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a b s t r a c t
A mathematical model to simulate and study the interaction between the content of nitrogen com-
pounds in the outflow of a wastewater treatment plant and the efficiency of activated sludge sedimen-
tation in its secondary clarifiers is presented in this paper. The goal of the model is to control the bio-
logical reactor settings (e.g. total nitrogen (TN) and sedimentation properties of the sludge) in case of 
discontinuity of quality indicators at wastewater inflow. Such an approach has not been applied so far. 
Continuity of calculated numerical values of model-dependent variables (TN, sludge volume index) 
was obtained by replacing the independent variables with the results of calculations obtained using 
the statistical models. Data mining methods were used to simulate the content of nitrogen compounds 
at the wastewater outlet. To simulate active sludge sedimentation a classification model based on the 
logistic regression method was used. According to the obtained results the proposed comprehensive 
model of simulation, referring to TN and activated sludge sedimentation, enables optimal selection of 
bioreactor settings.

Keywords: �Wastewater treatment plant; Sludge volume index; Total nitrogen; Simulation and control; 
Neural networks

1. Introduction

Maintaining a high efficiency of a wastewater treatment 
plant (WWTP) is a complex task. The process requires con-
stant adjustment of the set values in the bioreactor. To select 
optimal set values in the bioreactor and to minimize the oper-
ating costs, mathematical (physical and statistical) models 
describing the technological process of treatment are widely 
applied. Physical models activated sludge model (ASM) are 
based on systems of differential equations to describe the 
unit WWTP processes (e.g. primary settling tank, activated 

sludge chambers, secondary settling tank). In statistical 
models, so-called parametric models are used to simulate 
processes, where the determined parameters of the model 
have no physical interpretation and usually cannot be iden-
tified with the physicochemical parameters measured at the 
WWTP. The group of statistical models includes the method 
of artificial neural networks (ANN), regression trees, random 
forests, genetic programming, etc. [1–3].

The literature review [4–6] shows that physical models 
are usually used to stabilize a biological reactor (to control the 
wastewater quality indicators, that is, BOD, COD – biochem-
ical and chemical oxygen demands, TN – total nitrogen, TP – 
total phosphorus, TSS – total suspended solids, at the outlet). 
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Statistical models, on the other hand, can be used both to sta-
bilize a plant’s operation and to control a plant by adjusting 
the reactor’s settings to the required parameters. Currently, 
the efforts are limited to the control of selected indicators of 
wastewater quality at the outlet from the WWTP. Generally, 
there are no problems to obtain optimum values for biochem-
ical oxygen demand, chemical oxygen demand, and TSS con-
centration. On the other hand, the nitrogen compounds are 
difficult to control [7–9]. The models developed so far mostly 
ignore the phenomenon of active sludge bulking. Proper sed-
imentation of sludge in secondary clarifiers is a key param-
eter to achieve the high effects of wastewater treatment and 
sludge dewatering. Moreover, in many cases, the authors of 
the developed models ignore the influence and disturbances 
of partial processes in technological objects [10,11]. The role of 
secondary clarifiers in the mentioned processes has been the 
subject of many papers and has been almost fully explained 
[12–14]. On the other hand, the study of the interaction 
between sludge bulking and nitrogen content at the WWTP 
outlet is more complex and depends on a greater number 
of parameters [15,16]. This problem has been discussed by 
Comas et al. [17], Flores-Alsina et al. [18], who analyzed the 
impact of activated sludge bulking on the results of a biolog-
ical reactor optimization (Ludzack–Ettinger). However, due 
to the fact that this approach was based on the ASM model, 
its application to on-line control tasks was limited.

An important limitation of the created models is the con-
tinuity of the independent variables. It is a reason for many 
troubles. Therefore, the use and implementation of currently 
developed parametric models for simulation, optimization, 
and control of WWTP operation was limited. With the lim-
ited numbers of independent variables, it is not possible to 
select the optimal settings to reach a high efficiency of the 
plant [19,20]. Therefore, a new approach, as presented in this 
paper, seems to be a required solution.

The paper presents a statistical model for the simulation 
of TN concentration at the outlet from WWTP, with a basic 
assumption of discontinuities in the measurements of waste-
water quality at the inflow. In this model, in comparison to 
the others, the interactions and influence of sedimentation of 
activated sludge in the secondary clarifier on the continuity 
of wastewater treatment processes in the bioreactor were also 
included. The proposed model could describe a simulation 
of TN removal from wastewater, and could also optimize a 
whole treatment process.

2. Object of study

The analyses were performed in the Sitkówka–Nowiny 
WWTP located close to the city of Kielce in central Poland. 
The nominal capacity of the facility is 75,000 m3/d, which 
corresponds to a load of 275,000 equivalent residents. The 
plant is based on a mechanical-biological system, sup-
ported by chemical processes, if necessary. In the tested 
plant, the incoming wastewater is mechanically treated on 
grids, an aerated grit, and a primary clarifier. Then, it is 
transported to a biological block (to the activated sludge 
chamber) operating in a modified BARDENPHO system 
(with a pre-denitrification chamber). The treated wastewa-
ter flows into a secondary clarifier, it is discharged into the 
Bobrza River.

3. Methodology used

A mathematical model of a biological reactor (activated 
sludge chambers) with a secondary settling tank was applied 
using statistical methods (Fig. 1). In the proposed methodol-
ogy, in comparison to the other papers [17,18], it is important 
to correctly determine a model for wastewater quality simula-
tion (referring to TN) at the plant outlet and activated sludge 
sedimentation (classification model, e.g. based on logistic 
regression method to assess activated sludge bulking).

On the other hand, due to the large number of indepen-
dent variables describing the analyzed processes and tech-
nical problems at the stage of variables measurement, the 
Fisher–Snedecor test was used to optimize and limit the num-
ber of variables taken into account in the modeling. To sim-
ulate the processes, the application of data mining methods 
was proposed in the paper. In this approach, several different 
methods were considered to optimally select them for the 
forecast of the studied phenomena. To obtain continuity of 
forecasts concerning sludge sedimentation (activated sludge 
bulking) and TN concentration in the bioreactor, it was pro-
posed to calculate wastewater quality indicators at the inlet 
of the plant using mathematical modeling. In this modeling, 
the inflow concentration data were used. Therefore a contin-
uous control and optimization of the wastewater treatment 
process, at the changing amount and quality of inflow waste-
water, relating to weather conditions, was possible. The pro-
posed model could be described as follows:

•	 selection of independent variables for models designed 
to simulate sludge volume index (SVI) (bulking of acti-
vated sludge) and TN,

•	 determination of models to forecast SVI and TNeff values 
and to optimize a model,

•	 construction of statistical models to simulate wastewa-
ter quality indicators at wastewater inflow, to assume in 
models for SVI, TNeff simulation; determination of these 
models is carried out with the use of data mining meth-
ods based on measured values of raw wastewater inflow,

•	 correction and selection of settings in the biological 
reactor.

The paper presents an example of determining the model 
for SVI and TNeff simulation at the tested Sitkówka–Nowiny 
plant.

3.1. Model to forecast nitrogen outlet concentration

The literature review [3,7,21–23] shows that TN content 
in wastewater in the WWTP outflow is modeled (with the use 
of statistical methods) based on values of selected indicators 
of wastewater quality at the inflow and operating parame-
ters of the reactor. Analyses carried out by many researchers 
and laboratory studies have shown that the key influence on 
the process of nitrogen removal in the bioreactor has, on the 
one hand, the number of organic compounds entering the 
treatment plant (BOD, COD), as well as the concentration of 
nitrogen forms (NO2, NO3, N–NH4). The process of biologi-
cal nitrogen removal in a biological reactor also depends on 
the air temperature, which affects the kinetics of biochemical 
processes in activated sludge [3–7]. During the operation of a 
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WWTP, the nitrogen concentration in the treated wastewater, 
depending on the season and raw wastewater inflow, can be 
regulated by the amount of air entering the activated sludge, 
which translates into bacterial flora activity and biomass 
concentration [21–23]. The number of independent variables 
included in the models results from complex process physics 
and can be described by a general relation [3,7,22]:

TN
eff
t f Q t C t x x x

k m( ) = ( ) ( ) …( ), , , , ,1 2 	 (1)

where Q(t) – wastewater inflow to the treatment plant, 
C(t)k – k values of selected wastewater quality indicators at 
the inflow to the object (organic compounds and various 
forms of nitrogen), x1,2,m – numerical values of settings in the 
biological reactor (concentration of oxygen in nitrification 
chambers, the concentration of activated sludge, amount of 
excessive sediment, degree of recirculation).

Due to the different composition of bacterial flora in the 
activated sludge, the potential correlation of independent 
variables included in the model and interactions between 
them, not all the variables in Eq. (1) have the same effect 

on the quality of wastewater and some of them could be 
neglected. For this purpose, some practical methods [24–26] 
are used to reduce the number of variables in the model. 
Therefore, the Fisher–Snedecor test has been used, to reject 
independent variables having an overlooked influence on 
the studied phenomenon [15,16]. Thus, the independent vari-
ables included in the analyses in Eq. (1), for which the value 
of the test probability obtained from the calculations will be 
greater than α = 0.05, could be removed from further analy-
ses; their impact on the modeling results in comparison with 
other variables was considered negligible.

3.2. Simulation of activated sludge sedimentation in a secondary 
clarifier

The phenomenon of activated sludge sedimentation 
in a secondary clarifier is very complex and is affected by 
a number of factors including the quantity and quality of 
wastewater, hydraulic parameters of the clarifier, operating 
parameters of the biological reactor, meteorological con-
ditions. These relations are local in nature and may vary 

Fig. 1. Calculation scheme to determine a model for simulation, optimization, and control of WWTP operation (nitrogen removal, 
sedimentation of sludge in the secondary clarifier) in case of discontinuity of selected wastewater quality indicators.
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depending on the quality of sewage, weather and climate 
conditions and the technological solution adopted [15,16]. 
The analyses carried out showed that the quality of waste-
water has a significant impact on the sedimentation capac-
ity of activated sludge, which translates into the amount 
of nutrients taken up by activated sludge flocs. In case of a 
deficiency of organic compounds, problems with sludge 
bulking may occur [27,28]. Undoubtedly, temperature plays 
an important role in sedimentation, which is closely related 
to kinetics and biochemical transformations taking place in 
the activated sludge. Oxygen concentration has a significant 
influence on the correction of the sedimentation capacity of 
the sludge because oxygen is necessary for the life processes 
of the microorganisms forming the sludge [29,30]. Therefore, 
no universal model of activated sludge sedimentation has 
been developed so far. Hence, the following relation [27–30] 
could be presented:

SVI KOC= ( ) …( )f T Q C t x x x
k m, , , , , ,1 2 	 (2)

where TKOC, Q, C(t)k, x1, x2, xm – as indicated above.
The examined process shows strong non-linearity, there-

fore the data mining methods of the black box type are used 
to its simulation. It could happen that the designated models 
do not provide satisfactory results of the simulation, then it 
may be necessary to change the type of output signals from 
the model from continuous to binary data. In the case of 
sludge sedimentation modeling such a change is possible, 
because the limit values of the SVI [30] enable us to achieve 
the sludge sedimentation capacity. In the systems with inte-
grated removal of organic compounds, nitrogen, and phos-
phorus, the limit SVI value is equal to 150  cm3/g and after 
exceeding it, activated sludge bulking occurs. For binary data 
simulation a model of logit regression can be used, in which 
the transformation of dependent variable space (SVI values) 
to probability space (in the range of 0–1) is performed. It can 
be shown that by substituting relation (4) to Eq. (3) it is also 
possible to simulate sludge sedimentation in case of discon-
tinuity in measurements of wastewater quality indicators. 
According to Szeląg et al. [29], the sedimentation of sludge 
can be correctly predicted using a logit model. For the WWTP 
Sitkówka–Nowiny the model could be described as:
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where: Dissolved oxygen (DO) – concentration of oxygen 
in the nitrification chamber (mg/L), XOC – activated sludge 
concentration (kg/m3), mPIX – daily dose of chemical coagu-
lant PIX (m3/d), TKOC – temperature in the activated sludge 
chambers (°C), LN NH− 4

 – load of ammonium nitrogen (kg/d), 
TN – total nitrogen content (mg/L), TP – total phosphorus 
content (mg/L), BOD5 – biochemical oxygen demand (mg/L).

The relation was obtained assuming that sludge bulking 
occurs when SVI = 150 cm3/g, and p = 0.50, respectively. The 
limit value SVI  = 150  cm3/g = SVIiim is a typical value for a 
WWTP with integrated carbon, nitrogen and phosphorus 

removal technology [31]. The presented relations between 
active sludge sedimentation in the secondary clarifier and 
independent variables of the model are confirmed in several 
works on the real plants and using mathematical modeling of 
activated sludge bulking [15,17,18].

The presented above has already been a basis for the 
analysis of the reliability of WWTP operation in relation to 
activated sludge bulking [29]. However, that approach was 
simplified and there were limited possibilities of parallel 
control of the outlet wastewater quality and activated sludge 
bulking in the secondary clarifier. The presented model could 
be recognized as a significant development of that approach. 
Moreover, it could allow control and optimization of the con-
tinuous operation of the plant, taking into account both the 
quality of outlet wastewater (e.g. total nitrogen) and the bulk-
ing of activated sludge in the secondary clarifier.

3.3. Simulation of discontinuity of wastewater quality indicators 
in the model as a basis of SVI, TN forecasting

Besides the selected variables for process models (i.e. 
sludge sedimentation and TN removal), the laboratory anal-
yses costs and their duration are also of significant impor-
tance. These models should guarantee high reliability of the 
plant operation even when the monitoring system is tem-
porarily out of order. Therefore, the approach proposed by 
Szeląg et al. [32], Lubos et al. [33], Ahnert et al. [34] could be 
applied. The proposed model can be described as a general 
relationship Eq. (4):

C t f Q t Q t Q t j
k( ) = −( ) −( ) … −( )( )1 2, , , 	 (4)

where: Q(t–1, t–2, t–j) – values of inflow to the WWTP mea-
sured in the days preceding the model value of wastewater 
quality indicator k, determined based on the Fisher–Snedecor 
test. Thus, the values of activated sludge sedimentation (SVI) 
and TN concentration at the outlet from the treatment plant 
(TNeff) can be determined by calculating the missing waste-
water quality indicators using Eq. (4).

3.4. Data mining method for simulation and determination of the 
model structure

Apart from the selection of independent variables for the 
model, the proper selection of the type of statistical model is 
the key factor in the modeling process. The literature review 
[35–37] shows that artificial neural networks of the percep-
tron multilayer type (MLP) are commonly used to simulate 
the quality of wastewater at the inlet and outlet of WWTP. 
In case of unsatisfactory results of the simulation, one of the 
modifications of neural networks [Adaptive neuro fuzzy 
inference system (ANFIS), recurrent artificial neural network 
(RANN)], leading to the development of the model structure, 
maybe then applied. The cascade neural networks (CNN) 
method could be pointed out, where an additional connec-
tion between adjacent neural layers improves the predictive 
capabilities of the model in comparison to the MLP [38]. The 
disadvantage of the mentioned methods (MLP, ANFIS, CNN, 
RANN) is the lack of a global minimum of the defined tar-
get function [39] and the presence of many local minima. 
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This disadvantage is lacking in the method of support vec-
tors machine (SVM), where the N-dimensional space of inde-
pendent variables is transformed into K-dimensional linear 
space by means of Kernel function [40]. Apart from the meth-
ods mentioned above, the methods of regression trees are 
also used to simulate processes in technological systems, for 
example, the method of boosted trees (BT) [41]. The structure 
of the model obtained by this method is less complex than in 
the case of MLP, SVM, RANN, ANFIS methods and in many 
cases the obtained results are not worse (in some cases even 
better) than those determined by more complex methods.

The paper presents mathematical models for simulation of 
TN removal using the SVM, CNN and BT methods. By appli-
cation of the CNN model, the number of neurons in the range 
(j–2 · j+1) was selected to prevent the model from overturning 
[42]. The Broyden–Fletcher–Goldfarb–Shanno method [43] 
was used to determine the weight values for neurons. When 
optimizing the network structure for the assumed number 
of neurons, different activation functions (linear, exponen-
tial, hyperbolic tangent, sinus) were considered in the hid-
den and output layers to obtain the best possible matching 
of the calculation results to the measurements expressed 
by the correlation coefficient (R) and mean absolute (MAE) 
and mean relative (MAPE) errors. In the model determined 
by the SVM method, the Gauss function [39] was assumed. 
During the model determination, iterative steps were carried 
out (using the method of successive substitutions) on the 
ranges of values for C (capacitance), e (insensitivity thresh-
old), γ (Kernel function), until satisfactory MAE and MAPE 
values were obtained. In the BT method, the optimization of 
the model structure was based on minimizing the calculation 
errors for the number of trees in the model less than 200 [41].

4. Results

Based on the collected data at the Sitkówka–Nowiny 
WWTP in the period 2013–2017 the ranges of variability of 
selected technological parameters of operation of activated 

sludge chambers and the quantity and quality of wastewater 
at the outflow and inflow were determined (Table 1).

These changes have a significant impact on the values of 
settings in the bioreactor (concentration of oxygen in nitri-
fication chambers, amount of dosed PIX, the concentration 
of activated sludge, amount of discharged excessive sludge), 
which in turn affects the quality of wastewater at the outlet 
from the WWTP (TN content) [44]. A wide range of changes 
in SVI values may indicate activated sludge bulking due to 
temperature decrease, as confirmed in the other experiments 
by Bayo et al. [30]. It was due to the reduced concentration of 
organic compounds in the inlet and the changing concentra-
tions of oxygen in the activated sludge chambers, which is in 
accordance with the results shown, for example, by Comas 
et al. [17]. A wide range of changes of the SVI values at the 
Sitkówka–Nowiny treatment plant resulted also from the 
fact that in the analyzed period the composition of bacterial 
flora in the activated sludge, in which filamentous bacte-
ria also occurred, changed. Based on the data in Table 1, it 
can be concluded that some operating problems could have 
occurred while the measuring period. This is confirmed by 
the fact that the acceptable TNeff values in treated wastewater 
(TNeff  >  10 mg/L) were exceeded and the values of the SVI 
increased, to indicate the occurrence of active sludge bulking.

Therefore, it is necessary to develop mathematical mod-
els to simulate the above mentioned processes in order to 
improve the efficiency of the WWTP. Following the calcula-
tion scheme presented in Fig. 1, initial mathematical models 
for the simulation of wastewater quality indicators (BOD5, 
TN, TP, N–NH4) were determined. First of all, independent 
variables of particular quality indicators were determined 
and mathematical forecast models using SVM, CNN and 
BT methods were developed [26,29]. The calculations have 
shown that BOD5 values can be predicted using the raw 
sewage inflow measurements Q(t–1) to Q(t–7). The same 
measurements can also be used to determine the content 
of TN and TP in the sewage inflow to the treatment plant. 
Probability values determined by Fisher–Snedecor test are 

Table 1
Summary of numerical values of variables describing the quantity and quality of wastewater at the inflow and outflow from the 
WWTP and the operating parameters of the biological reactor

Indicators Winter Spring, summer, autumn

Min. Mean Max. Standard 
deviation

Min. Mean Max. Standard 
deviation

Q, m3/d 29.952 39.364 88.986 6.563 3.0125 41.842 94.772 8.559
BOD5, mgO2/L 151 290 489 81.83 132 340 557 81.2
N–NH4, mg/L 28 48.9 62 5.68 22 54.52 66.9 7.13
TN, mg/L 56.2 82.01 95.16 8.42 39.9 95.15 124.1 11.58
TNeff, mg/L 3.6 7.02 17.8 2.38 6.26 8.89 13.92 1.43
TPeff, mg/L 3.1 7.22 12.1 1.44 3.5 7.83 12.6 1.65
TKOC, °C 10 11.9 13.5 0.8 11.3 17.8 23 3.1
DO, mg/L 1.8 2.85 3.25 0.8 1.51 2.2 3.25 0.65
XOC, mg/L 2.85 4.95 6.54 0.84 2.15 4.11 5.28 0.95
WAS, kg MLSS/d 12.69 15.35 18.35 3.51 10.02 12.35 17.25 3.77
SVI, cm3/g 154 198 291 35 90 138 200 37
mPIX, m3/d 0 0.81 1.75 0.27 0 0.84 1.82 0.28
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given in Szeląg et al. [29]. Table 2 presents the calculated 
values of the measures of the adjustment of the calculation 
results to the measurements (MAE, MAPE, R). Fig. 2 also 
presents a comparison of data obtained from simulation cal-
culations with measurements. The results for the best model 
for which the obtained error values were the least significant 
are presented.

The average values of the forecast errors of the selected 
quality indicators obtained by using the model determined by 
the SVM method are higher than the results obtained by the 
CNN method by no more than 15% (taking into account the 
values of MAPE). The highest values of errors were obtained 
for the BT method. The results of calculations and data in 
Table 2 are confirmed by curves plotted in Fig. 2 showing the 
variability of wastewater quality indicators (BOD5, TN, N–
NH4, TP) measured and calculated using the CNN method.

The obtained results of the simulation are confirmed by 
the analyses of Ahnert et al. [34] and Szeląg et al. [25,29]. 
Thus, the quality of wastewater could be determined by the 
diversified degree of dilution of wastewater in the wastewa-
ter system.

The simulation results (see Table 2) confirm the possibil-
ity of introducing simplifications in the simulation of waste-
water quality limiting the number of independent variables 
taken into account in the analyses [45,46], which could lead 
to lower costs of determining wastewater quality indicators, 
according to the laboratory analyses costs. Similar results of 
BOD5 simulation were obtained by Dogan et al. [45], who 
included a number of other quality indicators in their calcu-
lations (COD, TSS, TP, TN), to confirm that the cost of per-
forming measurements of these indicators would be much 
higher than these of flow. Slightly better results (about 5%) of 
simulation of the indicators (TN, N–NH4, TP) were obtained 
by Minsoo et al. [47], who used modified the k-nearest neigh-
bor’s method in their calculations.

Assuming all the mentioned above conclusions (see 
Table 2), the next step in the calculation scheme (Fig. 1), that 
is, determination of the model for the forecast of TN, was 
proceeded with the assumption that discontinuities may 
occur in the measurement series concerning the wastewater 
quality at the inlet to the facility. Using the Fisher–Snedecor 
test, it was shown that at the level of statistical significance 

Table 2
Values of measures of matching calculation results to measurements for selected wastewater quality indicators

Parameters Inputs CNN SVM BT

Number MAE MAPE R MAE MAPE R MAE MAPE R

mg/L % – mg/L % – mg/L % –

BOD5 9 31 9.7 0.9 40 13 0.9 58 19 0.81
TN 9 3.8 4 0.9 4 4.7 0.9 11 12 0.7
N–NH4 8 2.8 5.3 0.9 3 5.5 0.9 6.1 11 0.8
TP 8 0.6 7.2 0.9 0.6 8.1 0.9 1 14 0.8

Fig. 2. Comparison of calculation results with measurements of selected wastewater quality indicators (BOD5, TN, N–NH4, TP) for 
the Sitkówka–Nowiny WWTP in the period covered by the measurements.
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p  =  0.05 the model for TNeff forecast can be expressed as a 
general relation (5):

TN DO WAS RAS BOD

TN N NH
eff OC in

in in

=

−
( )

( ) ( )

f T X QK( , , , , , , ,

, )
5

4

	 (5)

The correctness of Eq. (5) is confirmed by the studies 
of the other authors who used data mining methods to 
simulate TN values at the outlet from a WWTP. Analyses 
performed by Lee et al. [21], Mirbagheri et al. [48] confirm 
the influence of the values of wastewater quality indicators 
(BOD5, TN, N–NH4) and operational parameters of the bio-
reactor [mixed liquor suspended solid (MLSS), DO] on the 
TN content in the outlet. Relation (5) is also confirmed by 
the calculations of Corominas et al. [10] carried out using 
the ASM2d model to emphasize the physical nature of the 
phenomenon. Based on the general relation (5), the models 
for simulation of TNeff values were determined, where the 
variables are continuous (option I) or there are gaps in the 
input data to the model (option II). In the option I, the statis-
tical models for the sewage quality forecast are determined 
on the basis of the CNN, SVM and BT methods. In option II, 
the sewage quality forecast is based on general relations (2) 
and (5), where the values of quality indicators are modeled 
using the CNN and SVM methods. Thus, in option II, TN 
at the outlet is forecasted using hybrid models determined 
by combinations of the methods CNN + CNN, CNN + SVM, 
etc. The results of the study are presented in Table 3.

It can be concluded that the lowest error values for the 
TNeff indicator simulation were found for the CNN method, 
while the highest error values were obtained using the model 

determined by the BT method (Table 3). The hybrid approach, 
that is, the combinations of CNN + CNN and CNN + SVM 
models, confirm the equivalent results of the TNeff simula-
tion. To get additional information, Figs. 3 and 4 present a 
comparison of simulation results and measurements in the 
period covered by the research. From the curves shown in 
Fig. 4 it can be concluded that the values of TN calculated 
with the CNN  +  SVM model can be significantly overesti-
mated (even up to 4–7 mg/L), which can lead to erroneous 
information about exceeding the value of the calculated 
wastewater quality index. In practice, this may result in an 
overvaluation of the selected settings of the biological reac-
tor. In case of a hybrid model of CNN + CNN type, a smaller 
differentiation of calculation results and TN value measure-
ments was found, leading to optimal selection of biological 
reactor settings.

In order to evaluate the predictive abilities of the obtained 
models, they were compared with the simulation results 
obtained by the other authors (Table 4).

However, due to the limited range of results, different 
ranges of variability of TNeff values at the outlet, different 
measures of matching the calculation results to the measure-
ments presented in the works of other authors [3,7,21,27,48], 
in the present paper correlation coefficients were used to 
assess the models. This approach is correct and commonly 
used in comparative analysis of statistical models obtained 
for various objects, what was presented in numerous papers 
[2,49–51].

By comparing the results of TNeff variable simulation 
described by Eqs. (2) and (5) obtained in the paper, it can be 
concluded that these results are not worse than the results 
obtained by the other authors who did not include the dis-
continuities of input data in their mathematical models. This 
is a significant advantage of the method given in the paper, 
since it gives the possibility to control the operation of a bio-
reactor when there are no sufficient data of wastewater qual-
ity indicators at the inlet to the WWTP. The obtained results 
confirm the fact that artificial neural networks are a valuable 
tool allowing to simulate with high accuracy the concentra-
tion of TN at the outlet from WWTP.

At the same time, comparing the R-values obtained by 
the other authors with the values obtained in this study, it 
can be stated that the modification of the neural network 
model of the MLP (by introduction of additional connections 
between subsequent layers) has a significant impact on the 
improvement of predictive capabilities of the model. This fact 
is confirmed by the analyses carried out by the other authors 
[52,53] dealing with the simulation of technological processes 
(Table 4).

Table 3
Comparison of the measures of adjustment of calculation re-
sults to the measurements data of TNeff using the methods CNN, 
SVM, BT, and their combinations

Method Validation

MAE MAPE R

mg/L % –

CNN 0.59 7.58 0.95
SVM 0.71 9.52 0.91
BT 0.84 10.96 0.82
CNN + CNN 1.07 13.79 0.86
CNN + SVM 1.07 13.12 0.78

Table 4
Characteristics of exemplary models for TNeff values prediction determined by other authors

Source R Independent variables Method

Clara [7] 0.955 si, WAS, Q, Ep AGF
Luo et al. [23] 0.938 TN, SE, DO, N–NH4 ANN+FR
Lee et al. [21] 0.920 Q, T, pH, COD, TN, TP, XOC, DO, SVI ANN+PLS
Mirbagheri et al. [48] 0.882 Q, BOD5, COD, TP, TDS, N–NH4, HT, pH, XOC ANN
Hongbin et al. [3] 0.748 Q, BOD5, COD, TSS, TN, TP ANFIS+GA
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where: GA – genetic algorithm, FR – fuzzy rough, PLS – 
partial least square, AGF – adaptative gradient with fuzzy 
variable selection, Ep – Energy Pump, SE – Settleability, HT 
– Hydraulic time, si – fraction of the COD.

In order to make practical use of the examined models, an 
example of their application to improve the efficiency of the 
Sitkówka–Nowiny facility is presented below. Three calcula-
tion options were considered:

•	 Option I: the current state of the plant operation,
•	 Option II: control of the reactor settings at continuous 

measurements of the inlet parameters
•	 Option III: in case of discontinuities in the measurement 

data.

The control is based on the assumption that the TNeff 
concentration in the outlet does not exceed 10  mg/L. Due 
to the fact that the values of selected settings for each 

individual plant differ from each other [18,20,54], it is not 
possible to develop general guidelines for the selection of 
these settings. Therefore, the set-point values are iteratively 
selected: their initial values are assumed and the TNeff con-
tent at the outlet and the active sludge sedimentation are 
calculated based on the relations (2), (5), and (6); then the cal-
culated values are compared with the limit values of these 
variables (TNeff  =  10  mg/L; p  =  0.50, which corresponds to 
SVI = 150 cm3/g) and the preset values are adjusted so that 
the calculated values are equal to TNobi < 10 mg/L and p < 0.5. 
The results of the calculations are shown in Figs. 5 and 6.

Based on the variability of the curves shown in Figs. 5 and 
6, it can be concluded that the limit values for TNeff during the 
winter were exceeded during the test period. Moreover, in 
the winter period, the activated sludge bulking was observed. 
The results of the calculations obtained in the paper are con-
firmed by the results of numerical experiments carried out by 
Comas et al. [17]. Based on the determined statistical model 
for modeling of activated sludge bulking using the fuzzy set 
theory and using continuous (annual) time series of waste-
water quality indicators (BOD, TN, TP, N–NH4) and reactor 
operating parameters [DO, MLSS, waste activated sludge 

Fig. 3. Comparison of TN value measurements and calculation 
results obtained with CNN, SVM and BT models during the 
measurement period. Fig. 5. Results of TNeff and p calculations for the current state 

of the process and after its optimization and for the settings in 
the bioreactor with the assumption of continuity of the collected 
data.

Fig. 6. Results of TNeff and p calculations for the existing state of 
the process and after its optimization and the setting values in 
the bioreactor assuming discontinuity of the collected data.

Fig. 4. Comparison of the TN value measurements and calcu-
lation results obtained with the CNN + CNN and CNN + SVM 
models during the measurement period.
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(WAS), return activated sludge (RAS)], they simulated the 
reliability of WWTP operation. Their results showed prob-
lems with the sedimentation of activated sludge (bulking) 
in winter and autumn periods, which was confirmed by the 
measurements and calculation experiments carried out by 
Bayo et al. [30], Flores-Alsina et al. [18]. It is worth noting 
that the exceeding of TN content in treated wastewater was 
accompanied in the secondary clarifier by the phenomenon 
of bulking of activated sludge, which is confirmed by values 
of p  >  0.5. [29], who for WWTP (Ludzack–Ettinger system) 
developed the ASM1 model to forecast BOD, COD, TSS, TN 
values and simultaneously performed simulations of sedi-
mentation using Comas et al. [17]. In the spring and summer, 
it was found that TNeff values are much lower than the max-
imum permissible values (TNeff  =  10  mg/L) and that in the 
episodes shown in Figs. 5 and 6 there were no problems with 
the activated sludge bulking.

Thus, using the mathematical models proposed in the 
paper to forecast the TNeff value, it is possible to improve 
the efficiency of WWTP. Using the developed models (with 
consideration of two cases of measurement data in the form 
of continuous and discontinuous time series) it is possible to 
eliminate TNeff exceedances, which has a key impact on the 
quality of wastewater discharge. It was achieved by increas-
ing the concentration of sludge in activated sludge cham-
bers and increasing the concentration of oxygen in nitrifica-
tion chambers. It should be noted that for data collected in 
a discontinuous manner, the TNeff values are lower than the 
results obtained when the data are recorded continuously 
(Figs. 5 and 6).

5. Conclusion

The analyses carried out in the study showed that it is 
possible to simulate the quality of wastewater at the outlet 
from WWTP using the SVM, CNN, and BT methods. The 
best results of the simulation were obtained with the CNN 
method, and the highest values of errors in the forecast of 
wastewater quality indicators were obtained with the use of 
the model determined with the BT method. Moreover, the 
obtained results confirm the possibility of modeling the TN 
content at the outlet from the WWTP using hybrid models. 
The concept of the hybrid model is based on the fact that the 
values of independent variables (the inlet parameters) are 
modeled with the use of statistical models based on wastewa-
ter flowing into the plant. This approach allows us to reduce 
the costs of continuous measurements of wastewater quality 
indicators at the inlet to the treatment plant and to simplify the  
calculations in WWTP plants supporting the operating routine.

It is possible to continuously simulate and control the 
operation of a WWTP in the absence of continuous mea-
surements of raw wastewater quality indicators consti-
tuting independent variables in the process models. The 
model developed in the paper gives the possibility to 
analyze the influence of variable quantity and quality of 
incoming wastewater, weather conditions and operating 
parameters of a biological reactor on the quality of waste-
water at the outlet from the WWTP and on the process of 
sedimentation of sludge in secondary clarifiers. The obser-
vation that it is possible to control the operation of a bio-
logical reactor in the absence of continuous measurements 

of key indicators of wastewater quality could also be rec-
ognized as apparent innovation in relation to the models 
developed by the other authors. It could help to increase 
the efficiency of a WWTP and to improve its reliability in 
comparison with the classical solutions, which assume 
continuous measurements of wastewater quality at the 
inlet to the WWTP.
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