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GENERALIZED MODELING OF THE SLUDGE VOLUME INDEX
AND SUSPENDED SOLIDS TO MONITOR ACTIVATED SLUDGE
BIOFLOCCULATION USING IMAGE ANALYSIS

The performance of an activated sludge wastewater treatment plant depends on bioflocculation
that is monitored by physical measurements such as the sludge volume index (SVI) and mixed liquor
suspended solids (MLSS). The estimation of SVI and MLSS has been proposed using image analysis
based modeling which is time-efficient and valid for multiple plants operating in different states. The
methodology includes the sequence of image acquisition using bright-field microscopy, a robust seg-
mentation of flocs, partitioning of flocs based on different ranges of their equivalent diameters, extrac-
tion of morphological features, and modeling of SVI and MLSS using the features. It is proposed that
bright-field microscopy at lower magnification to capture the flocs is sufficient to model SVI and
MLSS. A robust approach for image segmentation is adopted by integrating state-of-the-art image seg-
mentation algorithms. It is hypothesized that flocs in different ranges of equivalent diameter respond
differently to the variation in the operating state. Hence, flocs and their respective image analysis fea-
tures are categorized based on the range of equivalent diameter. Finally, stepwise regression is used
for feature selection and model identification to explore the feasibility of generalization of models to
multiple plants in different states regarding SVI and MLSS.

1. INTRODUCTION

The activated sludge process is widely used to treat municipal and industrial influent
flowing into the wastewater treatment plants. The quality of the effluent depends on
bioflocculation, settling properties of flocs, and the presence of filamentous bacteria.
Flocs are microbial aggregates and comprise dead and alive microorganisms and their
metabolism products. Filamentous bacteria are found as protruding or free filaments and
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form the backbone of the flocs. They may affect the settling of the flocs if they are
present in very large or very small number [1]. The solid-liquid separation problem in
the clarifier arises if flocs do not settle due to abnormal operating state of the activated
sludge process such as of pin-floc, dispersed growth and bulking. The process is con-
ventionally monitored by physical measurements such as the sludge volume index (SVI)
and mixed liquor suspended solids (MLSS) [2]. The measurement of SVI and MLSS is
time-consuming and involves environmental and economic costs. Image processing and
analysis is a cost-effective and time-efficient alternative to conventional measurements.
For example, MLSS requires regulated heating for at least an hour. Image acquisition,
processing, analysis, and subsequent estimation take 15-20 minutes (depending on the
population of the flocs) to estimate MLSS of a sample for a plant [3, 4].

To use image processing and analysis concerning the activated sludge process, micro-
scopic images are acquired by using samples collected from aeration tanks of the activated
sludge wastewater treatment plant. The acquired images are segmented for flocs and fila-
mentous bacteria. In this paper, image analysis data of flocs has only been used, thereby
showing that the segmentation of flocs is sufficient to estimate SVI and MLSS.

Accuracy of image segmentation is a fundamental requirement for accurate and pre-
cise image analysis. Several authors have reported the segmentation of bright-field mi-
croscopic images of activated sludge samples. The basic image processing approaches
of Canny’s algorithms [5], histogram-based inter-means algorithm [6], and image en-
hancement with edge detection [7] have been reported in the literature. Perez et al. [8]
proposed a sequence of background correction, histogram equalization, median filter-
ing, and morphological analysis for the bright-field activated sludge images. The afore-
mentioned algorithms did not address the artifacts associated with the microscopy and
were reported without their objective assessment. The bright-field microscopy has only
been used due to its simple procedures of sample preparation and image acquisition.

Bright-field activated sludge images have the problem of irregular illumination in
addition to the weak contrast between the flocs and the background. Therefore, global
thresholding techniques usually do not perform well due to irregular illumination, also
termed as vignetting [9]. The individual algorithms segment some activated sludge im-
ages accurately but fail for other images due to randomness in the population, size, and
non-smooth boundaries of flocs. In this paper, an integrated segmentation approach is
used, employing variations of one or multiple state-of-the-art algorithms such as mean-C
local thresholding [10], and local adaptive Otsu [11]. As far as the image analysis of
activated sludge images is concerned, different image analysis features have been re-
ported in the literature [ 12]. Generally, those features are reported regarding correlation
with the measurements such as SVI and MLSS. Amaral et al. [13] suggested the identi-
fication of four states of an experimental setup of activated sludge plants with synthetic
feed, using image analysis features and epifluorescence microscopy. They suggested the
possibility of measurement of SVI and MLSS by showing a correlation between image
analysis features and the physicochemical data. They also used partial least square
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(PLS) analysis to estimate SVI and MLSS [13]. The approach reported in this paper is
different because bright-field microscopy and image analysis of flocs only have been
employed without requiring any staining procedures.

In another approach, neural networks were used to estimate SVI. For the neural
networks, either physicochemical and/or image analysis features were used as input.
Boztoprak et al. [14] suggested the use of a neural network to predict SVI. Thirty-three
image analysis features of flocs and filaments were used as input to the neural network.
Tomperi et al. [15] modeled the suspended solids using incoming iron concentration,
mean and median area of flocs, and amount of filaments. Very recently, real-time optical
monitoring of the wastewater treatment plant was proposed by the image analysis-based
optimal models [16]. Honggui et al. [17] proposed a fuzzy neural network-based mod-
eling of SVI using physicochemical measurements as input to the network. The meas-
urements included total nutrients, chemical oxygen demand, pH, and dissolved oxygen.
In this paper, image analysis data of flocs has been used to estimate SVI and MLSS.
The state of the wastewater treatment plants has been tracked by estimating important
physical parameters of the plant using image analysis based modeling.

Bright-field N\ Microscopic Segmentation Microscopic
Safrrzr‘:es microscopy Y] images of flocs and labelling images of flocs
aeration 1]
tanks of U
acltn:jated Classification
S1uege Sludge volume index (SVI) . of flocs
Wwastewater Estimation and d
treatment and benchmarking ane
plants mixed liquor suspended solids (MLSS) morphological
feature extraction

Fig. 1. Workflow for the estimation and its generalization to multiple plants using bright-field microscopy

In this research, it is proposed to estimate SVI and MLSS using image analysis of
flocs and regression models, as an alternative to the physical methods. The proposed
strategy is distinct in the sense that the flocs are considered at 4x objective magnification
using only bright-field microscopy with simple image acquisition protocol. The pro-
posed protocol and procedures require less time to acquire images of the entire sample
and estimate SVI and MLSS. A shared data scenario is also investigated for the possi-
bility of generalization of the regression models to other activated sludge plants. The
image analysis features were also explored for their usefulness to predict SVI and
MLSS, for different ranges of equivalent diameter. The workflow of this work is shown
in Fig. 1. This work may be viewed as an extension of our previous work [4], however,
it is significantly distinct in the following ways. First, more samples from eight munic-
ipal activated sludge wastewater treatment plants are included in this study in addition
to the samples from an experimental setup. Second, the modeling of MLSS has been
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suggested, besides a more elaborate assessment of the significance of the floc classifi-
cation for both SVI and MLSS. Third, the generalization of the models has been ex-
plored in the sense of their applicability to multiple activated sludge wastewater treat-
ment plants operating in different states.

2. METHODS
2.1. EXPERIMENTAL SETUP AND DATA ACQUISITION

Experimental setup of activated sludge wastewater treatment plant was fabricated
with an aeration tank of size 5.4 dm’. The setup was inoculated with activated sludge
collected from aeration tank of a municipal wastewater treatment plant. The feed of the
setup was regularly collected from the influent of the same municipal scale plant to
mimic the real process. The hydraulic retention time (HRT) for the plant was varied as
5.4, 10 and 20 days. Previously, it was suggested that nitrogen and phosphorous removal
could be enhanced by increasing HRT to 9.3 or beyond 15 days [18]. Therefore, high
values of HRT were used to ensure the plant in the normal state with better removal
efficiencies. The samples from the aeration tank of the experimental setup and plant KO
were collected weekly. The plant KO was easily accessible, therefore, more samples
could be collected from the plant. The experimental setup was inoculated with the sludge
from the same plant. Additionally, samples were also taken from seven more municipal
scale wastewater treatment plants monthly. The state of the experimental setup remained
normal with SVI above 50 cm?/g and DO above 7 mg O./dm’. The filamentous bacteria
were rarely observed in the normal state.

Initially, twenty-six samples from the experimental setup were used to model SVI
and MLSS. Later, more samples collected from the municipal wastewater treatment
plants were included to investigate if the regression model identified for one plant can
be validated by samples from other plants. The details of the number of samples col-
lected from different plants are given in Table 1. The plants have been designated by
fictitious codes as required by the operator company. Table 2 shows the number of sam-
ples and microscopic images regarding the states of the AS process in the experimental
and municipal plants. The following three states have been considered: pin-floc/dis-
persed growth, normal and bulking. The samples with SVI less than 50 cm®/g were con-
sidered in the pin-floc/dispersed growth. Whereas if SVI is greater than 150 cm?/g, the
state is bulking. The rest of the samples were categorized as a normal state [1].

For image acquisition, 12 mm® activated sludge sample was placed on a slide using
Biohit Proline Pipette and covered with a cover-slip of size 18 mmx18 mm. The samples
were collected from the aeration tanks of the activated sludge wastewater treatment
plants, and observed under Olympus microscope BX43 at 4x objective magnification
using bright-field microscopy. Low magnification was used for two reasons: first, the
filamentous bacteria are not visible at this magnification in the bright-field images, and



Modeling sludge volume index and suspended solids by image analysis 21

second, a smaller number of images are required to cover the entire coverslip. The images
were acquired using Olympus CCD camera DP26 interfaced to Intel® Core™ i7-4770 CPU
with 8GB RAM running image acquisition software Olympus CellSens Dimension 1.14.

Table 1

Number of samples collected from different
activated sludge wastewater treatment plants

Sample No. Plants Number of samples
1 experimental plant 41
2 K1 13
3 K2 4
4 K3 13
5 K4 8
6 K5 5
7 K6 6
8 K7 11
9 KO0 29

Total samples 130

As far as the number of images per sample is concerned, on the average, eighty-five
images were taken to cover all the floc. The entire coverslip was scanned to acquire the
images, along the vertical paths as shown in Fig. 2.

Coverslip—»

Slide

Scanning path for—
image acquisition

Fig. 2. Scanning path for image acquisition
of bright-field microscopic images of activated sludge

Table 2
States and the respective number of samples and images
collected from plants given in Table 1
State of AS plant Number of samples | Total number of images
Dispersed growth or pin-floc 54 3782
Normal state 63 5970
Bulking 13 1262
Total images 11014

The number of total images with respective states of the plants is shown in Table 2.
In the case of pin-floc/dispersed growth, there are only a few flocs. Therefore, fewer
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images per sample were acquired compared to the normal and bulk states. Total of 130
samples from the experimental setup and municipal wastewater treatment plants were
processed for this work. Eleven thousand, fourteen bright-field images were processed
for the segmentation and morphological analysis of flocs. The size of each image was
1224x960 pixels with the size of the pixel 1.718 um/pixel. The algorithms used in this
research were implemented on Matlab R2015A.

2.2. IMAGE SEGMENTATION

Image segmentation deals with the partitioning of an image into different regions
corresponding to different objects. The problem with state-of-the-art segmentation al-
gorithm was that an algorithm, which worked well for an image, might fail for another
image. To minimize any chance of failed segmentation for any of the 11014 images,
a segmentation algorithm was devised by integrating several techniques or their variants
to segment the flocs in the bright-field microscopic images of AS [3]. The integrated
approach towards segmentation was motivated by the incorrect detection of flocs as
background. However, the floc pixels are never incorrectly detected as the background.
Therefore, some segmentation results from different algorithms are scanned in the inte-
grated segmentation algorithm and identify a pixel as background if it is classified as
background by at least one of the segmentations. The following techniques were used
for segmentation: illumination compensated global segmentation [19], mean-C local
thresholding [10] and local adaptive Otsu [10]. The integration of multiple algorithms
adds robustness by leading to successful segmentation even if some state-of-the-art al-
gorithm fails for an image. If background pixels are assigned logical 1 and floc pixels
logical 0, logical OR function can be used to integrate the algorithms.

2.3. IMAGE ANALYSIS

The ability of flocs to settle in the clarifier is a major factor to quantify of the per-
formance of the activated sludge process. The flocs appear as flake like objects in the
microscopic images with varying morphology and opaqueness. By intuition, the ability
of the flocs to settle can be correlated with their morphological features. An ideal floc
is the one which has the better settleability and, therefore, is expected to be highly dense,
compact, round and non-porous. However, flocs do not have uniform morphological
features across a sample. Therefore, the features are calculated for all the flocs and av-
eraged for subsequent estimation of physical parameters. The features of the flocs, con-
sidered in this work, are explained in Table 3.

Flocs are grouped as small, medium and large regarding the range of equivalent
diameter. However, these ranges were not uniquely defined in the literature [1, 13].
Given different definitions of the groups of flocs and the diverse population of bacteria,
it is hypothesized that settling ability of the flocs varies for different ranges of the equiv-
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alent diameter, and the morphological features in the ranges. Therefore, the morpholog-
ical features for each range are calculated and averaged separately. Two different ranges
are defined based on the equivalent diameter for small, medium and large flocs [1, 13].
All the range definitions reported in the literature have been included, as shown in Table 4.

Table 3
Morphological features of the flocs and their description
No. Feature Description
1 |area total number of pixels in the flocs, scaled by the area of a pixel, m?

ratio of major and minor axis length of an ellipse with the same
normalized second central moment as that of the floc [20]

172
4
3 | compactness w [20]
major axis length

2 | aspect ratio

convex perimeter | perimeter of the convex hull

convex area number of pixels contained in the convex region of the floc
convexity ratio of convex perimeter to perimeter [20]

ratio of distance between foci of an ellipse with the same
second moment as the floc to its major axis length
equivalent diameter | diameter of a circle with the same area as that of the floc (/4 area)'’?)

4
5
6
7 | eccentricity
8
9
0

Euler number difference between total flocs in the image and holes in those flocs
1 extent ratio of area of the floc to that of its bounding box.
4m area
11 | form factor — [20
perimeter
12 | filled area area of filled region of floc
13 fractal an index of variation of complexity with scale
dimension measured by box-counting method [21]

major axis length of an ellipse with the same normalized
second central moment as that of the floc
minor axis length of an ellipse with the same normalized
second central moment as that of the floc

14 | major axis length

15 | minor axis length

16 | perimeter distance along the boundary of the floc.
area
1 it 100/ 1 - —
7 | porosity [ filled areaj

4area

[20]

18 | roundness n(major axis length)’

19 | solidity ratio of area to convex area
20* | normalized area ratio of total floc area to the area captured by all the images

*Normalized area is defined for all the flocs in a sample.

Normalized area (N,4) is defined for all the flocs without considering the grouping
based on equivalent diameter. Thus, 7 x 19 + 1 = 134 features are used. A feature is
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denoted by C;, where x indicates the group of the floc as tabulated in Table 4, and y is
the feature number as given by the order in Table 3. For example, C, is a convex pe-

rimeter of flocs with an equivalent diameter lower than 150 um. Previously, a similar
approach was proposed concerning floc classification to identify the state of activated
sludge wastewater treatment plant [3]. In this work, the classification of flocs has been
used from the perspective of the modeling of SVI and MLSS.

Table 4

Floc classification defined by the range of the equivalent diameter

Class Equivalent diameter Reference
of the floc [pm]
Co averaged over all detected flocs [5, 14, 15]
el <25 (small)
G 25-250 (medium) [13]
G >250 (large)
Ca <150 (small)
Cs 150-500 (medium) [1]
Cs >500 (large)

2.4. FEATURE SELECTION

Image analysis gave 134 morphological features of the flocs. The next challenge
was the selection of the features that could significantly contribute to the modeling of
the SVI and MLSS. Stepwise regression was adopted for the feature selection. Stepwise
regression adds or removes terms (features or product of features) from a general model
based on the p-value of F-statistics. At each step, the p-value is calculated with and
without the term, to determine its statistical significance in the prediction of the re-
sponse. The process of feature selection helped to identify a set of features that should
be ignored in the regression. The extended set of features were not found in the literature
concerning the range of equivalent diameter of the flocs for feature selection and regres-
sion.

2.5. CLASSIFICATION OF FLOCS AND MODELING

One of the main objectives of this work is to identify the equivalent diameter based
classes of flocs which can be considered for modeling of SVI and MLSS. It is expected
that the classification of the flocs would expectedly decrease the number of features in
the process of feature selection, and lead to the construction of better models. The clas-
sification from the perspective of the range of equivalent diameter would also give an
intuitive explanation of the behaviour of flocs of different sizes under different states of
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aplant. Features required for estimation of SVI and MLSS may be different for different
plants operating in different states. But the equivalent diameter based classes are ex-
pected to be the same for the different plants. It is because the flocs of certain sizes are
expected to be more responsive to variations in the state of the plant through variations
in their morphological properties. Therefore, the following steps were taken to identify
a class or a group of classes of flocs, which may be significant in the modeling of SVI
and MLSS.

Stepwise regression is performed for the classes of flocs individually to identify the
classes that can contribute to the modeling of the physical parameters (SVI and MLSS).
Normalized area (N,) is also included in the regression along with the features of all the
classes of the flocs. Stepwise regression not only does the feature selection but also
results in a model [22]. The groups of classes are explored to model the SVI and MLSS
using the stepwise regression.

The combinations with the least number of the floc classes and higher adjusted R
were identified. Those classes that appeared in the combination were considered to be
significant for the estimation of the physical parameters. It was observed if adding a par-
ticular class into a group of classes improved the regression model. In this way, starting
from individual classes, groups of up to seven classes were investigated using stepwise
regression.

Remark. The combination with the least number of classes and higher adjusted R* is
explained as follows: Consider two classes C, and C,, defined based on equivalent diameter.
Suppose if C; and C, are combined for regression, the adjusted R* of C; + C, ( + indicates
inclusion in regression) gets better than individual adjusted R* for both C, and C,. If features
for another class of flocs, C., is included in the doublet C; + C,, the adjusted R* does not get
better than individual correlations but is equal to that of C; + C,. Therefore, C; + C, is the
combination with the least number of classes and a higher adjusted R*.

2.6. GENERALIZATION OF ESTIMATION

Finally, it was explored whether generalized models could be found for estimation
of physical parameters, which were valid for multiple plants operating in different states.
Such universal behavior was suggested to be invalid in the literature [14] because of the
complex ecosystem and diversity in the population of bacteria, which were specific to
a plant. However, SVI had similar boundaries for the different states of the activated
sludge plants [2]. Therefore, it is hypothesized that some universality in image analysis
based estimation might also be present. With the recent evolution of e-governance and
big data, such a possibility will aid in the centralized monitoring of the wastewater treat-
ment plants. Therefore, a sample has been included from multiple plants in the regres-
sion modeling. If the stepwise regression gives poor adjusted R it may be concluded
that the same regression model is not feasible for multiple plants. The generalization
has been tested for both SVI and MLSS.
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3. RESULTS AND DISCUSSION

First of all, the segmentation of the flocs was evaluated subjectively as well as ob-
jectively. Subjectively, the segmentations of all the images were found to be appreciably
accurate for all the samples from the plants listed in Table 1. The subjective observation
was also supported by objective assessment. For objective assessment, gold approxima-
tions were prepared for randomly selected forty images. The algorithm achieved an ac-
curacy of 99.38%. Two images randomly selected from the database of the images are
shown in Fig. 3, along with their segmentation results.

2 . b +F i

Fig. 3. Bright-field microscopic images of activated sludge samples (a, b),
and their segmentations (c, d)

3.1. VARIATIONS OF IMAGE ANALYSIS FEATURES IN DIFFERENT STATES

To observe the overall variation of physical parameters and image analysis features
regarding the state of the plants, the samples are arranged in ascending order concerning
SVI. This arrangement gave the first 54 samples of pin-floc/dispersed growth abnormal
state, and the last 13 samples of bulking. The samples in between correspond to the
normal state as shown by the highlighted areas in Figs. 4-9. The figures show the variations
of physical and selected image analysis parameters in the different states. One striking sim-
ilarity is between MLSS and N,4: both show similar variation in every state as shown in

Fig. 5. Similar behavior, though not as explicit as Ny, is shown by perimeter (C,° ) in Fig. 7.
In the case of fractal dimension ( C}’ ), in the state of pin-flocs/dispersed growth, the average
trend is increasing as in the case of SVI and MLSS, shown in Fig. 8. However, in a normal
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state, the trend of the fractal dimension is decreasing in contrary to the SVI and MLSS.
Similar behavior has been shown by the convex area (C; ) in Fig. 9.
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Fig. 4. Variations of sludge volume index (SVI) across the samples
referred to the states of the plants
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Fig. 5. Variations of mixed liquor suspended solids (MLSS) across the samples
referred to the states of the plants
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Fig. 6. Variations of normalized area (N.) across the samples
referred to the states of the plants
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Fig. 7. Variations of C,’ (perimeter) across the samples

referred to the states of the plants
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Fig. 8. Variations of C,’ (fractal dimension) across the samples

referred to the states of the plants

10000+ .
Pin-flocs/dispersion growth Normal Bulking

2

Convex area (um )

o0
o
o
o

6000}

4000+

2000t

0 20 40 60 80 100 120
Samples

Fig. 9. Variations of C; (convex area) across the samples

referred to the states of the plants

In conclusion, it is suggested that some image analysis features show similar trends
as the physical parameters irrespective of the state, whereas other features show differ-
ent variations, depending on the state of the activated sludge plants. Therefore, multiple
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parameters are needed to model the AS process, and different variations of parameters
in different states may hamper the identification of a model that is valid for multiple
plants and their different states.

3.2. ESTIMATION OF SVI AND MLSS WITH FEATURE SELECTION
BY STEPWISE REGRESSION

To evaluate the predictability of classes of the flocs, defined in Table 4, the results
of Khan et al. [4] were extended to the modeling of MLSS. The SVI modeling has been
included again with some improved discussion to make the context and establish the
grounds for generalization of the models and the associated significance of the classes
of flocs. Thus, twenty-six samples of the experimental setup were used regarding SVI
and MLSS separately. The experimental setup was initially in pin-floc/dispersed growth
abnormal for the first four samples. The plant was working in the normal state, with SVI
between 50 and 150 cm?/g. Under this state, the filamentous bacteria in the samples are
not visible at 4x objective magnification of the microscope using bright-field micros-
copy. Plants with filamentous bacteria might result in different model and stepwise re-
gression might select a different set of image analysis features. However, the classes of
flocs, selected by the stepwise regression, would remain the same. To validate the modeling
for other plants, more samples were included from the experimental setup and eight munic-
ipal scale activated sludge wastewater treatment plants in the stepwise regression.

Stepwise regression was used for feature selection and regression modeling. This
led to the following model where CVI,yeq is SVI predicted, cm?/g:

SVI_, = 651.51+0.07C} +0.002C; —553.2C)’ +141.77C;

pred —

+409.83C! —3.701C}" —194.73C:C! (1)

The selected features concerning the classes of the flocs are tabulated in Table 5,
and the regression result is shown in Fig. 10. The model gives an adjusted R of 0.951
with a p-value of the order of 1072,

Table 5

Features selected by stepwise regression for SVI

Class Features
Co -
Ci -
(&) convex area, fractal dimension
Cs Euler number
Cy —
Cs aspect ratio, eccentricity, porosity
Cs -
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Fig. 10. Estimation of SVI using stepwise regression
Table 6
Features selected by stepwise regression for MLSS
Class Features
Co perimeter
Ci -
(&) -
Cs -
Cs —
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Fig. 11. Estimation of MLSS using stepwise regression

The stepwise regression gave the following model with adjusted R*0.884 and p-value
of the order of 10~'° where MLSS,req is MLSS predicted, mg/dm?
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MLSS ., =-2818+3.656C,° +1208C’ +1286N, —3.426 C,’N )

pred —

The resultant features with their respective classes are shown in Table 6. The scatter
plot for the model is shown in Fig. 11.

The features selected by stepwise regression for SVI belonged to the classes C,, Cs,
and Cs. Whereas the features for MLSS were from the class Cy and Cs with an additional
feature of N4. The N, individually has a correlation of 0.835 with MLSS, and 0.49 with
SVI. The result shows the distinctive role of the classes of the flocs and respective fea-
tures in the prediction of the physical parameters for the experimental setup. Although
only six features are used by stepwise regression to model SVI, a different result is
possible in the case of other plants operating in different states. The role of the individ-
ual classes and their groups is further explored in the perspective of the regression mod-
eling of both SVI and MLSS in the following subsection.

3.3. IDENTIFICATION OF THE CLASSES OF FLOCS FOR THE ESTIMATION

The classification of flocs and their features, concerning equivalent diameter, were
tested for their significance in the estimation of SVI and MLSS. The importance of the floc
classification was explored in two perspectives: the individual significance of each class and
the combined significance of multiple classes together. In other words, it was required to
identify individual classes or a combination of the classes, which could lead to the best pre-
diction of SVI and MLSS. To assess the significance in the estimation, the models obtained
from the same method of stepwise regression are compared concerning individual and mul-
tiple classes. The comparison is carried out using adjusted R?, and p-value.

When the floc classes were tested individually using stepwise regression, C; and Cs
gave higher adjusted R? and low p-values. The results are tabulated in Table 7. However,
no model could be found with a p-value lower than 0.002, to predict SVI using Cs. This
is why Cs is not present in Table 7. On the other hand, other classes give a p-value less
than 0.002 but adjusted R* for C; and Cs is better than others.

Next, it was explored if doublets (combining image analysis features corresponding to
two floc classes) could improve the model of an individual class as depicted in rows 8—18
in Table 7. When C; and C; were considered together, adjusted R* and p-value of C, were
not improved by Cs. However, when C; was considered with C,, the adjusted R? improved
from 0.474 to 0.684. Similar combinations were investigated for Cs, Cs, and Cs. Combining
Cs or C4 did not result in any improvement in the regression result. However, C, + Cs,
and Cs + Cstogether improved the regression to 0.928 and 0.805, respectively, where +
implies inclusion in regression.

After combining two classes, triplets (a group of image analysis features corresponding
to three floc classes) were explored to find out if combining individual classes to the dou-
blets improved the results. The adjusted R? increased apparently when C; was consid-
ered together with C; + Cs. However, this apparent improvement was attributed to the
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doublet C; + Cs. Similarly, triplets formed by combining Cs, Cs and Cs to the doublets
did not improve the results. However, when a triplet is formed by combining the doublet
C> + Cs with Cs, the adjusted R? improved from 0.928 to 0.951. The best triplet was
found to be C,> + C;3 + Cs. It is noteworthy that C> + C; and Cs + Cs did not improve the
regression models of individual classes C; and Cs, in doublets, but Cs did improve the
result of the doublet C;> + Cs to form the best triplet. Subsequently, individual classes
and groups of classes were considered together with the best triplet to find out whether
the model may be further improved. However, no further improvement was observed.
N, did not show any effect on the estimation of SVI as reflected by row 21, 23, and 30
of Table 7.

Table 7
Floc classification and the predictability of SVI

No. Floc class Adjusted R? | p-Value
1| Co 0.366 6.28x10
2 |G 0.305 2.04x1073
3|1C 0.474 6.09x107

4 1 G 0.321 0.00151

5 | Cy 0.3 0.00221
6 | Cs 0.667 1.25x10°°
8 |2+ G 0.474 6.09x107
91Ci+C 0.684 2.56x10°
10 |G+ G 0.928 5.52x10°!!
11 |C+G 0.667 1.25x10°¢

12 |Ci+G 0.321 0.00151
13 | Cs+GCs 0.667 1.25x10°°
14 | Cs+ Co 0.596 3.65x107
15 |G+ C 0.746 2.35x1077
16 | C4+ G 0.805 1.32x1078
17 | Cs+ Cs 0.667 1.25%10°¢

18 | Ca+ Cs 0.3 0.00221
19 |Ci+C+Cs 0.684 2.56x10°°
20 | Co+ Cs+ Cs 0.596 3.65x107
21 [C1+Co+ G+ Ny 0.684 2.56x10°
22 | C4+ Cs+ Cs 0.667 1.25x10°¢
23 | C4+C5+Cs+ N 0.667 1.25x10°¢
24 | Ci+ C2+ Cs 0.928 5.52x10°!!
25 | G2+ G5+ Cs 0.951 9.21x10712
26 | Ci+Ca+Ca+Cs 0.928 5.52x107!!
27 | Co+Ci+Ca+Cs 0.928 5.52x107!!
28 | Ci+Ca+ G+ Cs 0.951 9.21x10°"?
29 | Co+Ci+Cr+C3+Cat Cs+ Cs 0.951 9.21x10712
30 | o+ Ci+Ca+C3+ Cs+ Cs+ Co+ Na 0.951 9.21x10712
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Finally, the doublets and triplets were identified with adjusted R* greater than 0.8 (the
least number of classes and higher adjusted R?) which were as follows: Cs + C», Cs+ Cs,
and C; + (3 + Cy. Hence, C», C3, C4, and Cs would be the most significant to predict
SVI for an activated sludge plant.

Table 8
Floc classification and predictability of MLSS

No. Floc class Adjusted R? | p-Value
1 | Co 0.394 3.54x10*
2 |G 0.268 3.96x1073
3G 0.364 6.59x104
4 |G 0.291 2.62x1073
S | Cs 0.334 1.19x1073
6 | Cs 0.495 1.5x10*
7 | N4 0.685 1.09x1077
8 | G2+ G 0.364 0.000659
91C+(C2 0.364 0.000659
10 | G2+ Gs 0.548 4.15%10°

11 | G+ GCs 0.495 0.00015
12 | Co+ Cs 0.565 2.68x107
13 |Ci+Gs 0.291 2.62x103
14 | Cs+ Cs 0.495 1.5x10~
15 | G5+ Cs 0.495 1.5x10*
16 | Ca+ Cs 0.492 1.58x10™*
17 | Co+ Cs 0.534 5.95x107
18 | Co+ Na 0.848 8.62x1071°
19 | Cs+ Ny 0.808 2.13%107°
20 | C5+ N4 0.772 1.58x1078
21 | C2+ Na 0.868 3.04x107!
22 | C2+ Cs+ Na 0.868 3.04x10""
23 | C4+ Cs+ Na 0.859 3.81x10°1°
24 | Co+ Cs+ Na 0.884 2.42x10°1°
25 |Ci+ G+ G 0.364 6.59x10*
26 |Ci1+Cr+ Cs+ Ny 0.868 3.04x10°!!
27 | Cs+ Cs + Cs 0.495 1.5x10*
28 | Cs + Cs + Cs + Ny 0.859 3.81x1071°
29 |Ci+Cr+GCs 0.548 4.15x107
30 | &+ G+ Cs 0.548 4.15x107
31 [+ G+ Ca+C5 0.548 4.15x107
32 | Co+Ci+Cat+Cs 0.565 2.68x107
33 |C+C+C5+Cs 0.548 4.15%107
34 |G+ Ci+ G+ G+ Ca+Cs+Cs 0.717 7.75%1077
35 |Co+Ci+Cr+C3+Ca+ Cs+ Co+ Ny 0.868 3.04x10""
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To find the significant classes for estimation of MLSS, regression models were first
identified for individual classes of flocs. Of all the classes, the class Cs and the feature
N gave the best-adjusted R2. In the next step, doublets were tried and no improvement could
be found except for C; + Cs, Cs + Ny, C> + Ny, and Co + Ny, as shown in Table 8. In the
table, the other doublets were not included because there was no improvement in the
adjusted R

For triplets, considerable improvement in adjusted R* was observed only for Co +
Cs + Ny and C4 + Cs + Ny. There was no improvement in all other combinations com-
pared to the doublets. The combinations with the least number of classes and higher
adjusted R?, greater than 0.85, were considered. There were only three such combina-
tions: C> + Ny, C4+ Cs+ Nyand Cy + Cs + N4. From the combinations, it was concluded
that for any regression model, the classes Co, C», Cs and Cs, and N4 were significant for
the estimation of MLSS. Hence, for SVI, C,, Cs, C4, and Cs, and for MLSS, Co, Cz, Ca,
Cs, and N, were important for estimation.

3.4. GENERALIZATION TO MULTIPLE PLANTS

Additional samples from other plants were included to see if the regression model
for one plant can be used for other plants under diverse operating states. The SVI and
MLSS were again considered separately. The regression models were explored sequentially
using the experimental setup, municipal plant KO with normal samples only, KO with normal
and bulking samples, and all samples from all plants (referred in Tables 1, 2) with and with-
out the bulk. The results are given in Tables 9, 10. In the tables, the features were in-
cluded with their respective classes, which were selected by stepwise regression models.
The selection of classes for the models validates our conclusions drawn in the previous
section regarding the significance of classes for regression.

Table 9
Feature selection concerning regression of SVI
Description Features and their respective class | Adjusted R?
Experimental setup c,cy,c,c,cl,cy 0.951
KO (normal samples only) C;, 134 0.755
KO (normal and bulking samples) C;, Cs 0.726
All samples from all plants (normal samples only) G, G 0.72
All samples from all plants excluding bulking states Ct, C), Ct, CP, 134 0.755
All samples from all plants - 0.246

For individual samples, if the bulking is included, the resultant adjusted R* of step-
wise regression deteriorates as shown for KO in Table 9. If the samples are used from
all plants together, stepwise regression fails if bulking samples are included. For all
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plants, pin-floc/dispersed growth and normal states remain predictable to some extent
but bulking fails the prediction. Hence, the data from different plants may be used for
estimation of SVI of any plant only if there is a better predictive model, and plants with
bulking are excluded. Another observation was the validity of our study in the previous
section. Only those classes were selected by stepwise regression, which was proved
significant for the estimation of SVI for all scenarios and plants in Table 9.

Table 10
Feature selection concerning regression of MLSS
Description Features and their respective class | Adjusted R?

Experimental setup C)’,134 0.868
KO (normal samples only) (o4 0.353
KO (normal and bulking samples) C’, G, 134 0.675
All samples from all plants (normal samples only) G 0.4

All samples from all plants excluding bulking states C’, G, G, C., 134 0.834
All samples from all plants CH, G, C)L 134 0.886

Unlike SVI, the adjusted R? is improved for diverse operating states and more plants
for the stepwise regression for MLSS as shown in Table 10. It is also observed that all
the classes recommended for the estimation of MLSS in the previous section are also
selected by stepwise regression with one exception. For the case of all plants, a feature
from class Cs was also selected which is given in the last two rows of Table 10. So,
individual class Cs has to be included in the regression model too if more than one plant
is being monitored simultaneously.

4. CONCLUSION

Image analysis based modeling of the sludge volume index (SVI) and mixed liquor
suspended solids (MLSS) was proposed to monitor the activated sludge process. Such
modeling will help time-efficient and clean estimation of SVI and MLSS. It was sug-
gested that an integrated approach for the segmentation of bright-field microscopic im-
ages of activated sludge to avoid failure in the segmentation of thousands of images.
The flocs were categorized into six classes based on the ranges of equivalent diameter,
resulting in 134 image analysis features including an additional proposed feature of Ny.
Stepwise regression was used for modeling of SVI and MLSS. Simple models using six
and three image analysis features respectively for an experimental setup achieved ad-
justed R* of 0.951 for estimation of SVI, 0.884 for MLSS. The main advantage of the
proposed monitoring strategy is the estimation of the physical parameters using flocs
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only, without requiring additional protocol to acquire information of filamentous bacte-
ria. Another advantage of this work is the use of only bright-field microscopy at lower
magnification without additional requirements on microscopic image acquisition. In this pa-
per, it has been shown that flocs in a certain range of equivalent diameters are more signifi-
cant to model the physical parameters of SVI and MLSS. Additionally, these significant
ranges of equivalent diameters have been identified. The results exhibited consistency when
used for regression concerning the shared data for multiple plants and their different states.
An innovative idea of a generalization of modeling to monitor the state of multiple plants
operating in different states has been introduced. As future work, precise classification of
image analysis features needs to be explored to estimate the physical parameters of multiple
activated sludge plants using artificial intelligence and big data techniques.
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