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Abstract The information on the incoming load to wastewater treatment plants is not often available to
apply modelling for evaluating the effect of control actions on a full-scale plant. In this paper, a time series
32
model was developed to forecast flow rate, COD, NHþ
4 -N and PO4 -P in influent by using 250 days data of
field plant operation data. The data for 150 days and 100 days were used for model development and
model validation, respectively. The missing data were interpolated by the spline method and the time series
model. Three different methods were proposed for model development: one model and one-step to sevenstep ahead forecasting (Method 1); seven models and one-step-ahead forecasting (Method 2); and one
model and one-step-ahead forecasting (Method 3). Method 3 featured only one-step-ahead forecasting that
could avoid the accumulated error and give simple estimation of coefficients. Therefore, Method 3 was the
reliable approach to developing the time series model for the purpose of this research.
Keywords ARIMA; influent forecasting; supervisory management system; time series model

Introduction

Information about influent and effluent are necessary economically to manage wastewater
treatment plants (WWTPs) while maintaining stable effluent quality. In reality, operators
usually manage WWTPs by expert knowledge from previous years’ experience in real
fields, but even well-trained operators cannot deal with a rapid increase in the number of
WWTPs. In order to deal with this problem, research into instrumentation, control and
automation (ICA) for wastewater treatment has been performed for the last few decades.
Various control strategies have been suggested for WWTPs and some of them have been
applied to real-scale treatment plants. Good examples are SMAC (smart control of wastewater systems; Krüger, 2004) and TELEMAC (telemonitoring and advanced telecontrol
of high yield wastewater treatment plants; Bernard et al., 2004). Information on the
incoming load to WWTPs is not often available to apply to modelling for evaluating the
effect of control actions on the full-scale plant (Krüger, 2004).
Once influent concentrations are provided, the mathematical models can be used as a
tool for estimating optimal management strategy, design of the automatic controller and
several feeding strategies (Bernard et al., 2004). A time series model was suggested to
forecast influent data as mentioned above, as, generally, a variation in wastewater flow
rate and concentrations of components occurs daily, monthly and yearly, in certain
patterns that can possibly be described by a time series model. Hiraoka and Tsumura
(1989) developed a model for control of MLSS, effluent organics and suspended solids
using a multivariate autoregressive model. Naghdy and Helliwell (1989) used a time
series model showing excellent prediction performance for influent flow rate and NHþ
4 -N
hourly loading rate. Even though there was a time delay between predicted and measured
doi: 10.2166/wst.2006.123
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values for abnormal data patterns, it was proved that daily variation of influent flow rate
and NHþ
4 -N loading rate in the target wastewater plant represented a constant pattern.
Novotny et al. (1991) presented a time series model for MLSS derived partly from causal
relationships, with influent BOD and suspended solids. Van Dongen and Geuens (1998)
also used influent filtered COD, suspended solid and food-to-microorganisms ratio to control nitrate concentration and aerating costs in an anoxic reactor.
The purpose of this paper is to propose a time series model that has a simple structure
32
with low prediction errors, capable of forecasting influent flow rate, COD, NHþ
4 -N, PO4 P and temperature for 7 days in advance. Equal interval data are required for the time series
model. This research interpolated missing data to generate daily data based on 2–4 day
interval data from WWTPs, which led to the development of the time series model.
Materials and methods
Approaches for time series model development

Three feasible methods were proposed for developing a simple forecasting model according to the number of models and forecasting steps.
Method 1:One model and one-step to seven-step-ahead forecasting. Each time series
32
model was constructed for influent flow rate, COD, NHþ
4 -N, PO4 -P and temperature for
one-day to seven-day-ahead forecasting. Model identification, estimation and diagnosis
were performed following the procedure suggested by Box and Jenkins (1976) and SPSS
V.11 for numeric calculation.
Method 2: Seven models and one-step-ahead forecasting. In the case of Method 1,
because previous forecasted values were used to predict next day values after two-dayahead forecasting, the error generally accumulated with the increase of step numbers. In
order to overcome this barrier, the “seven different models with one-step-ahead
forecasting” approach was employed. These models used one-day previous values for
one-day-ahead forecasting and seven-day previous values for 7-day-ahead forecasting.
Seven models had the identical model structure (linear regressive model) and different
parameter values that were estimated for objective function of minimising root mean
square errors (RMSE).
Method 3: One model and one-step-ahead forecasting. Method 2 was the opposite
approach for our research purpose, “development of the simplest influent prediction
model”. Therefore, a time series model having one model and minimum error, as in
Method 3, was used. It used a similar forecasting approach to Method 2. One model was
proposed using the same parameter values as those of the seven models in Method 2.
Method 3 also used the objective function of minimising RMSE for parameter estimation.
Procedure

Field plant data. Enough data for model development were obtained from D-city field
wastewater plant which operated as a five-stage step-feed EBPR ( fs EBPR) process for
250 days from July 2002 to March 2003 (Lee et al., 2005). Table 1 shows the influent
characteristics of the D-city wastewater plant. Data for 150 days were utilised for model
development and the remainder were used for model validation.
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Interpolation by spline method. The influent data were not measured daily. The data
were measured at intervals of 2–4 days on average and 10 days at a maximum. Missing
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Table 1 Influent characteristics of D-city wastewater plant
Average

10,573 –24,872
60.2–428.0
7.6 –31.7
0.6 –3.3
12.5–26.7

18,288
230.7
23.8
2.1
19.9

values were interpolated with the spline method for application to the time series
analysis.

J.R. Kim et al.

Flow rate (m3/day)
COD (mg/L)
NHþ
4 -N (mg/L)
PO32
4 -P (mg/L)
Temperature (8C)

Range

Re-interpolation with the time series model. The spline method is useful for interpolation.
However, interpolated values often cannot follow a trend of original time series data when
the data have a lot of missing values. ARIMA analysis (Box and Jenkins, 1976) was
32
conducted to generate re-interpolated values of flow rate, COD, NHþ
4 -N, PO4 -P and
temperature in influent. The time series models of Methods 2 and 3 used re-interpolated
data.
Development of linear regressive model. The autocorrelation function (ACF) and partial
32
autocorrelation function (PACF) of the influent flow rate, COD, NHþ
4 -N, and PO4 -P were
used to identify a linear regressive model.
Validation. Data obtained during 151–250 days were utilized for model validation.
Figure 1 shows the overall procedure for development of the time series model.
Results and discussion
Time series model identification

An ARIMA analysis was performed for the time series model identification of flow rate,
32
COD, NHþ
4 -N, PO4 -P and temperature in influent. Figure 2 shows ACF and PACF for
Occasional field plant data

Interpolation by spline method
Method 1
One model for
1-step to 7-step-ahead forecasting

Time series model identification

Re-interpolation with time series model

Development of linear regressive model

Method 2

Method 3

Quest 7 parameter sets for
1–7 day interval forecasting each
Seven models for
1-step-ahead forecasting

Quest 1 parameter set for
all of 1–7 day interval forecasting
One model for
1-step (1 to 7 day)-ahead forecasting

Validation and comparison

Figure 1 Overall procedure for development of time series model
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Figure 2 ACF and PACF for flow rate, COD, NHþ
4 -N and PO4 -P of influent

each component. Table 2 presents the univariate time series model developed by ARIMA
analysis.
Interpolation and re-interpolation of missing data
32
Flow rate, COD, NHþ
4 -N, PO4 -P and temperature were interpolated using the spline
method. They were then re-interpolated using the time series model shown in Table 2.
32
Figure 3 shows the interpolated data of flow rate, COD, NHþ
4 -N and PO4 -P by the
spline method and the re-interpolated data by the time series model. The re-interpolated
data provided a better trend of measured concentrations compared with the interpolated
data.

Model development and validation

Figures 4 and 5 show the results of one-day and seven-day-ahead forecasting for influent
flow rate and concentrations with the three different methods.
Method 1: One model and seven-step-ahead forecasting. There was no significant
difference in the three methods in the results of one-day-ahead forecasting, all yielding a
good prediction. However, seven-day-ahead values of flow rate, COD and PO32
4 -P
showed a relatively constant value whereas seven-day-ahead values of NHþ
4 -N oscillated
extremely. These phenomena depended on characteristics of model structure. The time

Table 2 The univariate time series model developed through ARIMA analysis
Model

188

Equation

Flow rate
COD
NHþ
4 -N

ARIMA(1,0,0)
ARIMA(1,0,0)
ARIMA(3,1,0)

Z t ¼ 6332 þ 0:6438 Z t21 þ at
Z t ¼ 48:7 þ 0:7776 Z t21 þ at
Z t ¼ Z t21 2 0:2996 Z t22 þ 0:1281 Z t23 þ 0:1715 Z t24 þ at

PO32
4 -P
Temperature

ARIMA(1,0,0)
ARIMA(0,1,0)

Z t ¼ 0:4 þ 0:7926 Z t21 þ at
Z t ¼ Z t21 þ at

*at ¼ white noise series with a zero mean and a constant variance s2a
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Figure 3 Interpolation results by spline method and by time series model

series models for flow rate, COD, and PO32
4 -P were equally identified to ARIMA(1,0,0),
which was Z tþ1 ¼ C þ f1 Z t . An equation for n-step-ahead forecasting is:
Z tþn ¼ C þ f1 Z tþn21 ¼ C þ f1 ðC þ f1 Z tþn22 Þ ¼ Cð1 þ f1 Þ þ f21 Z tþn22 ¼ · · ·
n
¼ Cð1 þ f1 · · · þ fn21
1 Þ þ f1 Z t

ð1Þ

If the number of steps (n) increased, fn1 Z tþn reached 0 due to jf1 j , 1. Therefore,
seven-day-ahead forecasting values converged on a constant.
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Figure 4 Comparison of one-day-ahead forecasting results by each method
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Figure 5 Comparison of seven-day-ahead forecasting results by each method

Since the mean of NHþ
4 -N was non-stationary, difference data were used for development of the model. The predicted data oscillated greatly for seven-day-ahead forecasting,
indicating that four predicted values (three-, four-, five-, six-day-ahead forecasting values)
were used for seven-day-ahead forecasting, which greatly accumulated the prediction
error. ARIMA(0,1,0) was identified as prediction model for temperature. There was no
significant variation of data for the prediction horizon within 7 days. This model did not
include a coefficient, implying that there were identical prediction values from one-day
to seven-day-ahead forecasting.

Method 2: Seven models and one-step-ahead forecasting. Daily time series data were
reformed to the time series data set for 1–7 days interval. Difference data were used for
þ
developing the time series model for NHþ
4 -N in Method 1 because the average of NH4 -N
data was non-stationary. In applying Method 2, the difference term was not necessary
because the average of the three days interval data became stationary. The model
32
structure was derived from the ACF and PACF of COD, NHþ
4 -N and PO4 -P. PACF
showed significant values at lag 1 and lag 3 for influent flow rate and COD, and at lags
32
1, 2 and 3 for NHþ
4 -N and PO4 -P (Figure 2). This implied that every component was
influenced by data within three days. Therefore, seven linear regressive models, one-stepahead forecasting, were made for one-day to seven-day-ahead forecasting for each
component (Eq. 2). The parameter sets were estimated for each model with the objective
function of minimising RMSE.
Z tþ1 ¼ f0 Z t þ f1 Z t21 þ f2 Z t22

190

ð2Þ

Figure 4 shows the one-day-ahead forecasting results for each method. There were
some fluctuations of flow rate in the early validation period. In this period, flow rate
increased very clearly. The model did not follow the variation of flow rate during this
period because the model was developed with the data of non-fluctuated flow rate. The
32
one-day-ahead forecasting gave good prediction results for NHþ
4 -N and PO4 -P. Overall
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prediction accuracy was better than for Method 1. The linear regressive model was therefore determined to be a reasonable structure.
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Method 3: One model and one-step-ahead forecasting. The model structure in Method 3
was the same as in Method 2 and included one set of coefficients for every model. The
prediction results of Method 3 were very similar to those of Method 2. Nothing was
significantly different for any component during the validation period. It was concluded
that only one model and one-step-ahead forecasting was enough to forecast the seven-dayahead values for influent flow rate and concentrations. The method of one-step-ahead
forecasting did not result in any accumulated error, and the coefficients estimation was
simple and easy as a result of using only one model.
Further discussion for field application

A number of statistical modelling approaches, including time series modelling, can forecast more accurate values if there is sufficient data obtained from various conditions. In
this research, the data for 150 days from a field plant were used for model development.
The quantity of data was not considered sufficient because it did not include seasonal and
annual variation patterns of influent characteristics. Therefore, it was essential to acquire
enough data to develop a reliable prediction model. The purpose of this research was to
suggest the simplest model to forecast seven-day-ahead data for the influent flow rate and
concentration of each component. The model was successfully developed and applied.
When more data were accumulated after operation, the model could be modified for
better prediction.
Conclusions

The influent information was necessary to compare and evaluate various control strategies
for a wastewater treatment process. The time series model presented the possibility to
forecast seven-day-ahead influent information. The data used for model development
32
were influent flow rate, COD, NHþ
4 -N and PO4 -P. These data did not include seasonal
and annual variation patterns, so the developed model did not represent these characteristics. However, the model produced good results for one-day to seven-day-ahead forecasting. Since the model in Method 3 featured one-step-ahead forecasting only without
accumulated errors and with simple coefficient estimation, it was considered to have
excellent field applicability.
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