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Abstract – The concentration of chlorophyll-a (Chl-a) in river systems is dependent on various hydrometric
and biochemical factors, including an intricate array of corresponding growth and extinction mechanisms.
This complex and interactive assortment of factors makes prediction of algal blooms difficult. This paper

introduces an innovative time-series model structure that predicts Chl-a concentration in inland waters. To
improve the prediction accuracy of existing models, we assume that the predicting variable is determined
by multiple and independent drivers. An enhanced stochastic model, namely a multiple process univariate
model (MPUM), is developed to address the impacts of the distinct mechanisms associated with each

regulator (e.g., hydrometeorological factors and anthropogenic activities). Observations of the algae con-
centration at 16 weirs along four major river systems in South Korea are used to model Chl-a concentration.
Comparisons between traditional models and the proposed method demonstrate the strengths of the MPUM,

both in making predictions and in the parsimony of the model structure. The robustness of the developed
model was further validated by modeling algae concentration before and after river-flow regulation
procedures.
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Introduction

Since “the Four Rivers Restoration Project of Korea”
was completed in 2011, major river systems in South
Korea have often suffered from algal bloom (Park, 2012).
Chlorophyll-a (Chl-a) concentrations are used to estimate
algal biomass in coastal and water systems (Padisák,
2004). Algal blooms lead to the deterioration of fish
habitats by increasing turbidity and, also cause the decline
of specific aquatic species, such as invertebrates. High
Chl-a concentrations often result in unpleasant tastes
and odor problems in drinking water, as well as, clogged
filters in water treatment plants. Some species of cyano-
bacteria produce toxins (cynatoxins) that cause significant
ecological and human health concerns (WHO, 2003).
Prediction of algal bloom occurrences is instrumental in
the implementation of appropriate management practices,
such as low flow augmentation for river systems.

Variations in algae concentrations have been simulated
using process-based mathematical models (Thomann
and Mueller, 1987; Whitehead et al., 1997;

U. S. Environmental Protection Agency, 2002, 2015; Wu
and Xu, 2011). However, the processes associated with
algal blooms are extremely complicated, and the predic-
tion of algae concentrations that are made using ecological
and water quality models are often limited. This is mainly
due to the uncertainty associated with the kinetic co-
efficients and the structural complexity of two- and three-
dimensional (3D) models which require a substantial
amount of input data and demanding calibration and
validation procedures (U. S. Environmental Protection
Agency, 2015). Alternatively, predictions of algae concen-
trations have been explored using several statistical
methods or artificial neural networks (Lee et al., 2003;
Marsili-Libelli, 2004; Hamilton et al., 2009; Cha et al.,
2014; Coad et al., 2014; Chen et al., 2015; Muttil and Lee,
2005; Oh et al., 2007; Malek et al., 2011). Depending
on data availability, meta-heuristic approaches do not
always produce consistent results, which may indicate a
violation of the stationary process assumption in time
series modeling. In general, statistical models yield distinct
results for different locations, even within identical water-
sheds. The phenomenon is related to the large number of
model parameters associated with black box modeling.*Corresponding author: kimsangh@pusan.ac.kr
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Transfer function approaches were used to predict
biochemical oxygen demand (BOD) (Novotny and Olem,
1994) in a combined sewer system and to model d18O in
hillslope runoff responses (Weiler et al., 2003; Iorgulescu
et al., 2007) using hydrological components (e.g.,
rainfall and groundwater) as the input. When used to
predict Chl-a concentrations, an Autoregressive Moving
Integrated Moving Average (ARIMA) model showed the
potential and feasibility of using a simple univariate model
(Chen et al., 2015).

In this study, an alternative approach to the existing
methods is proposed for the prediction of Chl-a con-
centrations in river systems. Based on an autoregressive
moving average process (Box and Jenkins, 1976; Salas
et al., 1988), we developed an innovative and feasible
modeling structure, the multiple process univariate model
(MPUM), that considers the multiple and mutually-
independent processes that play a role in the temporal
variation of algae concentration. In order to provide a
deterministic basis for the stochastic structure associated
with the time-series model for temporal changes in Chl-a
concentrations, we present a mathematical derivation
for the process-based variations in algae concentration.
Seasonal variations in Chl-a concentration have been
noted in various inland water systems (Mallin et al., 1991;
Sin et al., 2000; French and Petticrew, 2007). In order
to evaluate the seasonal influences on the variations in
algae concentration within an existing modeling platform,
we used the seasonal autoregressive integrated moving
average (SARIMA) model. The proposed method and
existing approaches were used to model Chl-a concentra-
tions over a 2-year period at 16 locations along four river
systems in South Korea. The validity of the developed
model is further investigated through: (1) an extended
modeling process that used data collected over an
8-year-time period; and (2) a comparison of our model
results with results from more traditional approach. The
strengths of MPUM are assessed in the context of model
performance and parsimony of the model structure, as
well as the feasibility and effectiveness of parameter
evaluation.

Materials and methods

Study area and data

We selected 16 points (weirs) in four major river
systems (Han River, Geum River, Nakdong River
and Yeoungsan River) in South Korea to model Chl-a
concentration (see Fig. 1). The weirs were created through
“the Four Rivers Restoration Project of Korea”, which
was designed to relieve water-related problems. This
project was funded through investments from multiple
government ministries between 2010 and 2011. The
Korean government estimated that approximately one
billion tons of water would be needed to prevent water
scarcity in 2016 (Woo, 2009; Jun and Kim, 2011). In
addition to managing water, this project also focused

on improving water quality by managing pollutants that
could result in eutrophication of the waterways (e.g.,
chemical oxygen demand (COD) and total phosphorus
(TP)). However, sections of the river just below some
of the weirs (see Fig. 1) were converted into standing
water, which was responsible for the development of algal
blooms (Park, 2012). The Ministry of Environment
collected data on several indicators of water quality at a
weekly interval (e.g., COD, BOD, total suspended solid,
TP, total nitrogen and Chl-a concentrations) between 2011
and 2014. Nutrients at all points were high and concentra-
tions of TP and total nitrogen did not control the algal
blooming process (Kim et al., 2007). Actually, nitrogen
and phosphorus balance per hectare of agricultural land in
Korea were three to four times the averages from OECD
countries (OECD, 2013). The weekly concentrations of
Chl-a (as determined by the Ministry of Environment)
between 2012 and 2013 are used in this study.

Autoregressive moving average and seasonal
autoregressive integrated modeling average models

One advantage of the univariate autoregressive moving
average model (ARMA) is that it is possible to fit a model
with a relatively small number of parameters (p + q). The
ARMA(p,q) model, where p and q are orders of

Fig. 1. Chl-a modeling locations along four major rivers in South

Korea.
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autoregressive and moving average operators, respec-
tively, can be expressed as (Box and Jenkins, 1976; Salas
et al., 1988),

Zt ¼ w1Zt�1+ � � �+WpZt�p+et � h1et�1 � � � � hqet�q ð1Þ
where Zt is the modeling variable at time step t and et is
an independent random variable.

Using the backward operator B, the ARMA(p, q)
model can be expressed as

WðBÞZt ¼ HðBÞet ð2Þ
where

WðBÞ ¼ 1� w1B� w2B
2 � � � � � wpB

p and

HðBÞ ¼ 1� h1B� h2B
2 � � � � � hqB

q

ðe:g:; BpZt ¼ Zt�pkB
qe ¼ et�qÞ:

A deterministic justification of ARMA models for time
series modeling of Chl-a concentrations is presented in the
Appendix.

The variations in Chl-a concentration tends to exhibit a
substantial seasonal effect. The incorporation of seasonal
differencing or appropriate differencing into the model
structure is accomplished by the following general multi-
plicative model, called the seasonal autoregressive inte-
grated moving average (SARIMA) model (Salas et al.,
1988):

WpðBÞWpð1� BÞdð1� BsÞDZt ¼ HqðBÞHQðBsÞet ð3Þ
where superscript s indicates the order of the backward op-
erator for seasonal differencing. The model in equation (9)
can be denoted as the SARIMA ðpdqÞrðPDQÞs model.

Multiple process univariate model

The variations in Chl-a concentration in river systems
are the result of multiple processes, which are controlled
by hydro-meteorological, bio-chemical and anthropogenic
drivers. The temporal aspects of these various factors
cause distinctive patterns in Chl-a variations. This means
that the stochastic process for predicting Chl-a concentra-
tion is not required to be restricted to traditional single
process-based approaches, such as ARMA or SARIMA.
Therefore, we can relax this underlying assumption of time
series modeling, in order to address the complicated pro-
cesses affecting Chl-a concentration. In fact, one common
feature in natural systems is the sinusoidal variation in an
annual period. For example, variations in rainfall, runoff
and temperature have a strong annual periodicity and
their corresponding human responses, such as the opera-
tion of dams for drought or flood control are also partially
related to extreme hydro-meteorological drivers (e.g.,
storms and typhoons). Furthermore, seasonal production
pulses of nitrogen loading (Mallin et al., 1991), seasonality
in pH and TP concentration (French and Petticrew, 2007)
are also associated with the periodicity of the nature
system.

The variation of Chl-a concentration can be expressed
as a linear superposition of factors based on multiple
processes as follows:

Zt ¼ Z1
t+Z1

t�1+ � � �+Zn
t+ � � �+Zn

t�m ð4Þ
where the subscripts t and tx1,…, txm represent the
corresponding time steps, the numbers in superscript indi-
cate the corresponding stochastic processes, and the
subscript n denotes the number of processes.

The stochastic structures introduced in equation (4)
are based on two hypotheses. Firstly, the concentration
of Chl-a can be expressed as a summation of multiple
stochastic processes. This assumption seems acceptable
when we consider that the occurrence of algal blooms is
frequently associated with low flow conditions in river
systems and, the availability of sufficient nutrients, and
that these factors are completely independent of each
other. Secondly, no causal link exists between each sto-
chastic process, and all processes are associated with
mutually exclusive drivers such as rainfall, and fertilizer
and pesticide applications.

The MPUM based on equation (4) can be expressed as
follows:

Zt ¼ w1;1Z
1
t+w2;1Z

1
t�1+ � � �+w1;2Z

2
t+w2;2Z

2
t�1

+ � � �+h1;1e
1
t+h2:1e

1
t�1+ � � �+h1;2e

2
t+h2;2e

2
t�1+ � � �

ð5Þ
where w1;1and w1;2 are autoregressive coefficients for the
first and second stochastic processes at the current time
step, respectively and w2;1 and w2;2 are autoregressive co-
efficients for the first and second stochastic processes at
the time step tx1, respectively. Furthermore, h1;1 and h1;2

are moving average coefficients for the first and second
stochastic processes at the current time step, respectively,
and h2;1 and h2;2 are moving average coefficients for the
first and second stochastic processes at the time step tx1,
respectively. We assume that the random processes,
e1t ; e

1
t�1; . . . and e2t ; e

2
t�1; . . . are independent of each other.

Procedure and model developments

Development procedure of univariate model

The modeling of all components in equation (5) also
follows four distinct procedures (Box and Jenkins, 1976;
Salas et al., 1988) (i.e., statistical analysis and pretreat-
ment, identification of model structure, estimation of
parameters and diagnostic checking). If the delineated
model structure is found to be inappropriate in the check-
ing procedure, the modeling is restarted from the second
step (model identification) to determine a better model
structure. Figure 2 presents a flowchart for the time-series
model development process.

A preliminary evaluation of the Chl-a concentration
statistics indicates that a proper transformation is neces-
sary to improve normality and stationary. A Box–Cox
transformation, y ¼ xl � 1=l, (Box and Cox, 1964), is
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introduced to improve the normality of the data. The
standardization of the transformed time series resulted in
an appropriate data distribution for time series modeling.
Table 1 presents Chl-a concentration statistics for four of
the study plots. The skewness and kurtosis of the original
data were improved through the transformation and the
mean and standard deviation were transformed into 0 and
1 for the four points. The statistics of the other 12 points
were similar to those shown in Table 1.

An inspection of the time series plots for each Chl-a
concentration indicates that as a whole, the data exhibits
no notable trends, but the annual seasonality is significant.
The autocorrelation function (ACF) and partial ACF
(PACF) function of the data present temporal correlation
structures as shown in Figure 3. The ACF of the corrected
Chl-a concentration for the Ipo and Sejong weirs show
that autocorrelations were significant through lags three
to five, after which the functions tailed off (see Fig. 3(a)).
The PACF revealed significant responses for only lag one
(Fig. 3(b)). Candidate model structures for the prediction
of Chl-a concentration can also be selected through the
evaluation of the corner table (Liu and Hanssens, 1982).
Depending on how the matrix elements are distributed
in the estimated corner table, candidate models can be
developed through further analysis. The corner tables ap-

pearing in Figures 3(c) and (d) corresponding to
ARMA(1,0) and ARMA(1,1) are candidate models for
Chl-a concentrations at the Ipo and Sejong weirs,
respectively. Potential model structures for the other 14
points in the four rivers were also determined based on
evaluated ACFs, PACFs and corner tables.

In order to estimate the model parameters, maximum
likelihood estimates (Box and Jenkins, 1976) and con-
ditional likelihood estimates were used to determine the
sum of the square surface for a range of parameters and
the location of the minimum of the sum of square in space.
Model estimates were calculated simultaneously for the
autoregressive and moving average parameters and the
standard deviation of the residuals. Model estimates were
calculated using the time series modeling procedure of
the Scientific Computing Associate (SCA) package (Liu,
2006).

To assure that the assumptions of the modeling process
are correct, model adequacy can be checked through a
series of diagnostic tests, “Over-fitting” is one such
method used to determine if a model structure is optimal.
In order to check if additional parameters can improve
model performance, progressively more complicated mod-
els are fit to the Chl-a concentration time series. Results
were obtained for multiple Chl-a concentration time series
models that were tested in the over-fitting process. Based
on the initial estimations of the parameters for several
candidate models, both the statistical index and physical
inference are needed to determine whether a model with
estimated parameters appropriately represents the Chl-a
concentration variation of a certain point. The Student’s t
statistics indicate the significance of the parameter, pro-
vided that doing so did not influence the estimates of other
parameters. If the t statistics were within an absolute value
of 2, then the null hypothesis of the Student’s t test was not
rejected at the 5% significance level. The continuity of the
parameter structure in the time series model is another
important criterion for explaining the physical aspects of
Chl-a concentration. If one of the parameters for an inter-
mediate time step of the autoregressive or moving average
term is negligible, or the t statistics of the parameter is very
small, then the corresponding model structure can be said

Fig. 2. Flowchart for the time-series model.

Table. 1. Statistics associated with the original, transformed, and standardized Chl-a concentrations at four points along the four
major rivers.

Points Data Mean S.D. Skewness Kurtosis
Han River Ipo Original 9.61 12.31 2.07 3.17

Transformed 1.34 0.75 0.05 x0.86
Standardized 0.00 1.00 0.05 x0.86

Geum River Sejong Original 22.75 22.98 1.54 1.83
Transformed 2.28 0.78 x0.10 x0.91
Standardized 0.00 1.00 x0.10 x0.91

Yeongsan River Seungchon Original 47.03 35.15 0.66 x0.11
Transformed 10.58 5.50 x0.03 x1.02
Standardized 0.00 1.00 x0.03 x1.02

Nakdong River Changnyeong Haman Original 34.68 30.40 1.59 1.91
Transformed 3.83 1.17 0.10 x0.29
Standardized 0.00 1.00 0.10 x0.29

S. Kim: Ann. Limnol. - Int. J. Lim. 52 (2016) 137–150140



to be unsuitable for explaining the variations in Chl-a
concentration. For example, at time step tx2, Wtx2, the
Chl-a concentration could not exert a larger impact on the
current Chl-a concentration, Zt, than that from the time
step tx1, Wtx1.

If multiple candidates were obtained through this
procedure, a parsimony test was applied in order to select
the final model. Akaike’s information criterion (AIC) was
used to find a balance between the variance of the residuals
and the number of autoregressive and moving average
parameters (Akaike, 1974), which is defined as

AICðp; qÞ ¼ N � lnðs2
eÞ+2 � ðp+qÞ ð6Þ

where N is the sample size, s2
e is the maximum

likelihood estimate of the variance of the residuals, and p
and q are the orders of the autoregressive and moving
average parameters, respectively.

Table 2 presents the parameters, residual standard
deviation estimates and t statistics of the selected models
for four points in the four major rivers. All of the models
(including the other 12 points) satisfied the condition of
model stability (Box and Jenkins, 1976). Diagnostic checks
on the model residuals were performed to test whiteness
and normality. The ACF of the residual series provided
correlations between individual residuals. Figure 4 pre-
sents the ACF and PACF of the residuals for points at

Table 2. Estimated model parameters for the prediction of Chl-a concentration for the four points in Table 1 using the
ARMA model.

Points p, q order Statistics w1 h1

Han River Ipo (1, 0) Value
SE
t-value

0.7863
0.0781
10.07

–

Geum River Sejong (1, 1) Value
SE
t-value

0.8758
0.0624
14.04

0.3578
0.1202
2.98

Yeongsan River Seungchon (1, 0) Value
SE
t-value

0.6949
0.1285
5.41

–

Nakdong River Changnyeong Haman (1, 1) Value
SE
t-value

0.8127
0.0864
9.40

0.3828
0.1379
2.78

)b()a(

)d()c(

Fig. 3. ACF, PACF and EACF for Chl-a concentrations at the Ipo and Sejong weirs.
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the Ipo and Sejeong weirs, which were not significant
to confidence intervals. The plots of the ACF and PACF
of the residuals did not show any significant stochastic
structure over the confidence intervals. Therefore, the
residual diagnostics checks indicated that the selected
models appropriately represent the stochastic structures of
a time series.

SARIMA Modeling

The seasonality in Chl-a concentration can be incorpo-
rated with the SARIMA model using equation (3). In
order to create the most appropriate model, multiple
SARIMA candidate models were considered. The weekly
data on Chl-a concentration indicates that the annual
periodicity should be addressed using a 52 differencing
structure. Analytical derivations using various assump-
tions about the models yield the following SARIMA
models:

Model (1, 0, 1) r (1, 0, 1)52 as SARIMA1

ð1� w1B� w52B
52 � w53B

53ÞZt

¼ ð1� h1B� h52B
52 � h53B

53Þet
ð7Þ

Model (1, 0, 2) r (1, 0, 1)52 as SARIMA2

ð1� w1B� w52B
52 � w53B

53ÞZt

¼ ð1� h1B� h2B
2 � h52B

52 � h53B
53 � h54B

54Þet
ð8Þ

Model (2, 0, 1) (1, 0, 1)52 as SARIMA3

ð1� w1B� w2B
2 � w52B

52 � w53B
53 � w54B

54ÞZt

¼ ð1� h1B� h52B
52 � h53B

53Þet
ð9Þ

Model (1, 1, 2) (1, 0, 1)52 as SARIMA4

ð1� 2w1B� w2B
2 � w52B

52 � 2w53B
53 � w54B

54ÞZt

¼ ð1� h1B� h2B
2 � h52B

52 � h53B
53 � h54B

54Þet
ð10Þ

Model (2, 1, 1) r (1, 0, 1)52 as SARIMA5

ð1� 2wB� w3B
3 � w52B

52 � 2w53B
53 � w55B

55ÞZt

¼ ð1� h1B� h52B
52 � h53B

53Þet
ð11Þ

Model (1, 0, 0) r (1, 0, 1)52 as SARIMA6

ð1� w1B� w52B
52 � w53B

53ÞZt ¼ ð1� h52B
52Þet ð12Þ

Model (2, 0, 0) r (1, 0, 1)52 as SARIMA7

ð1� w1B� w2B
2 � w52B

52 � w53B
53 � w54B

54ÞZt

¼ ð1� h52B
52Þet

ð13Þ

Model (1,1,1) r (1, 0, 1)52 as SARIMA8

ð1�2*w1*B�w2*B
2�w52*B

52�2*w53*B
53

�w54*B
54ÞZt¼ð1�h1*B�h52*B

52�h53*B
53Þet

ð14Þ

The analytical expression for SARIMA8 is recognized as
an identical model to SARIMA3, despite the fact that the
parameters W1 and W53 differ by a multiple of two.

Identical parameter estimation and diagnostic check-
ing procedure were applied to the SARIMA modeling of
Chl-a concentrations. Table 3 illustrates the model iden-
tification processes for the seven distinct models appearing
in equations (7)–(13). As presented in Table 3, SARIMA1,
SARIMA2, SARIMA5 and SARIMA6 were converted
into ARMA(1,0) as the insignificant parameters (having
small t-statistics) were eliminated. A similar model iden-
tification process was applied to all other modeling points.

MPUM Modeling procedure

In order to incorporate all relevant processes into
modeling of the weekly concentration of Chl-a, we pre-
sumed that two distinct processes affect the growth and
fate of algae. The first (process one) is hydrometeological
processes (e.g., rainfall, stream flow and temperature),
which display a strong annual periodicity. The second
(process two) is random anthropogenic effects (e.g., the
application of fertilizers or pesticides). Assuming that sea-
sonality can be approximated using a sinusoidal function,
the time series for Chl-a concentration can be decomposed
into two components. Firstly, the periodic component
(process one), which is approximated through the optimi-
zation of constant, amplitude, phase, and frequency

(b)(a)

Fig. 4. The ACF (a) and PACF (b) of the ARMA model residuals at the Ipo and Sejong weirs.
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parameters of the sinusoidal function using an objective
function that minimizes the root mean square error
(RMSE) between approximations and the original series.
Secondly, the residual time series component (process
two), obtained from the differences between the original
time series and the periodic component.

Figures 5 and 6 show the ACF, partial ACF and
extended ACF (EACF) of Chl-a concentrations for the
Ipo and Sejong weirs for processes one and two,
respectively.

The ACFs of process one for the Ipo and Sejong weirs,
which are extended to infinite, exhibit damped waves. The
PACFs range between 1 and 2 (see Figs. 5(a) and (b)),
which indicates that the AR(2) process is appropriate
for process one. In fact, the EACFs presented in
Figures 5(c) and (d) also indicate that the AR(2) model
has an appropriate structure for explaining the stochastic
features for process one. As shown in Figures 6(a) and (b),
the ACFs and PACFs of process two for the Ipo and
Sejong weirs are extend to infinity and exhibit irregular
damped waves, indicating that the ARMA process
constitutes a potential stochastic model (Salas et al.,
1988). The EACFs for process two are presented in
Figures 6(c) and (d), and indicate that the ARMA(1,1)
model is a suitable candidate structure for process two.
Other modeling procedures, such as the parameter
estimation and diagnostic checking procedure, are similar
to those for the ARMA or SARIMA models.

Table 4 presents the model parameters for MPUM for
four points in the four rivers. The model structures are
similar to each other, except that the Seungchon point in
the Yeongsan River yields model AR(1) for process two
that is slightly different from all other models. Standard
errors and t statistics of all parameters indicate that the
proposed model structures are robust (see Table 4). All of
the other 12 points from the four rivers result in similar
model structures to those presented in Table 4.

Results and discussions

Comparison of model performances

The simulation performances of the three distinct
model structures (i.e., ARMA, SARIMA and MPUM)
can be compared using the coefficient of determination
(R2), RMSE and AIC. Even though the ARMA model
and SARIMA models are different, many SARIMA
models are reduced to something similar to ARMA
through the iterative model identification processes pre-
sented in Table 3. All of the SARIMA models, namely
SAM1–SAM7 (see equations (7)–(13)) were used to
achieve a comprehensive performance evaluation of the
SARIMA models.

Table 5 presents R2 for ARMA, SARIMA andMPUM
for all 16 points used. The maximum and minimum
differences between MPUM and ARMA are 0.62 and
0.16, respectively, and the mean and standard deviation
for the corresponding differences are 0.39 and 0.15,T
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respectively. The differences between MPUM and the best
SARIMA (i.e., SAM1, SAM2, …, SAM7) are also sig-
nificant, yielding 0.42 and 0.08 as the maximum and mini-
mum, respectively. The corresponding mean and standard
deviation are 0.24 and 0.11, respectively. The R2 values
presented in Table 5 indicate that the modeling perfor-

mance of MPUM is better than those of ARMA and
SARIMA at all of the observed points.

Table 6 presents the RMSEs for ARMA, SARIMA
and MPUM for all points. The maximum and minimum
differences between ARMA and MPUM and between
the smallest SARIMA and MPUM are 13.7 and 0.1

)b()a(

)d()c(

Fig. 5. ACF (a), PACF (b) and EACF (c) and (d) process one for Ipo and Sejong weirs.

)b()a(

)d()c(

Fig. 6. ACF (a), PACF (b) and EACF (c) and (d) process two for Ipo and Sejong weirs.
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and 10.4 and 0.1, respectively. The mean and standard
deviation for the differences between ARMA and MPUM
and between the smallest SARIMA and MPUM are
5.0 and 3.3 and 3.2 and 2.5, respectively. Even though
the SARIMA model structures address seasonality in the
time series, the model structure of MPUM provides
a significant improvement in reducing the RMSE for all
points.

In terms of AIC, the model parsimony (Akaike,
1974) describes modeling residuals and the number of

parameters. Table 7 presents the AICs for ARMA,
SARIMA and MPUM for all points. The AICs for
MPUM are smaller than those for ARMA, except the
AIC for the Yeoju point (see Table 7). In facts, the RMSEs
for the Yeoju point are substantially lower than those for
other points (see Table 6), indicating that the variation of
Chl-a concentration is much smaller there than at the
other points. The mean and standard deviation of the
differences between the AICs of ARMA and those of
MPUM are 30.8 and 15.5, respectively. The differences

Table 5. Coefficients of determination (R2) for ARMA, SARIMA and MPUM for all points.

Point

Model

ARMA SAM1 SAM2 SAM3 SAM4 SAM5 SAM6 SAM7 MPUM
Ipo 0.32 0.32 0.32 0.33 0.35 0.32 0.31 0.33 0.74
Yeoju 0.45 0.45 0.45 0.45 0.45 0.46 0.45 0.45 0.70
Gangcheon 0.34 0.34 0.35 0.44 0.61 0.61 0.34 0.43 0.75
Sejong 0.12 0.24 0.31 0.37 0.51 0.41 0.15 0.34 0.74
Gonju 0.38 0.45 0.47 0.47 0.48 0.48 0.46 0.46 0.66
Baekje 0.50 0.53 0.54 0.54 0.54 0.56 0.54 0.54 0.76
Sangju 0.18 0.30 0.30 0.34 0.38 0.32 0.23 0.34 0.51
Nakdan 0.15 0.21 0.22 0.25 0.27 0.37 0.18 0.20 0.69
Gumi 0.17 0.20 0.21 0.22 0.23 0.21 0.20 0.21 0.61
Chilgok 0.27 0.34 0.40 0.39 0.40 0.37 0.32 0.36 0.71
Gangjeong 0.22 0.29 0.35 0.31 0.37 0.32 0.28 0.30 0.46
Dalseong 0.52 0.56 0.56 0.58 0.60 0.57 0.56 0.58 0.68
Hapcheon 0.49 0.53 0.55 0.55 0.55 0.56 0.53 0.55 0.72
Changyeong 0.14 0.21 0.22 0.22 0.23 0.25 0.21 0.21 0.47
Seungchon 0.09 0.18 0.28 0.28 0.29 0.20 0.19 0.19 0.71
Juksan 0.04 0.24 0.24 0.20 0.23 0.20 0.21 0.19 0.63

Table 4. Estimated model parameters for the prediction of Chl-a concentrations using MPUM.

Points p, q order Statistics w1 w2 h1

Han River Ipo (2, 0) Value
SE

t-value

1.9854
0.7905E-07
0.25E + 08

x1.0000
0.7717E-07

x0.1E + 08

–

(1, 1) Value
SE

t-value

0.8950
0.0516
17.34

– 0.4278
0.1112
3.85

Geum River Sejong (2, 0) Value
SE

t-value

1.9854
0.9064E-08
0.22E + 09

x1.0000
0.9046E-08

x0.1E + 09

–

(1, 1) Value
SE

t-value

0.9109
0.0494
18.42

– 0.5509
0.1003
5.49

Yeongsan River Seungchon (2, 0) Value
SE

t-value

1.9854
0.1185E-07
0.17E + 09

x1.0000
0.1184E-07

x0.8E + 08

–

(1, 0) Value
SE

t-value

0.4583
0.2423
1.89

– –

Nakdong River Changnyeong
Haman

(2, 0) Value
SE

t-value

1.9854
0.2248E-07
0.88E + 08

x1.0000
0.2230E-07

x0.4E + 08

–

(1, 1) Value
SE

t-value

0.8260
0.1121
7.37

– 0.5958
0.1497
3.98
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between the minimum SARIMA out of SAM1, SAM2,… ,
SAM7 and MPUM results in a mean and standard
deviation of 28.7 and 12.1, respectively, indicating that
the model parsimony of MPUM is substantially better
than the other model.

Extended modeling of Chl-a for pre- and post-river
flow regulation

Variations in Chl-a was modelled using field measure-
ments gathered between 2006 and 2013. The performance
of MPUM is compared with that of traditional models
using this extensive field dataset. As illustrated in
Tables 5–7, the performances of SARIMA are similar to
those of ARMA. In fact, a substantial portion of the
SARIMA models was reduced into simpler ARMA
models, as can be seen in Table 3. Figure 7 presents
modeling results obtained with the ARMA and MPUM
models at the Dalseong point in the Nackdong River.

The R2 and the RMSE of ARMA are 0.40 and 21.86,
respectively, while the corresponding statistics for MPUM
are 0.65 and 16.89, indicating that the model behavior of
MPUM is better than that of the existing models even in
the extensive data taken both before and after the river
regulation project in 2011. The incorporation of seasonal
effects into the MPUM structure using independent
modeling processes results in a robust capability for
modeling the weekly variation of Chl-a concentration,
whether the flow control in the river is stronger (after
2012), or more dominated by the natural hydro-
meteorologic driver such as rainfall (before 2010).

Structural strengths of MPUM compared with
other models

All models have distinct structures and their corre-
sponding model parameters, and the estimation of para-
meters is an essential modeling procedure. Physical based

Table 6. RMSE for ARMA, SARIMA and MPUM for all points.

Point

Model

ARMA SAM1 SAM2 SAM3 SAM4 SAM5 SAM6 SAM7 MPUM
Ipo 4.5 4.5 4.5 4.4 4.4 4.5 4.6 4.4 3.2
Yeoju 2.3 2.3 2.3 2.3 2.3 2.3 2.3 2.3 2.2
Gangcheon 2.4 2.4 2.4 2.2 1.9 1.9 2.4 2.2 1.5
Sejong 17.1 15.2 14.5 13.8 12.2 13.4 16.2 14.1 8.9
Gonju 23.5 21.8 21.3 21.4 21.1 21.2 21.7 21.6 16.8
Baekje 19.1 18.7 18.5 18.7 18.6 18.5 18.5 18.7 13.4
Sangju 14.8 13.7 13.7 13.2 12.9 13.3 14.6 13.2 11.3
Nakdan 19.7 18.9 18.8 18.5 18.2 17.0 19.5 19.3 12.4
Gumi 19.1 18.3 18.2 18.1 18.1 18.2 18.3 18.3 14.4
Chilgok 17.3 16.2 15.5 15.8 15.5 16.0 16.4 16.0 11.5
Gangjeong 16.2 15.3 14.5 15.1 14.4 15.0 15.4 15.2 13.7
Dalseong 16.0 15.0 14.9 14.6 14.3 14.7 15.0 14.6 12.8
Hapcheon 16.0 14.7 14.4 14.4 14.4 14.2 14.8 14.5 11.3
Changyeong 21.7 20.3 20.3 20.1 20.0 19.7 20.4 20.4 16.7
Seungchon 30.5 28.5 27.2 27.6 27.5 28.2 28.3 28.2 16.8
Juksan 19.0 16.9 16.6 17.1 16.6 17.1 17.3 17.2 11.9

Table 7. AIC for ARMA, SARIMA and MPUM for all points.

Point

Model

ARMA SAM1 SAM2 SAM3 SAM4 SAM5 SAM6 SAM7 MPUM
Ipova 151.6 159.2 163.3 161.6 164.7 162.9 156.6 157.7 123.0
Yeoju 85.4 93.0 97.0 97.1 100.5 95.5 89.6 93.0 86.4
Gangcheon 91.7 98.7 102.0 94.8 81.6 80.3 95.2 91.0 48.3
Sejong 282.1 278.4 278.0 273.1 264.9 270.4 281.0 272.4 221.9
Gonju 313.5 313.8 513.8 316.1 318.9 315.1 309.5 313.1 284.6
Baekje 293.0 298.9 302.2 303.0 306.3 302.0 293.9 298.8 262.6
Sangju 268.1 268.8 272.4 268.9 270.4 270.0 270.8 265.2 245.8
Nakdan 296.3 300.2 303.6 302.0 304.3 293.6 299.0 302.0 254.6
Gumi 292.9 296.9 300.6 300.0 303.6 300.2 293.0 296.7 269.2
Chilgok 283.4 285.1 284.6 286.3 288.9 287.5 282.5 283.6 247.7
Gangjeong 277.1 279.3 278.3 282.1 281.7 281.4 276.3 278.7 264.5
Dalseong 275.7 277.2 280.5 278.6 280.5 279.3 273.1 274.6 257.8
Hapcheon 275.8 75.6 277.7 277.3 281.4 275.8 271.9 273.9 245.6
Changyeong 305.8 307.3 310.9 310.3 313.6 308.6 303.6 307.4 284.0
Seungchon 339.1 340.1 339.8 341.3 344.7 343.2 335.7 339.1 284.3
Juksan 292.4 289.3 291.4 294.0 295.6 294.1 287.2 291.0 250.4
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numerical models provide a corresponding explanation for
each process that is related to variation in algae concen-
tration, which can be useful in water quality management.
Mathematical models also aide in understanding the
response of water quality to external drivers (e.g., rainfall
and nutrients). However, the number of parameters
associated with mathematical water quality models (e.g.,
HSPF and EFDC) is generally orders of between two and
four, depending on the systems and dimensions (2D
or 3D) of the problem (U. S. Environmental Protection
Agency, 2002, 2015), whereas the number of parameters
used by MPUM is less than or equal to four (see Table 4).
Considering the entrapment of local optima in the para-
meter evaluation process, the simple structure of MPUM
results in a substantial strength in the optimization of
parameters in terms of both accuracy and efficiency. In
addition, unlike other models, MPUM does not require
additional environmental input data (such as phosphorus
or nitrogen), which can often involve uncertainty in terms
of data acquisition. As can be seen in equation (A6),
the structure of MPUM considers the impact of other
environmental variables on the past history of Chl-a
concentration, even though the impact of contemporary
input variables (which is minor) cannot be considered.

Therefore, MPUM provides several advantages over
approaches when predicting of Chl-a concentration. The
performance of MPUM in terms of predictability and
model parsimony is better than other univariate models.
Feasibility of application is improved because specific
conditions of the physical world such as construction of
weir and regulation of flow, do not need to be addressed.
Furthermore, development of a commercially available
online sensor for Chl-a also provides an additional
strength to univariate model for early warning of algal
blooms (Chen et al., 2015).

Conclusion

Existing mathematical and Black–Box models for
Chl-a concentrations in inland water systems exhibit
various strengths and weaknesses in terms of process rep-
resentation and simulation accuracy. They also share
the common issues of over-parameterization and the
occurrence of multiple local optima during in the model
calibration procedure. Our proposed model based on the
autoregressive moving average operator, addresses algal
modeling issues such as predictability, model parsimony
and efficiency, through the implementation of multiple
independent processes. Through analytical derivations
we provided a deterministic basis for univariate time
series modeling even with a simplified process assumption.
The application of our method and other existing
approaches to 16 points in four major rivers demonstrated
the potential of the MPUM in terms of the predictability
and parsimony of a Chl-a prediction model. Extended
modeling results for a period extending both before and
after “the Four Rivers Restoration Project of Korea”
indicated the robustness of our model even with the
presence of substantial flow regulation. The efficient
incorporation of seasonality into the model structure
as an independent process is responsible for the merits
of the proposed method. The relatively simple input
requirements make this a feasible tool for environmental
managers to use for making algal bloom predictions,
with minimum concerns for uncertainty in other environ-
mental variables. The application of our method to
other water systems, such as lakes, estuaries, and coastal
regions or to the evaluation of impacts of climate
change with the introduction of enhanced higher order
operators in the model structure, would be topics for
future research.

Fig. 7. Extended modeling of Ch-a between 2006 and 2013 at a Dalseong point in Nackdong River, South Korea.
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Appendix

Assuming that Chl-a concentration in river systems is
determined by both bio-chemical and hydrometeorologi-
cal drivers, the time series of dimensionless Chl-a (through
the centralization process (Salas et al., 1988), zt, can be
expressed as follows:

zt ¼ fðSt�1; . . . ;St�mÞ+gðXt; . . . ;Xt�nÞ ðA1Þ

where fðSt�1; . . . ;St�mÞ is a function of the time series of
dimensionless bio-chemical components, St�1; . . . ;St�m,
and gðXt; . . . ;Xt�nÞ is a function of the time series
of dimensionless hydrometeological components,
Xt; . . .Xt�n. The functions in equation (A1) can be ap-
proximated by polynomials as a1St�1+ . . .+amSt�m and
b1Xt+ . . .+bnXt�n.

If the Chl-a concentration at the current time step is
assumed to be determined by a hydrometeorological
variable at the current time step and a bio-chemical
variable at previous time step, then

zt ¼ aSt�1+bXt ðA2Þ

where a and b are coefficients (a; b<1) for the correspond-
ing components.

By considering mass conservation and the impact of
the hydrologic driver, the bio-chemical component S can

be expressed as,

St ¼ St�1+CkXt � aSt�1 ðA3Þ
where the coefficient Ck is given by cSt=Xt and c is the
hydrologic component to bio-chemical component con-
version factor. In fact, transfer functions from the
hydrological component into the water quality concentra-
tion have previously been modeled using several ap-
proaches (Novotny and Olem 1994; Iorgulescu et al.,
2007; Weiler et al., 2003).

By expressing the previous time step using
equation (A2) we can express S as

St�2 ¼
1

a
zt�1 �

b

a
xt�1 ðA4Þ

The previous time step can be expressed using
equation (A3) as,

St�1 ¼ ð1� aÞSt�2+CkXt�1 ðA5Þ
By substituting equation (A5) into equation (A2), and
using this with equation (A4), we obtain

zt ¼ ð1� aÞzt�1+bXt+ðaðCk+bÞ � bÞXt�1 ðA6Þ
Equation (A6) has the form of an ARMA(1,1) model, if
the hydrologic variable X is an independent series.
Depending on the assumptions on the functions in
equation (A2), more complicated ARMA(p,q) models
can be formulated.
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