truth-values that lie between ‘completely true’ and ‘completely false’. This aligns
with patterns of human thinking, which generally do not determine such categories in a
precise sense, necessitating a transition between ‘not hot’ and ‘hot’ (Figure 4). Figure 4e
illustrates two fuzzy logic concepts, ‘fuzzy sets’ and ‘membership functions’. In this
example, ‘hot’ is defined as a linguistic term corresponding to a fuzzy subset of ‘H’ of the
variable ‘water temperature’. The membership function in Figure 4e numerically represents
the degree to which an element belongs to ‘H’.

A membership function describes all information contained in a fuzzy set. Fuzzy set
theory permits the gradual assessment of the membership of elements in relation to a set.
In theory, the fuzzy set ‘A’ is a subset of a non-empty space X, and can be defined as:

A ={ (x1 , µA(x) ) | x ∈ X} 0 ≤ µA(x) ≤ 1 (1)

where x1 belongs to X and is an element of fuzzy set A, and the value of µA(x) shows the
membership grade of x1 in fuzzy set A. µA(x1) = 1 signifies full membership of element
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x1 to fuzzy set A, µA(x1) = 0 means that no element of x1 belongs to fuzzy set A, and
0 < µA(x1) < 1 indicates partial membership of element x1 to fuzzy set A.

A membership function can be expressed in various forms such as triangular, trape-
zoidal, and Gaussian [38]. In this study, the triangular and trapezoidal membership func-
tions were combined to characterize the transitions between different fuzzy sets (Figure 4).
The ranges of these five parameters were identified by finding the minimum and maximum
values of each parameter. Five fuzzy sets were defined by the linguistic terms, named as
very low (VL), low (L), medium (M), high (H), and very high (VH). Each set was divided
based on a literature review and local climate and hydrological characteristics, which are
listed in Table 2. Each input variable was assigned a membership function that ranged
from 0 to 1 on the defined linguistic terms.

Table 2. Input variables and the corresponding fuzzy sets.

Very Low (VL) Low (L) Medium (M) High (H) Very High (VH) Reference

∆DO (mg/L) 0–1.5 0.5–2.5 1.5–3.5 2.5–4.5 3.5–6.0 [39]

NH3-N (mg/L) 0–0.075 0–0.15 0.075–0.225 0.15–0.30 0.225–2.0 [40]

TP (mg/L) 0–0.0075 0–0.015 0.0075–0.0225 0.015–0.03 0.0225–0.2

Tem (◦C) 10–15 10–20 15–25 20–30 25–35 [41–43]

Vel (m/s) 2–10 1–3 0.4–1.2 0.1–0.5 0–0.2 [44]

Early warning index 0–25 0–50 25–75 50–100 75–100

2.4.2. Fuzzy Inference

Fuzzy inference consists of fuzzy rules and fuzzy operators. In the fuzzy rules,
knowledge of processes is laid down in a set of ‘IF-THEN’ rules to describe the relationship
between the input and output fuzzy sets. For example, IF the water temperature is ‘high’
AND the flow velocity is ‘very low’, THEN the probability of an algal bloom is ‘very
high’. The principle of the rule block WQI is that the lowest of these three variables
determines the WQI [45]. Generally, a high ∆DO value indicates that an algal bloom
may occur, as phytoplankton produce oxygen during the day and consume it at night. A
high concentration of NH3-N or TP indicates that there are sufficient nutrients to support
phytoplankton growth. Considering that the depletion of nutrients (NH3-N and TP) could
limit phytoplankton growth or a low ∆DO value could indicate a poor growth state, the
lowest of the three values is supposed to limit the probability of a bloom. Hence, if ‘∆DO’
is ‘M’, ‘NH3-N’ is ‘H’, and ‘TP’ is ‘L’, then the lowest of these three parameters is ‘L’; thus,
‘WQI’ is ‘L’.

The fuzzy sets of physical variables (i.e., Tem, Vel) and the WQI were inputs of the
rule block ‘Early warning index’. The growth rate of phytoplankton generally increased
with Tem [46]. However, it typically decreased when Tem exceeded 30 ◦C, representing a
physiological temperature limit [42]. Only when Tem was ‘H’ instead of ‘VH’ was an algal
bloom highly likely to occur.

The inference rules for the rule block ‘Early warning index’ are more complicated than
that of WQI and, subsequently, the details are provided in Table 3. Fuzzy set operations
determine the process to combine the results from each fuzzy rule. The union operation
creates a new subset from two or more input subsets by uniting them as defined by the
following equation [47]:

µA∪B(x)= µA(x) ∪ µB(x)= max( µA(x) , µB(x) ) (2)
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Table 3. Fuzzy rules determining the fuzzy sets of early warning indexes.

Rule Number IF ‘Tem’ Is: and IF ‘Vel’ Is: and IF ‘WQI’ Is: Then ‘EWI’ Is:

1./2./3./ VL VL (1.)VL/(2.)L/(3.)M/ VL

4./5. (4.)H/(5.)VH

6./7./8./ VL L (6.)VL/(7.)L/(8.)M/ VL

9./10. (9.)H/(10.)VH

11./12./13./ VL M (11.)VL/(12.)L/(13.)M/ VL

14./15. (14.)H/(15.)VH

16./17./18./ VL H (16.)VL/(17.)L/(18.)M/ VL

19./20. (19.)H/(20.)VH

21./22./23./ VL VH (21.)VL/(22.)L/(23.)M/ VL

24./25. (24.)H/(25.)VH

26./27./28./ L VL (26.)VL/(27.)L/(28.)M/ VL

29./30. (29.)H/(30.)VH

31. L L (31.)VL VL

32./33./ L M (32.)L/(33.)M/ L

34./35./ (34.)H/(35.)VH

36. L H (36.)VL VL

37./38./ L H (37.)L/(38.)M/ L

39./40./ (39.)H/(40.)VH

41. L VH (41.)VL VL

42./43./ L VL (42.)L/(43.)M/ L

44./45. (44.)H/(45.)VH

46. L L (46.)VL VL

47./48./ L M (47.)L/(48.)M/ L

49./50./ (49.)H/(50.)VH

51./52./53./ M VL (51.)VL/(52.)L/(53.)M/ VL

54./55. (54.)H/(55.)VH

56. M L (56.)VL VL

57./58./ M L (57.)L/(58.)M/ L

59./60./ (59.)H/(60.)VH

61. M M (61.)VL VL

62. M M (62.)L L

63./64./65. M M (38.)M/(39.)H/(40.)VH M

66. M H (66.)VL VL

67. M H (67.)L L

68./69./70./ M H (68.)M/(69.)H/(70.)VH M

71. M VH (71.)VL VL

72. M VH (72.)L L

73./74./75. M VH (73.)M/(74.)H/(75.)VH M

76./77./78./ H VL (76.)VL/(77.)L/(78.)M/
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Table 3. Cont.

Rule Number IF ‘Tem’ Is: and IF ‘Vel’ Is: and IF ‘WQI’ Is: Then ‘EWI’ Is:

79./80. (79.)H/(80.)VH

81. H L (81.)VL VL

82./83./ H L (82.)L/(83.)M/ L

84./85. (84.)H/(85.)VH

86. H M (86.)VL VL

87. H M (87.)L L

88./89./90./ H M (88.)M/(89.)H/(90.)VH M

91. H H (91.)VL VL

92. H H (92.)L L

93. H H (93.)M M

94./95. H H (94.)H/(95.)VH H

96. H VH (96.)VL VL

97. H VH (97.)L L

98. H VH (98.)M M

99./100. H VH (99.)H/(100.)VH H

101./102./ VH VL (101.)VL/(102.)L/ VL

103./104./ (103.)M/(104.)H/

105. (105.)VH

106. VH L (106.)VL VL

107./108./ VH L (107.)L/(108.)M/ L

109./110. (109.)H/(110.)VH

111. VH M (111.)VL VL

112. VH M (112.)L L

113./114./ VH M (113.)M/(114.)H/ M

115. (115.)VH

116. VH H (116.)VL VL

117. VH H (117.)L L

118. VH H (118.)M M

119./120. VH H (119.)H/(120.)VH H

121. VH H (121.)VL VL

122. VH H (122.)L L

123. VH H (123.)M M

124. VH H (124.)H H

125. VH VH (125.)VH VH

2.4.3. Defuzzification

In the final step, the linguistic outputs of fuzzy inference are translated into a quanti-
tative but relative value for each time step, indicating the degree to which surface blooms
may appear. The center of gravity (COG) method was applied in the defuzzification. Its
discrete form is based on Equation (3), in which µ(xi) is the membership value for point
xi [47]:

x =
∑i µ(xi)xi

∑i µ(xi)
(3)
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2.5. Assessment Routine of Hindcast Results

To better define the beginning and end of the warning period based on the output of
the fuzzy logic model, we developed a method to determine the time when the warnings of
algae blooms tend to initiate and terminate. It consists of an onset threshold that indicates
the issuing of the bloom, a subsequent threshold by which whether the warning should
extend, and a proper prolongation time which determines how long the warning should
be extended. To find an appropriate prolongation time for the alarm after the warning
index time series exceeds the onset threshold, potential values for the prolongation time
ranging 1–15 days were compared with the bloom periods in the records. After reaching
the onset threshold, the warning index series was tested with an interval of 10 in the
range of 10 to 60 to find an appropriate value for a subsequent threshold. If the warning
index series following the initial threshold reaches the defined subsequent threshold, the
warning should be extended for the defined prolongation time. The results of the various
prolongation times and subsequent thresholds were evaluated by 3 typical criteria: the
critical success index (CSI) [48], true positive hit rate (TPR), and false alarm rate (FAR) [49].
The equations are listed below:

CSI =
TNP

TNP + FN + FP
(4)

TPR =
TNP

TNP + FN
(5)

FAR =
FP

TNP + FP
(6)

TNP is the number of positive cases in which the alarm is raised. TN is the number of
negative cases (no bloom) in which the alarm is not raised. FP is the number of false
alarms raised in the absence of a bloom. FN is the number of times when blooms occurs,
but no alarm is raised. Based on the above-mentioned equations, the CSI is proportional
to the frequency of the event being forecast, and The TPR quantifies the percentage of
TRUE events among all alarming events. The higher the CSI and TPR, the more reliable
the forecasting system. On the contrary, the FAR is the percentage shared by false alarms
among all alarming events. Values of the 3 statistical criteria range from 0 to 1. When the
values of CSI and TPR approach 1, the robustness of the system is verified and vice versa
for FAR.

3. Results
3.1. Hindcast of the Recorded Algae Blooms

Two algae blooms were recorded in the Shawan River during 2011–2012 according
to the available data. These occurred from 25 November to 8 December 2011 and from
22 to 28 October 2012. Both blooms began on the southern side of the Shawan River and
spread to the northern side, fully covering the Water Resource Protected Areas during the
bloom peak.

Figure 5 illustrates the daily values of the early warning index based on fuzzy logic for
the PY and DC stations. High values of the early warning index indicate a high probability
of an algal bloom. By comparing the warning index and the records of visible blooms, the
index value of 60 was assigned as the onset threshold for the occurrence of an algae bloom
(Figure 5). The value of the warning index over the 2 year sampling generally remained
below 60 with the exception of two periods (Figure 5a,d). On 26 November (Figure 5b), the
day after the records of a visible algal bloom, the early warning index reached 62 (>60). On
13 October 2012 (Figure 5c), the early warning index also rose above 60 and successfully
predicted an algal bloom that began on 22 October 2012. In accordance with the hindcast
result of the PY station, the early warning index of the DC station reached 62 (>60) on
26 November 2011 (Figure 5e), which was exactly when a visual bloom was recorded. The
early warning index also reached 75.67 on 17 of October 2012, which was 5 days prior to
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the recorded algae bloom (Figure 5f). During 11–14 of October 2013, the warning index
maintained a high value ranging from 50 to 75 in the DC station; however, no blooms were
recorded during this period at the PY station. The fuzzy logic model was also run for the
period of 2017 to 2019, for which auto-monitoring data were available. Consistent with
the absence of algae blooms during this period, the warning index remained below 60,
demonstrating the robustness of the fuzzy logic warning model.
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3.2. Statistical Assessment of the Results

The early warning index resulting from the fuzzy logic model is difficult to evaluate
using standard assessments. Firstly, exceeding the defined threshold of the warning index
only indicates the probable occurrence of an algal bloom, which is challenging to compare
directly with the record of blooms. In particular, information on the onset of blooms is
lacking as the rapid duplication of phytoplankton cells probably begins several days prior
to the first record of a visible bloom. However, in observations of this study, the bloom
was only recorded when the density of algal cells reached a salient level. Highlighting the
importance of early warning, it is often too late to sound the alarm when blooms have
already reached a severe stage and the water quality can no longer serve its designed
functions in the water conservation areas. Lastly, sounding the alarm based on a spiky
early warning index and a single threshold for the onset of blooms cannot predict the
duration of algal blooms. If sufficient nutrient concentrations or ∆DO sustain, the index
could maintain a relatively high value, which may indicate continued growth or favorable
growing conditions for algae. For this reason, the prolongation time and subsequent
threshold were introduced to additionally predict the time at which the blooms were
expected to disappear.
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The values of CSI, TPR, and FAR are plotted in Figure 6 as functions of the prolongation
time of the alarm and the subsequent threshold. For both the DC and PY stations, the
CSI first increased with the prolongation time, reached a peak after 6–8 days, and then
decreased (Figure 6a,b). This indicates that the typical duration of algal blooms in this
area was 6–8 days. The longer the alarm was sounded, the fewer days during the bloom
were likely to be missed, which is why the TPR generally increased with the prolongation
time (Figure 6c,d). When the prolongation time reached 11 days, the TPR approached
1, which suggested that this represents the upper limit of the duration of visible bloom
events in this area. In the range of a prolongation time from 6 to 8 days, the TPR at the PY
station decreased when warning index values less than 30 were not counted (Figure 6c).
In other words, subsequent thresholds higher than 30 were too high for the PY station
and caused the station to omit bloom periods that occurred. However, the TPR of the DC
station was not sensitive to the variations in thresholds (Figure 6d). As seen in the enlarged
time series in Figure 5e,f, we found that lower subsequent thresholds were more suitable
for the PY station (Figure 5b,c), probably due to the systematic difference between the two
stations. Following the major peak above 60, the warning index of PY tended to decrease
rapidly (Figure 5b,c), even if the bloom was present according to the records. Increasing
the subsequent thresholds shortened the duration of the alarm and, thus, increased the
missing alarm rate in the PY station (Figure 6c). In contrast, after the major peak preceded
or coincided with the beginning of the bloom record, the warning index of the DC station
experienced a gradual decrease (Figure 5b,c). With an appropriate prolongation time
(6–8 days), 20 and 40 were the most capable values to predict the following bloom periods
for the PY and DC station, respectively.
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The FAR was largely influenced by the TN (Figure 6e,f) and varied inversely with
the CSI (Figure 6a,b). The FAR was also highly sensitive to the setting of the prolongation
time. Settings of short prolongation times (less than 2 days) may be responsible for missing
subsequent bloom periods, which resulted in high FAR values (Figure 6e,f). However,
when the prolongation time was set to 14, the FAR of PY and DC exceeded 0.7. With an
increasing prolongation time, more periods following the warning threshold were mistaken
for bloom events.

3.3. The False Alarm in 2013

There was a false warning of the occurrence of an algae bloom. In October 2013,
the warning index of DC station exceeded 50 and remained high for 4 consecutive days
(Figures 7 and 5d). However, no records of algae blooms were found during this period.
Among all input variables, the steep increase of ∆DO from 1 mg/L to 2–6 mg/L after
10 October drove the elevated WQI. NH3-N and TP remained approximately 0.33 mg/L
and 0.03 mg/L, respectively. The nutrient concentration contributed little to the variation
in the WQI, as it was stably in the middle level of the fuzzy set. The velocity was at a
medium level and the temperature was favorable for algae growth. Since the nutrients
stay in middle or higher levels, the elevated ∆DO determined the increase in the early
warning index.
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However, at the PY station, there was neither a sustained increase in ∆DO during this
false alarm period nor an increase in the warning index. The correlation between the DC
and PY stations were rather low in the time series (Table 4), indicating little clues that could
be referred to from the other station.

Table 4. Correlation coefficient of the warning index and driving variables of the fuzzy logic model between the PY and DC
stations in different time periods.

Time Warning Index ∆DO NH3-N TP Temperature

1 January 2011–31 December 2013 0.14 0.07 0.01 −0.05 0.97
25 November 2011–8 December 2011 0.14 0.06 0.35 0.69 0.97

10 October 2012–28 October 2012 0.28 0.14 0.24 0.38 0.76
10 October 2013–20 October 2013 0.48 0.54 0.17 −0.08 0.49
1 January 2017–31 December 2019 0.15 0.02 0.14 0.00 0.95
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3.4. The Sensitivity of the Model Settings

To further illustrate the sensitivity of the various input variables, we conducted a
sensitivity analysis by setting the input variables to the median values of the VL, L, M, H,
and VH levels (Table 2) and running the fuzzy logic model over the period of the bloom
events under each setting. The results demonstrated that ∆DO was the most sensitive
variable (Figure 8a–f). During the period prior to and during the bloom record, the warning
index derived from the sampled value overlapped with the warning index derived from
the ∆DO artificially assigned to the H and VH levels. However, when ∆DO was assigned
with M, L, or VL values, the corresponding warning index never exceeded 50. Conversely,
assigning the velocity value with VL, L, or M levels resulted in higher values of the warning
index (Figure 8g–l). Aligned with the warning index derived from the validated simulation
that mimicked the real system, the velocity remained in the ‘very low velocity’ or ‘low
velocity’ subsets during the record of algae blooms, indicating that algae take advantage of
calm hydrology conditions to accumulate.

3.5. Systematic Difference between Two Stations

The sluices’ operation can change the spread direction of the currents, leading the
pollutants to enter the conservation area. The operation of the Yanzhou and Longwan
sluices has changed the currents in this area from bidirectional to unidirectional (Figure 1),
which has altered the intrusion of salty water and the spreading of waterborne pollutants.
During the ebb phase (Figure 9a,c), the contaminated water from the Shiqiao River drains
downstream (Figure 9a). In the DJL channel (location in Figure 1), the flow largely moves
north (Figure 9c), indicating that the stronger ebb currents in the Shiqiao River inhibit the
spread of its pollutants. Although the pollutants move downstream through the northern
channel, the subsequent flood tide pushes the contaminated water back and potentially
into the Shawan River due to the closure of the Longwan Sluice during the flood tidal
phase (Figure 9d). Based on the distribution of ammonia in the simulation, the polluted
water mass from the Shiqiao River could enter the Shawan River through the DJL channel
and reach the intersection east of DC station (Figure 9b–d).
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The simulated hydrodynamic feature may help to illustrate the difference between
the two stations and shed light on the potential combined warning framework using data
from both stations in the future. Within the limits of pollutant intrusion from the Shiqiao
River due to the prior ebb tides, the DC station is more sensitive to the influence of tides
from downstream regions. After initially exceeding warning thresholds, the warning index
of the DC station experienced a slower and more gradual decrease (Figure 5e,f), which
was mainly attributable to the slower recovery of velocity to the M or higher (Figure 8h,j,l)
level. The intrusion of pollutants supplies the DC station with a water mass with different
characteristics from that in most of the Shawan River in the further upstream part. However,
the salinity of the auto-monitoring stations stayed at 0.01 during all sampled periods, which
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prevented further analysis of the extent and intensity of saltwater intrusion and further
spatial estimation of water mass differences between the two stations.

Limited by data availability, the model’s output and algae bloom records were only
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As drinking water is vital to maintaining people’s livelihood, health, and safety, the
standard of a drinking water source is usually stricter than that of general water bodies [65].
It is necessary to analyze and predict the pollution risk to support the development of water
source protection strategies, improving the scientific and risk predictability of water source
protection [66,67]. However, because the algae bloom forecast is directly related to follow-
up emergency management, which may involve multiple departments and enterprises, a
false alarm might lead to increases in economic and social operation costs. Moreover, the
untimely forecast may result in late response and disposal, threatening residents’ drinking
water safety.

In the future, regarding the complexity of the forecast output, adoptions and inte-
grations of forecasting tools of algal blooms may potentially vary among the demands
of decision makers [68]. To better safeguard the operation of drinking water resource
areas and water works, the forecasting systems should not only aim at achieving high
chlorophyll-a or phytoplankton biomass risk prediction based on nutrients and hydro-
dynamical status, but also forecasting in the ecological sense [14] should be increasingly
demanded. For example, effective assessment of certain toxins to be able to treat human
health is necessary such as the MBio Toxin System [69] and MBio MC/CYN Toxin Sys-
tem [70]. Furthermore, studies on the excessive proliferation of phytoplankton (EPP) have
advanced the understanding of the reproduction of algal cells [71] instead of high biomass
that has resulted from reproduction processes. By integrating the previously scattered
field sampling measurements with continuous observation or simulation in the spatial
and temporal ranges, the development of a dense biomass of phytoplankton and related
toxins may gain the potential to break through limitations in applications of early warning
systems [72].

5. Conclusions

The growth of phytoplankton is affected by various factors that hinder the on-time
detection of algae blooms. The present study selected several key factors (i.e., temperature,
∆DO, NH3-N, TP, and velocity) sampled by two auto-monitoring stations, together with
simulated velocity from validated simulations, to build a fuzzy logic model. The built
model was applied to produce an early warning index and hindcasted algae bloom events
successfully. Considering the demands of management, the early warning index was
additionally processed to provide a warning time duration, which reached critical success
index and positive hit rate values of 0.5 and 0.9, respectively. The proposed prolongation
time after the onset of alarm was 6–8 days. The threshold for the bloom onset was 60, with
an appropriate subsequent threshold of 20 and 40, respectively, for the PY and DC stations.
Under sufficient year-round nutrient and temperature conditions for algae growth, the ∆DO
and velocity were the most important factors for producing accurate and timely forecasting.

The systematic differences between the PY and DC stations were revealed and dis-
cussed. The DC station, which was more influenced by the pollutants from prior ebb tides
from the Shiqiao River, displayed a slower decrease in the warning index compared to the
PY station, which is located further upstream and beyond the intrusion of pollutants during
flood tides. The results suggest that spatial differences between sampling sites merit further
exploration, particularly for sites located in the downstream–upstream sections, intersec-
tions between channels, or proximity to a pollution source. Additional parameters, such as
biochemical markers of anthropogenic impacts, should be sampled and utilized for further
analysis of water mass extents and data quality control of auto-monitoring sampling.
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