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HIGHLIGHTS

» Automatic image analysis methodology was evaluated to monitor activated sludge.

» Principal component analysis and decision trees identified different operating conditions.
» Partial least squares estimated sludge volume index and total suspended solids.

» An invaluable method in quality assessment of activated sludge was established.
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Activated sludge systems are prone to be affected by changes in operating conditions leading to problems
such as pinpoint flocs formation, filamentous bulking, dispersed growth, and viscous bulking. These prob-
lems are often related with the floc structure and filamentous bacteria contents. In this work, a lab-scale
activated sludge system was operated sequentially obtaining filamentous bulking, pinpoint floc forma-
tion, viscous bulking and normal conditions. Image processing and analysis techniques were used to
characterize the contents and structure of aggregated biomass and the contents of filamentous bacteria.
Further principal component and decision trees analyses permitted the identification of different condi-
tions from the collected morphological data. Furthermore, a partial least squares analysis allowed to esti-
mate the sludge volume index and suspended solids key parameters. The obtained results show the
potential of image analysis procedures, associated with chemometric techniques, in activated sludge sys-
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1. Introduction

Wastewater treatment plants (WWTPs) are commonly operated
using biological processes which is the case of activated sludge
(AS) systems. These are very susceptible processes to unexpected
changes in operational conditions, where several disturbances
associated to biomass structure and sludge settling ability may
arise. Pinpoint flocs formation, filamentous bulking, dispersed
growth, and viscous bulking are the most common problems in
AS, regarding sludge settling ability. It has been reported in the lit-
erature (Wilén and Balmer, 1999; Wilén et al., 2003, 2008) that
changing operational conditions mostly affects the solid-liquid
separation, a stage that is often characterized by the sludge volume
index (SVI), the biomass structure and the mixed liquor suspended
solids (MLSS) within the reactor. However, the determination of
these operational parameters cannot be performed timely, by con-
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ventional analytical procedures, for purposes of real time
monitoring.

To overcome the time-consuming analytical procedures, image
processing and analysis methodologies have been increasingly
used for AS characterization, in order to timely predict these
parameters. Based on microscopy inspection, SVI has been shown
to be related to the floc structure in AS systems (Palm et al.,
1980; Dagot et al., 2001), and filamentous bacteria contents and
composition overwhelmingly on filamentous bulking surveys
(Lee et al., 1983; da Motta et al., 2001a,b; Jenné et al., 2004,
2007; Amaral and Ferreira, 2005; Mesquita et al., 2009). However,
the application of the published models to predict the SVI or MLSS
fails to other types of disturbances, since the biomass structure is
different for each disturbance. Recently, the works of Mesquita
(2011), Mesquita et al. (2011a), and Mesquita et al. (2011b) can
be seen as a breakthrough regarding the characterization and iden-
tification of the most common AS abnormalities such as pinpoint
flocs formation, filamentous bulking and viscous bulking. The
knowledge of the disturbance concerning an AS system is crucial
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since the corrective measures depend on the type of the distur-
bance, and its identification is not straightforward by simply ana-
lyzing the SVI or MLSS values. For instance, a value of SVI above
150 mL g~ ! may point to a bulking problem (Jenkins et al., 2003),
but does not gives more information about its origin (either due
to excessive filamentous growth in filamentous bulking or to
excessive production of extracellular polymers forming large
aggregates in viscous bulking). The present study thus aims to ex-
tend the knowledge on automatic identification of AS disturbances,
by image processing and chemometric techniques and, more
importantly, automatically assesses operational parameters, such
as SVI and MLSS, for each identified condition.

Following previous studies an overall methodology was put into
practice allowing for a fast and accurate prediction of MLSS and SVI
operational parameters, taking into account their dependence on
each particular operating condition. For that purpose, experiments
were conducted in order to obtain filamentous bulking, pinpoint
floc formation and viscous bulking conditions apart from the nor-
mal operation. The obtained image analysis data were used to
identify AS malfunctions (pinpoint flocs formation, filamentous
bulking and viscous bulking) by principal components (PCA) and
decision trees (DT) analyses, and predict the settling ability
(namely SVI) and MLSS parameters by multivariate partial least
squares (PLS).

2. Materials and methods
2.1. Experimental setup

An AS system composed by an aeration tank (17 L) and a clari-
fier (2.5 L) was used in this study. The system was equipped with
two feed pumps for synthetic wastewater dilution, air supply at
the bottom of the aeration tank and sludge recirculation from the
clarifier to the aeration tank. The pH was controlled at 7 with a
pH meter (Model 924001, Jenway Scientific, UK) using a control
pump (Model BL 7916-BL 7917, Hanna Instruments, Woonsocket,
RI, USA) dosing 0.01 M HCl or 0.01 M NaOH when the pH was
respectively above or below the set point, and the temperature
was controlled at room temperature. The system was inoculated
with AS from a domestic WWTP located in the North of Portugal.
A synthetic wastewater (mg L~') composed by acetate as the main
carbon source was used to perform the experiments and consisted
of: NaCH5C0O0-3H,0, 2073; (NH4),S04, 140; MgS04-7H,0, 25; KH,.
PO,4, 44; K,HPO4.2H,0, 59; CaCl,-2H,0, 30; FeCl;-6H,0, 18.8;
NaHCOs, 105, and 20 mL of trace element solution for biomass
maintenance. The trace element solution (gL~!) used consisted
of: H3BOs, 0.05; ZnCl,, 0.05; Cal,-2H,0, 0.04; MnCl,, 0.02; (NH,4)6-
Mo-,0,4-4H,0, 0.055; AlCls3, 0.05; NiCl-6H,0, 0.11. Four different
experimental conditions (pinpoint flocs formation, filamentous
bulking, viscous bulking and normal conditions) were attained by
changing the ratio food/microorganisms (F/M) and the sludge res-
idence time (SRT). For filamentous and viscous conditions the SRT
was maintained at 20 d. For pinpoint flocs and normal conditions
experiments, SRT of 15 and 6 d were used, respectively. For fila-
mentous bulking F/M increased from 0.1 to 0.38 kg COD kg~! MLSS
d~'; pinpoint flocs formation were achieved decreasing the F/M
from 0.2 to 0.02 kg COD kg~! MLSS d~!, and for the viscous bulking
experiment F/M increased from 0.02 to 0.2 kg COD kg~ MLSS d~.
Finally, the normal conditions experiment was performed with an
F/M ranging between 0.13 and 0.15 kg COD kg~! MLSS d ™.

2.2. Physicochemical parameters

System performance was evaluated regularly by measuring the
MLSS, SVI, ammonium, nitrite, nitrate, and COD content. The MLSS

and SVI measurements were conducted in accordance with the
procedures described in Standard Methods, where MLSS was mea-
sured by weight and further used to calculate SVI by sludge height
variation monitored for 30 min (APHA, 1989). Samples for NHj,
NO;, NO3, and COD quantification were collected from the syn-
thetic wastewater and the reactor and filtered. NH; was deter-
mined according to Nessler's method (APHA, 1989). NO, was
determined with Griess-Hosvay method, similar to the colorimet-
ric method from Standard Methods (APHA, 1989). NO; was deter-
mined according to Sarraguca et al. (2009) by HPLC (Jasco, Tokyo,
Japan) with automatic injection, UV detector (210 nm) and a Var-
ian (Palo Alto, CA, USA) Metacarb 67H column operating at room
temperature of 60 °C. The eluent was a solution of sulfuric acid
(0.005 M) with a flow rate of 0.7 mL min~' and a pressure between
6864 and 7845 kPa. COD was measured with Hach Lange COD cell
tests (LCK 414 and LCK 514) on a spectrophotometer (Hach Lange
DR 5000). The physicochemical SVI and MLSS data was further
used for disturbances identification and MLSS and SVI prediction
by the image analysis data.

2.3. Image acquisition and processing

Samples from each experiment, taken from the aeration tank,
were observed in an Olympus BX51 optical microscope (Olympus,
Tokyo, Japan), in bright-field at 100x total magnification, coupled
with an Olympus DP25 camera (Olympus, Tokyo, Japan). Microbial
structure images were acquired at 1360 x 1024 pixels and 8-bit
format through the commercial software Cell*B (Olympus, Tokyo,
Japan). Three slides per sample were used resulting in a total of
150 images (3 x 50 images per slide). A sectioned tip recalibrated
micropipette was used to deposit samples on the slides. For each
slide, a volume of 10 pL was covered with a 20 x 20 mm cover slip,
for visualization and image acquisition. Images were acquired in
the upper, middle and bottom of the slide in order to improve
the representativeness of the microbial community in the system.

Image processing was performed by a program adapted from
previous routines developed by Amaral (2003) and optimized by
Mesquita (2011) in Matlab 7.3 (The Mathworks, Natick, USA).
The main stages of the program comprise the image pre-treatment,
segmentation, and debris elimination steps. A more detailed
description of the image processing steps can be found in Mesquita
et al. (2010).

The aggregated and filamentous biomass contents and structure
(morphology) were assessed in the following manner. Aggregates
were classified according to their size, namely the equivalent
diameter (Deq) in three classes: small aggregates (Deq <25 pm);
intermediate aggregates (25 pum < Deq < 250 pum); and large aggre-
gates (Deq > 250 pm). The morphological parameters included the
Perimeter (P), Length (L), Form Factor (FF), Convexity (Conv), Solid-
ity (Sol), Eccentricity (Ecc), and Ratio between hole and object area
(RelArea) determined for the intermediate (int) and large aggre-
gates (Irg). Furthermore, the Deq, Aggregates area percentage (%
Area) and Aggregates number per volume (AgrNb/Vol) were deter-
mined for the small (sml), int and Irg aggregates. Total aggregate
area per volume (TA/Vol), Total filament length per volume (TL/
Vol), Total filament length per total aggregate area (TL/TA) and
Ln (TL/TA) were also determined. The morphological parameters
definition can be found in Amaral (2003), Mesquita et al. (2009),
and Mesquita (2011).

2.4. Multivariate statistical analysis

PCA was used for the identification of each studied condition, by
plotting the three most important principal components (PCs). The
image analysis dataset fed to the PCA did not contain any informa-
tion regarding the samples condition (filamentous bulking, viscous
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bulking, pinpoint flocs formation or normal conditions) thus being
an unclassified dataset.

DT was used for the identification of each studied condition, and
definition of the key parameters limits. The image analysis dataset
fed to the PCA contained also the information regarding the sam-
ples condition (filamentous bulking, viscous bulking, pinpoint flocs
formation or normal conditions) thus being a classified dataset.

PLS was used to predict the SVI and MLSS. The overall dataset
was first divided into four datasets corresponding to the four stud-
ied conditions (filamentous bulking, viscous bulking, pinpoint flocs
formation, and normal conditions). Each of these datasets then was
divided randomly into a training set (67% of the observations to
calibrate the model) and a validation set (33% of the observations
to validate the final model).

All these multivariate statistical analyses were performed in
Matlab 7.3 (The Mathworks, Natick, MA), and a detailed descrip-
tion is provided as Supplementary material.

3. Results and discussion

Prior to the classification of the dataset samples into each of the
four studied conditions, a PLS analysis was performed for the MLSS
and SVI prediction. For this purpose two thirds of the 145 samples
in this unclassified dataset were used as training set and the
remaining third used as validation set. The obtained results, pre-
sented in Fig. 1a and b, permitted the determination of only a fair
prediction ability for the SVI prediction (R? of 0.903) and an unsat-
isfactory MLSS prediction (R? of 0.636). These results clearly state
the need for a condition based PLS analysis, in order to increase
the prediction ability.

A total of 31, 42, 33, and 39 samples were obtained regarding
the filamentous bulking, pinpoint flocs formation, viscous bulking,
and normal conditions experiments, respectively. For each of these
samples a total of 27 uncorrelated morphological parameters were
collected. A cross-correlation analysis was employed in order to
confirm that no pair of morphological parameters presented an
R? cross-correlation value above 0.95. Table 1 shows the dataset
properties in MLSS and SVI obtained for each studied condition.
Samples from filamentous bulking condition showed SVI values
higher than viscous bulking. According to Novak et al. (1993) and
Jobbagy et al. (2002), SVI commonly exhibited higher values (in
average) for filamentous bulking rather than viscous bulking con-
ditions and the opposite for MLSS, which is in agreement with
the results obtained during the present study. For the pinpoint
flocs experiment, SVI remained below the bulking threshold value,
and MLSS started with a maximum of 3.9 gL', and decreased
afterwards given aggregates washout. Normal conditions experi-
ment showed SVI values lower than 150 mL g~ and MLSS values
within the expected ranges. In Mesquita et al. (2011a) the
evolution of these parameters with time can be fully observed.

—
Q

S

~

Predicted MLSS (gL?)

Observed MLSS (gLY)

Table 1

Dataset properties for each studied condition.
Experimental condition MLSS (gL™") SVI (mLg™!)
Filamentous bulking
Min 233 262
Max 3.73 415
Pinpoint flocs
Min 0.88 53
Max 3.91 96
Viscous bulking
Min 1.86 82
Max 4.82 484
Normal conditions
Min 3.0 54
Max 6.58 135

The PCA applied to the normalized data of the operation of the
lab-scale AS system (Fig. 2a and b) allowed to clearly identify the
filamentous bulking conditions by the second principal component
(PC2), and, using the first and third principal components (PC1 and
PC3), further identify the pinpoint flocs formation, viscous bulking
and normal conditions. Thus, each of the studied condition was
identified as belonging to the sub-spaces presented in Fig. 2a and
b. A fairly good cluster separation between each of the above con-
ditions was obtained as only one filamentous bulking, one viscous
bulking, two pinpoint and four normal conditions samples, did not
fell into the respective cluster in the PCA analysis, representing
5.5% of the total samples.

Fig. 3a-c shows the loadings representing the influence of the
variables in each PC. In PC2, the main components responsible
for the separation of the filamentous bulking cluster from the
remaining, was strongly influenced by the % Areasy;, % Areajn,
TL/Vol, and Ln (TL/TA). PC1 and PC3, responsible for the separation
of the remaining clusters, were strongly affected by the % Areay,,
DeQint, Lint, Pirgs FFine, FFirg, and Convy,, parameters which are com-
monly related to aggregates morphology and size characterization.

Upon the study of the experiments dataset by a DT analysis, the
PCA results could be further corroborated. In fact, the filamentous
bulking samples (Fig. 4a) were found to present larger filament
length per volume (above 110 mm pL™!) than the other studied
conditions. With respect to the remaining three conditions
(Fig. 4b), the pinpoint flocs presented lower intermediate aggre-
gates length (below 98 um) than the viscous bulking and normal
conditions. A third parameter (intermediate aggregates perimeter,
Piy¢) was then used by the DT analysis to separate between viscous
bulking (Pi,; above 612 um) and normal conditions (Pj,, below
612 pm). Furthermore, the use of the DT analysis allowed to
further enhance the identification of each studied condition. In fact
only two viscous bulking, one pinpoint and one normal condition
samples, did not fell into the respective cluster in the DT analysis,
representing 2.8% of the total samples.

(b) 600
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R?=0.903 "

400 A
300 A

200 A

Predicted SVI (mLg?)

100 A
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Fig. 1. PLS regression for the unclassified dataset (a) TSS and (b) SVI prediction. Training set () Validation set (O).
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Fig. 2. PCA score plot of PC1 vs. PC2 (a) and PC1 vs. PC3 (b) for the recognition of the studied conditions. FB - filamentous bulking; PP - pinpoint flocs; VB - viscous bulking;

NC - normal conditions.
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Fig. 5. PLS regression for the completed classified dataset (a) TSS and (b) SVI, and for the reduced classified dataset (c) TSS and (d) SVI prediction. Training set (o) Validation

set (O).

After the identification of the samples belonging to each condi-
tion, an independent PLS analysis was conducted for each of the
studied conditions (classified dataset), and the obtained results
were compiled in a single graph, containing the overall samples
results for the MLSS and SVI prediction (Fig. 5a and b). Good pre-
diction abilities were encountered for both the MLSS (R? of
0.948) and SVI (R? of 0.969), representing a considerable prediction
ability increase regarding to the unclassified dataset.

Furthermore, and in order to avoid possible overfitting prob-
lems, the dataset for each condition and model was further
reduced to a number of parameters not surpassing half the number
of the training samples. These parameters were selected based on
their variable importance (VIP) to the model, and thus selected as
the parameters presenting the higher VIP value, for the sum of the
model latent variables. Once again the obtained results were com-
piled in an overall graph (Fig. 5c and d). Although the prediction
abilities resulting from the reduced dataset were lower than the
ones presented by the completed dataset (MLSS R? of 0.910 and
SVI R? of 0.958), the overall prediction for both MLSS and SVI could
be considered as fairly reasonable.

This methodology allowed, thus, for a fairly reasonable predic-
tion of both MLSS and SVI operational parameters, by a fast meth-
odology (about 1 h to complete the procedure), consuming only a
fraction of time required for MLSS (and hence SVI) determination.
In this sense, this methodology could be put into practice in
WWTP, in order to timely and effectively monitor the AS biomass
status and act accordingly to prevent these operational problems,
by acting before-hand.

4. Conclusions

This work evaluated the feasibility of an automatic image anal-
ysis methodology to monitor AS systems. The performed PCA and
DT analyses allowed the identification of the filamentous bulking,
pinpoint flocs, viscous bulking and normal conditions samples
from the collected morphological data, crucial to the selection of
the corrective measures. Furthermore, the PLS analysis allowed
to reasonably estimate the SVI and MLSS key parameters, given

the previous identification of each sample condition, timely for
purposes of real time monitoring. In conclusion, these results, ob-
tained in lab-scale experiments, support the use of image analysis
procedures in quality assessment of AS systems monitoring and
control, for early identification and prevention of operational prob-
lems. Nevertheless, future implementation of the presented meth-
odologies in full-scale WWTP is advisable to fully assess their
applicability.
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