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Abstract
Advances in measurement and automation technologies enabled the deployment of monitoring

systems with data acquisition at high frequency in Wastewater Treatment Plants (WWTP). The
information collected is useful for the development of soft sensors to predict hard-to-measure variables,
by multivariate analysis, like Principal Component Analysis (PCA) and Partial Least Squares (PLS)
regression. The aim of this work was the design of soft sensors to predict quality variables of wastewater
required for mechanistic modeling of biological treatment system in a municipal WWTP. The input
data was acquired in the WWTP using a flowmeter and spectrophotometric and electrochemical
online probes, sampling campaigns and off-line analysis. Exploratory data analysis was performed in
order to detect outliers, patterns and correlations. PLS models for soft sensors were developed using
leave-one-out cross validation and the predictive capacity of independent data was evaluated by mean
square error (RMSE). The normalized RMSE obtained for organic nitrogen prediction were 19.5% and
18.1%, using sensors with analytical and spectral data, respectively. For chemical oxygen demand
(COD), the spectrometric probe internal model was better than the one developed with spectral
information. Finally, the possibility of using spectrophotometric probes providing measurements of a
single wavelength was evaluated in order to reduce the online monitoring investment costs.
Keywords: Wastewater Treatment, municipal WWTP, Online Monitoring, Partial Least Squares,
Soft sensors

1. Introduction

The rationale of this work was the development of
soft sensors based on PLS (Partial Least Squares)
models to predict hard-to-measure variables re-
quired for mechanistic modeling of biological treat-
ment system in a municipal WWTP (Wastewater
Treatment Plants). The models were built using an-
alytical data collected during sampling campaigns
and spectral information in UV-Vis (ultraviolet-
visible) region.

In recent years there has been an increase in the
number of decentralized wastewater treatment units
compared with centralized units [1]. There is no
standard definition for centralized and decentral-
ized WWTP but a distinction based on three factors
is often considered: distance from the generation
point, unit size and type of effluent treated. A de-
centralized system collect, treat and reuse/dispose
treated wastewater at or near the generation point
and the effluent treated is mostly of urban origin.
Regarding the size of the treatment unit, decentral-
ized system can be a small or large size WWTP.
Small size WWTP, in particular, are designed for
small rural communities and peri-urban areas and

have more flexible management, allowing the invest-
ment and maintenance costs reduction [2].

Monitoring in municipal WWTP usually aims to
establish a quality control of treated effluent dis-
charge and measurement of some parameters to
support the operation. However, it is possible to
perform a more advanced monitoring, namely op-
erating process control. This requires the instal-
lation of sensors providing real-time information.
The control goal depends on the WWTP charac-
teristics: whereas in large units control strategies
are directed to nitrogen and phosphorus removal,
small-scale systems intended to increase the organic
matter removal efficiency [3]. In the latter case,
the control strategies will depend on the type of
adopted treatment system. The activated sludge
(AS) process is the most commonly applied bio-
logical wastewater treatment method. In the AS
process, a bacterial biomass suspension (the acti-
vated sludge) is responsible for the removal of pol-
lutants through nitrification and denitrifiction pro-
cesses. In the aerobic phase occurs nitrification of
ammonia to nitrate, whereas the anoxic processes
promote the action of denitrifying bacteria which
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reduce NO−
3 to N2 gas [4]. The biochemical ac-

tivity and the performance of AS process is often
described using mathematical models. Activated
Sludge Model 1 (ASM1) is considered the refer-
ence model, and is widely applied to the model-
ing of activated sludge systems. This mechanistic
model is a description of the organic matter and
nitrogen removal through nitrification and denitri-
fication and consists of stoichiometric and kinetic
expressions describing the biochemical processes of
soluble and particulate compounds involved in the
process [5, 6]. In order to apply ASM1, informa-
tion about carbonaceous and nitrogenous fraction
is required. Due to the progress of measurement,
automation and communication technologies, cur-
rently the WWTP have online monitoring instru-
mentation of secondary variables with data acqui-
sition at a high frequency. These easy-to-measure
variables, such the case of COD (Chemical Oxygen
Demand), can be used to predict hard-to-measure
variables like organic nitrogen concentration using
soft sensors. Soft sensors are computer softwares
that use as input the information contained in the
secondary variables and provide information about
the primary, hard-to-measure, variables as output,
in a similar way to hardware sensors.

The use of UV-Vis spectroscopy is very common
in online monitoring systems. The information
contained in spectra frequently provides a finger-
print of the monitored bioprocess and can be used
for process supervision/diagnosis and parameters
estimation. Although soft sensors can be devel-
oped using analytical data, spectral information
contain far more systematic variation and all vari-
ables (i.e. wavelengths) are measured in the same
units. Chemometric methods such as PCA (Prin-
cipal Component Analysis) and PLS have proved
quite useful for extracting relevant information from
the spectra without prior knowledge o wastewater
composition. The principal component analysis of
wastewater sample spectra revealed that the infor-
mation contained in these spectra can be used for
quality control. On the other hand, the PLS mod-
els built from spectral information shown to be ef-
fective in prediction of COD, total organic carbon
(TOC), total suspended solids (TSS) and nitrates
[7, 8, 9].

2. WWTP Characteristics

Bucelas WWTP is a small-size unit (5,000 P.E) di-
vided into three levels of treatment. The primary
treatment includes sieving and grit removal oper-
ations. Secondary treatment is performed by two
activated sludge oxidation ditches in extended aer-
ation mode combined with two gravity clarifiers.
Finally, the effluent is sent to tertiary treatment,

being subjected to sand filtration and UV disinfec-
tion. In order to remove the excess of sludge from
the system, there is a solid treatment line includ-
ing gravity thickening and mechanical dewatering
[10]. The inlet flowmeter is located after sieving,
while online monitoring system for spectra and wa-
ter quality parameters acquisition is installed in the
grit chamber [11].

3. Materials and Methods

3.1. Data Origin

Data used in the development of soft sensors was
collected through online measurements and sam-
pling campaigns. The inlet flowrate was measured
in a Parshall channel, using a flowmeter installed
in the WWTP studied. The system used for on-
line monitoring of water quality parameters con-
sists of a submersible UV/VIS spectrometer spec-
tro::lyser and an electrochemical sensor ammo:lyser,
both from s::can. This system provides spectral
measurements in the wavelength region between
200 nm and 750 nm (UV-Vis region) and analyt-
ical values based in an internal PLS model. The
spectrometer is equipped with an auto cleaning sys-
tem using pressurised air. UV-Vis spectra samples
were acquired between 220 and 737.5 nm (2.5 nm
wavelenght increment), using a xenon lamp as light
source and a path lenght of 5 mm. The frequency
of acquisition was hourly for inlet flowrate, and 10
minutes for water quality parameters/spectra. Af-
ter information acquisiton, a five-point Hamming
Window filter was applied to analytical and flowrate
data to minimize noise and drift phenomena. The
sampling campaigns took place during the period
July 2014 to June 2015. The collected samples were
individual and refrigerated. The samples were not
filtered prior to laboratory analysis, which were per-
formed using Hach-Lange analytical kits: LCK114
(COD, 150-1000 mg O 2/L), LCK314 (COD 15-150
mg O 2/L), LCK338 (total Kjeldahl nitrogen, 20-
100 mg N/L) and LCK303 (ammonia nitrogen, 2-47
mg N/L), following the manufacturer’s instructions.
The determination of TSS was performed accord-
ing to the methodology described in the Standard
Methods for Examination of Water and Wastew-
ater [12]. Table 1 summarizes the relevant infor-
mation about analytical data collected during the
campaigns carried out in Bucelas WWTP.

3.2. Methods

In the present work the soft sensors were developed
using analytical and spectral data. The analytical
data-based sensors have been designed in the per-
spective of using online measured data. However,
it was decided to use only analytical data collected
in campaigns periods for PLS models calibration,
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Table 1: Information about analytical data collected during sampling campaigns in Bucelas WWTP. The
prefix ”P” indicates preliminary campaigns, while ”C” means calibration campaigns and ”V” stands for
validation campaigns. TSS - Total Suspended Solids, CODt - total Chemical Oxygen Demand, NH4-N -
Ammonia Nitrogen, Ntotal - Total Kjeldahl Nitrogen.

Campaign
ID

Date
Duration

(h)

Sample
Acquisition

Frequency (h)

TSS
Samples

CODt
Samples

NH4-N
Samples

Ntotal
Samples

P1 15-16 Jul 2014 24 2 12 12 6 6
P2 15-17 Oct 2014 48 4 12 12 6 6
C1 10-12 Dec 2014 48 2 0a 24 12 12
C2 14-16 Jan 2015 48 2 24 24 12 12
C3 18-20 Mar 2015 72 2 24 24 12 12
V1 20-24 Apr 2015 96 4 24 24 12 12
V2 22-26 Jun 2015 96 4 18 18 9 9

a There are no TSS data in calibration campaign 1 (C1) due to a failure of the cooling system.

since they refer to more reliable measurements. As
it concerns to the spectral data based sensors, it was
also decided to develop PLS models for COD esti-
mation to test the internal calibration of spectrofo-
tometric online probe. The purpose it to conclude
if it is better to use directly spectral information to
predict this parameter instead of using analytical
values provided by the probe internal PLS model.

The first step in the design of both analytical and
spectral data-based soft sensors involved principal
component analysis models in order to identify and
delete outliers and evaluate correlations between
variables. In the case of analytical data sets, con-
sidering the difference in acquisition frequency, the
NH4-N and Norg (Organic Nitrogen) missing val-
ues were interpolated using a simple interpolation
model. In spectral information pre-treatment, the
points considered outliers were due to differences in
the spectrum format compared with average spec-
trum or for being simultaneously outliers in analyt-
ical data analysis.

After outlier exclusion, the data was split into train-
ing (70%) and test (30%) sets for PLS model cal-
ibration and subsequent validation. Input variable
and model structure selection was performed using
leave-one-out cross validation applied to the train-
ing set. The number of latent variables (LV) to
retain in PLS models was established by evaluation
of root mean square error of cross validation, RM-
SECV. The validation step was attempted with an
independent test set and the difference between the
predicted and the measured values was expressed
in terms of root mean square error of prediction,
RMSEP. These errors are determined according to
Equation (1). In order to test the prediction abil-
ity of new data, validation 1 campaign (V1) was
predicted using the calibrated PLS model. The
model robustness was evaluated by comparing pre-

diction errors of external validation set (test set)
and V1 campaign set according to Mann-Whithney-
Wilcoxon test.

RMSE =

√√√√ n∑
i=1

(ŷi − yi)2

n
(1)

One essential requirement in establishing a PLS
model based on spectral data is choosing the ap-
propriate wavelengths since part of the information
in the full spectrum is redundant. In this context,
an optimization step of PLS models based on spec-
tral information was attempted using PLS Toolbox
5.0 in MATLAB. In this step three approaches were
tested: 20 wavelengths per interval, 10 wavelengths
per interval and 1 wavelength, 1 single interval. The
last situation corresponds to a probe providing mea-
surements of a single-wavelength, which is promis-
ing for online monitoring cost reduction.

4. Results and Discussion

4.1. Soft sensors based on analytical data

The data pretreatment resulted in the detection of 3
outliers, all from calibration campaign 2. The PLS
models were developed using analytical informa-
tion collected in sampling campaigns and the cor-
responding flowrate measurements. The Figure 1
show the PCA biplot of all input variables (NH4-N,
Ntotal, COD, Ntotal load - Total Kjeldahl Nitrogen
load, COD load - Chemical Oxygen Demand load
- TSS and Fin - Inlet Flowrate) considered in the
PLS models development. Tables 2 and 3 summa-
rize the results obtained for PLS models tested in
terms of calibration and validation steps. In all the
models, the calibration set includes data from P1,
P2, C2 and C3 campaigns and V1 campaign was
predicted with the final PLS model. The exclusion
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of C1 campaign was due to a failure of the cooling
system, which did not allow analytical determina-
tion of TSS samples.

Figure 1: PCA biplot including P1, P2, C2, C3 and
V1 campaigns after outlier exclusion. The data set
used in the PCA analysis contained 728 points.

The initial goal was to predict the concentration of
Norg based on NH4-N measures. However, the bi-
plot presented in Figure 1 indicates these variables
are almost uncorrelated. In fact, the most corre-
lated variables with organic nitrogen are TSS and
COD. Once reproducibility problems were detected
in the TSS online measurements, this variable was
not considered as an input, so the first PLS model
was developed using COD analytical values. V1
campaign prediction resulted in a moderate RM-
SEP and the Wilcoxon test indicated similar er-
ror distribution of both test and V1 campaign sets.
However, there was no overlapping in observed ver-
sus predicted series for V1 campaign. A possible ex-
planation for the differences observed is the occur-
rence of biochemical processes in the sewage along
the effluent flow to the treatment plant. The ur-
ban sewage water is mainly composed of COD and
organic nitrogen. These species undergo transfor-
mation processes, namely the conversion of organic
nitrogen to ammonia nitrogen via ammonification.
It is known that the higher the residence time of
wastewater in the sewer system, the greater the
ammonification reaction. However, the reaction ex-
tension is not known. Therefore, it was considered
more correct to predict the total nitrogen fraction
and to create new variables taking into account the
residence time in the collector, which were desig-
nated load variables (Equations (2) and (3)). These
are related with inlet flowrate variable (Fin), since
the lower Fin, the higher extension of ammonifica-
tion reaction in sewer. This relationship explain the
anti-correlation arrangement between NH4-N and
Fin in PCA biplot. Organic nitrogen values are
obtained indirectly by the difference of Ntotal pre-
dicted values and NH4-N measured values.

COD load = COD × Fin (2)

Ntotal load = Ntotal × Fin (3)

Load variables were represented in the biplot and
their directions and correlations were evaluated in
order to create new PLS models with improved pre-
diction ability and robustness. It was decided to de-
velop PLS models predicting Ntotal and Ntotal load.
The results showed that predictions of the load vari-
able do not improve substancially compared with
total nitrogen models. The best model is the one de-
veloped to predict Ntotal concentration with ammo-
nia nitrogen data as input. However, due to a fault
detected in the online ammonia nitrogen probe, it
is not possible to obtain the organic nitrogen val-
ues after prediction of the total nitrogen fraction.
Alternatively, another model for direct prediction
of Norg was designed, considering COD load as in-
put. This model is more promising than the first
one constructed using COD measurements as in-
puts, since COD load and organic nitrogen concen-
tration are more correlated. Finally, analyzing the
Table 3 it is concluded that the best two PLS mod-
els are the total nitrogen prediction using COD data
and NH4-N as input variables and organic nitrogen
prediction using the COD load variable. To visu-
ally assess the performance of each model, every
campaign was predicted using both analytical and
online data. The results for V1 campaign are shown
in Figure 2. Using the model for organic nitrogen
estimation, although it is not possible to predict ex-
treme values, good predictions are achieved, general
data trends are captured and the problem of ammo-
niacal nitrogen data availability is avoided. Thus, it
was defined as soft sensor using analytical data the
one based on the PLS model designed to directly
predict organic nitrogen concentration using COD
load as input variable.

4.2. Soft sensors based on spectral data

The spectral data collected during campaign peri-
ods was analysed aiming the outliers identification.
The 1843 spectra were included in a principal com-
ponent analysis resulting in the detection of 5 points
simultaneously outliers in both analytical and spec-
tral analysis and 16 points with different spectrum
format compared with the average spectrum. To-
gether, 21 outliers were identified and excluded from
the data set. Only the spectra with correspondent
analytical value in campaign periods were consid-
ered for soft sensor design. These ones were mean
centered prior to PLS model development. The PLS
models using the whole spectra were calibrated by
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Table 2: Input variables, number of LV, % explained variance of input variables and RMSECV for all
PLS models developed. The normalized RMSECV (NRMSECV) was obtained based on dataset value
range (difference beetween maximum and minimum values). The ranges for the three models were 5-23.8
mg/L, 20-42.75 mg/L and 297-786 mg/s for Norg, Ntotal e Ntotal load respectively.

Output variable Input variables LV
% explained
variance

RMSECV
NRMSECV

(%)

Norg

COD 1 100 3.71 16.3

COD load 1 100 3.72 16.3

COD, NH4-N,
TSS, Fin, COD

load

1 55,23 3,62 15,9
2 63.94 3.90 17.1
3 89.18 3.82 16.8
4 99.83 3.75 16.4
5 100 3.96 17.4

Ntotal

COD, NH4-N
1 69.62 3.92 10.6
2 100 3.80 10.3

CQO 1 100 7.00 18.9

NH4-N 1 100 4.26 11.5

COD, NH4-N,
TSS, Fin, COD

load

1 48.36 5.48 14.8
2 82.99 4.46 12.1
3 93.72 3.88 10.5
4 99.84 3.75 10.1
5 100 3.94 10.6

Ntotal load

COD, COD load
1 97.73 131 13.3
2 100 127 12.9

CQO 1 100 136 13.8

COD, NH4-N,
TSS, Fin, COD

load

1 54.44 118 12.0
2 67.41 81.5 8.29
3 94.03 77.3 7.86
4 99.84 74.7 7.60
5 100 79.6 8.10

Table 3: Test set and V1 campaign set predictions using the developed PLS models. The normalized
RMSEP (NRMSEP) was obtained based on dataset value range. The V1 campaign set ranges for the three
models were 4.3-15.6 mg/L, 20-46.2 mg/L and 199-630 mg/s for Norg, Ntotal and Ntotal load, respectively.

Output variable Input variables LV
RMSECV NRMSECV (%) Wilcoxon

testTest V1 Test V1

Norg
COD 1 3.78 3.31 20.1 29.3 0.0826

COD load 1 3.7 3.01 19.5 26.6 0.0559

Ntotal
COD, NH4-N 1 3.68 3.36 16.2 12.8 0,0943

COD 1 5.39 7.13 23.7 27.2 0.0269

Ntotal load COD 1 123 115 24.2 26.7 0.1566
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(a) Norg prediction model

(b) Ntotal prediction model

Figure 2: Predictions of Norg and Ntotal concen-
treations for V1 campaign based on developed PLS
models. Due to the different acquisition frequency
of COD and inlet flowrate data, flowrate values were
considered as hourly steps. Organic nitrogen values
are obtained by the difference of Ntotal predicted
values and NH4-N measured values.

leave-one-out cross-validation strategy and a valida-
tion step was performed by prediction of indepen-
dent data set (external validation). With the aim of
online monitoring investment cost reduction, wave-
length selection via iPLS algorithm was carried out.

A comparison of the PLS models built is impor-
tant to decide if online monitoring probes having
less measurement range, which represents a lower
investment cost, may alternatively be used with-
out compromising the the output variable predic-
tion ability. Figure 3 shows the ouput of iPLS for
COD and organic nitrogen prediction models. The
plots show the RMSECV obtained for each inter-
val with the average spectrum superimposed as a
black line. The green interval is the selected inter-
val. Analysing the results for COD, the horizontal
dashed lines indicate the RMSECV obtained when
using all variables and 1 or 16 LVs. Also, the se-
lected interval on its own gave a lightly better one-
LV model than did the model using all wavelenghts.

However, a sixteen-LV model using all variables still
did better than any individual interval. The analy-
sis for organic nitrogen is similar. Also, comparing
both plots, there is a greater variation of RMSECV
with interval added over the spectral range in the
case of COD than for organic nitrogen prediction.

(a) COD - λ selected=352.5 nm

(b) Norg - λ selected=542.5 nm

Figure 3: iPLS ouputs for COD and organic ni-
trogen prediction models correspondent to lowcost
version probes (single-wavelength measurement).

All the optimized PLS models tested are presented
in Table 4, together with the models using the whole
spectral range. COD predictions were not signifi-
cantly affected and the lowcost version was best the
model. For organic nitrogen, the test set predictive
ability deteriorated significantly for iPLS models
using intervals of 20 and 10 wavelengths. However,
the lowest RMSE is achieved for lowcost model and
it is almost half the value obtained for the model
using the whole spectrum. In conclusion, curiously,
the best models for both COD and organic nitrogen
correspond to the lowcost version models (1 wave-
lenght, 1 interval).

Attempting to obtain PLS models with even bet-
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Table 4: PLS models for COD and Norg prediction using all the whole spectrum and selected intervals
after optimization via iPLS algorithm. The COD models were constructed using 190 points. The ranges
for training and test sets are 48-738 and 66-747, respectively. The organic nitrogen models include 44
points and the ranges for training and test sets are 4.3-27.1. and 6-18.2, respectively

Output Variable Model ID LV λ intervals NRMSECV (%) NRMSEP (%)

COD

Whole spectrum 5 220-737.5 9.9 20.65

iPLS20 5
220-417.5
670-717.5

10.0 20.1

iPLS10 5

220-242.5
395-417,5

445.0-467.5
595-617.5

10.4 23.9

Lowcost 1 362.5 10.2 14.5

Norg

Whole spectrum 5 220-737.5 21.1 38.7

iPLS20 5 420-517.5 19.3 47.0

iPLS10 5 520-542.5 22.8 23.5

Lowcost 1 542.5 225 19.8

ter predictive ability, it was considered the idea of
adding external factors to the data sets. For Norg

estimation, the addition of ammonia nitrogen and
inlet flowrate was tested. In the case of COD pre-
dictions, only the inlet flowrate was added to the
models. The addition of ammonia information was
considered once it was concluded in the develop-
ment of soft sensors based on analytical data that
the inclusion of this variable improves the models.
The addition of inlet flowrate variable intended to
give the model information about the effluent res-
idence time in the sewer. After PLS models de-
sign, it was concluded that the addition of exter-
nal factors do not affect significantly the prediction
ability. However, there were once again observed
slightly improvements in Norg predictions includ-
ing ammonia nitrogen data as input, reflecting the
importance of having real-time monitoring on this
variable.

Finally, the new data predictive ability of the best
models for COD and organic nitrogen estimation
was assessed by predicting the V1 campaign. The
Mann-Whitney-Wilcoxon test was performance in
order to evaluate the soft sensor robustness.

Analyzing the results in Table 5, it is concluded
that the error distribution of test set and campaign
V1 set is not identical, since the outcome of the
Wilcoxon test is much lower than 0.05 (p value for
95% significance level). Thus, the soft sensor de-
veloped is not robust. This means it is necessary
to analyze the data once again using PCA models
and histograms in order to understand if this repre-
sents an abnormal situation in WWTP. After this,

is is necessary to decide whether the inclusion of
this data in the model is advantageous or not and,
in case it is, the model update should be performed.

4.3. Soft sensors comparison

After de development of soft sensors using analyti-
cal or spectral data as input variables, a comparison
was established in order to evaluate their perfor-
mance. This comparative analysis aimed to give
answers to the following questions: ”It is advanta-
geous to have spectral data available for COD es-
timation or the analytical data obtained from the
internal model of the probe provide good predic-
tions?” and ”Which is the best soft sensor: the one
based on analytical data or the one based in spec-
tral information?”.

To answer the first question the RMSEP of analyt-
ical data provided by s::can probe was determined.
For this calculation, only the analytical data with
coincident sampling timestamps in P1, P2, C1, C2,
C3 and V1 campaign periods was considered. The
value obtained was 231.17 mg/L, corresponding to
a normalized error of 13.45%. This value is lower
compared with test set RMSEP of the lowcost ver-
sion model for COD prediction. Therefore, it is
better to use COD values provided by internal PLS
model of the probe instead of the developed soft
sensor based on spectral information.

Regarding the decision of which sensors provide
better predictions of organic nitrogen concentra-
tion, cross validation errors and test and V1 cam-
paign sets prediction errors were compared. To
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Table 5: Validation 1 predictions with best PLS models for COD and organic nitrogen estimation. V1
campaign set include 24 points for COD model and 12 points for Norg. respectively. The V1 campaign
set range for 99-627 mg/L and 4,3-15,6 mg/L for COD and organic nitrogen predictions, respectively.

Output
Variable

Model ID LV
λ

intervals
NRMSEP

(test set, %)
NRMSEP
(V1, %)

Wiloxon
Test

CQO Lowcost 1 362.5 14.48 12.43 0.1897
Norg Lowcost + NH4-N 2 542.50 18.10 25.50 2.50E-05

Table 6: Information about RMSECV and RMSEP of test set and V1 campaign set organic nitrogen
predictions for both soft sensors based on analytical (Norg) estimation based on COD load information as
input) and spectral data (Norg) estimationbased on lowcost model with additional information of NH4-N
as input).

Sensor Type
NRMSECV

(%)
NRMSEP
(test, %)

NRMSEP
(V1, %)

Wilcoxon
Test

Analytical Data 16.30 19.50 26.60 0.0559
Spectral Data 22.37 18.10 25.50 2.50E-05

evaluate the sensors robustness Mann-Whitney-
Wilcoxon test was performed. The results are sum-
marized in Table 6.

The values have shown that the sensor based on an-
alytical data, although having a worse performance
when predicting the test and V1 campaign sets,
is more robust, according to the Mann-Whitney-
Wilcoxon test result. However, since the result for
the analytical data-based sensor is very close to the
limit of acceptability of Wilcoxon test, it is advis-
able to review and update both sensors in the future
and establish a new comparison.

5. Conclusions

The results of the present work showed that PLS
techniques are suitable for prediction of hard-to-
measure variables which are inputs of mechanistic
models of biological treatment system in WWTP
context. The designed models, in general, have ac-
ceptable prediction errors.

It was also concluded that COD prediction is bet-
ter using internal PLS model of s::can probe than
the soft sensor developed with spectral information
as input, even after wavelength selection and opti-
mization. Soft sensor based on spectral data pro-
vided more accurate estimations of organic nitrogen
compared with soft sensor based on analytical in-
formation. However, the first has shown the need
to be reviewed and possibly updated as it failed
the Mann-Whitney-Wilcoxon test. Another rele-
vant conclusion is the fact that models for organic
nitrogen estimation showed better results when am-
monia nitrogen is included as input, suggesting the
importance of having an efficient online monitoring
system providing information on this variable.

Despite the encouraging results, it is necessary
to analyze the pros and cons associated with on-
line monitoring system implementation in munici-
pal WWTP. The main advantage is the possibility
to anticipate changes in the wastewater quality, al-
lowing the adoption of more efficient control strate-
gies. However, the high investement cost in real-
time monitoring equipment is probably the most
fundamental barrier. In view of cost reduction, the
possibility of using cheaper probes was tested by
selecting the range of wavelengths measurements.
The sensors referred as low cost version, i.e. with a
single-wavelength measurement, revealed good pre-
dictive ability, sustaining the possibility of having
less expensive online monitoring systems installed
in municipal WWTP.
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