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RESUMO

A implementa¢do do modelo de aprendizado de maquina (ML) que poderia melhorar tanto
a eficacia como a sustentabilidade do sistema de tratamento de d4gua ¢ um grande problema
no setor de 4gua, com a otimizagao do processo de floculacao sendo um grande obstéaculo.
Neste estudo, desenvolvemos o primeiro modelo ML para monitoramento da evolugao do
comprimento dos flocos e uma estrutura para sua potencial adogdo em tratamento de agua
em larga escala. Modelos de Rede Neural Artificial (ANN) e Memoria de Curto e Longo
Prazo (LSTM), juntamente com o modelo tradicional de séries temporais: Média Movel
Integrada Regressiva Automatica (ARIMA), foram explorados para prever os dados de
evolucdo do comprimento dos flocos obtidos por andlise de imagem nao intrusiva de um
ensaio de teste em lote e modelar o processo otocinético. Os dados do ensaio em lote, com
dois gradientes de velocidade (Gf 20 seg™! e 60 seg™! ) e tempo de floculagio de 3 horas,
foram divididos em 5 intervalos para faixas de comprimento de floco de 0,27 a 3,5 mm ¢
otmizados usando o método linear. Os resultados mostraram que o modelo ARIMA nao ¢
adequado para prever o numero de flocos, com uma acuricia de teste negativa (R? ). AANN
registrou R? de 0,86 — 1,0 para treinamento e 0,84 — 0,99 para teste, em Gf 20 seg! e Gf 60
seg'. O modelo LSTM tem a melhor precisdo de previsdo de 98 — 100% para Gf 20 seg -1
e previsdo perfeita do nimero de flocos em todas os intervalos e Gfs. Nosso estudo
comprovou que a estrutura desenvolvida pode ser replicada em tratamento de dgua em larga
escala e promoverd a aplicagdo de tecnologia inteligente em tratamento de 4gua/esgoto em

larga escala.

Palavras-chave: Evolu¢do do Comprimento dos Flocos; Floculagdo; Aprendizado de

Magquina; Rede Neural; Tratamento Inteligente de Agua.



Abstract
The implementation of machine learning (ML) model that could improve both the
effectiveness and sustainability of water treatment system is a major problem in the water
sector, with the optimization of flocculation process being a major setback. In this study,
we have developed the first ML model for floc length evolution monitoring and a
framework for its potential adoption in large-scale water treatment. Artificial Neural
Network (ANN) and Long-Short Term Memory (LSTM) models, and traditional time
series model; Auto Regressive Integrated Moving Average (ARIMA) were explored to
predict floc length evolution data that was obtained through non-intrusive image analysis
from a jar test batch assay and model the orthokinetic process. Batch assay data of two
velocity gradient (Gf 20 sec? and 60 sec™) and flocculation time of 3hrs were partitioned
into 5 bins for floc length range 0.27 — 3.5 mm and upscaled using linear method. Results
showed that ARIMA model is not suitable for predicting number of flocs with a negative
test accuracy (R?). ANN recorded R? of 0.86 — 1.0 for training and 0.84 — 0.99 for testing,
across Gf 20 sec and Gf 60 sec’t. LSTM model has the best prediction accuracy of 98 —
100% for Gf 20 sec™ and perfect prediction of number of flocs across all bins and Gfs. Our
study has proven that the developed framework can be replicated in large scale water
treatment and will promote application of smart technology in large-scale

water/wastewater treatment.

Keywords: Floc length evolution; Flocculation; Machine Learning; Neural Network;

Smart water treatment.
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1 INTRODUCTION

Globally, demand for safe water for domestic uses and suitable water for
agricultural purposes increases annually. Stressing the need for sustainable and ecofriendly
treatment of water and wastewater to ensure adequate removal of pathogens and promote
public health safety. Whereas the increasing effect of Climate Change is aggravating these
demands, technological advancements to enhance the performance of conventional water
treatment including Forward and Reverse Osmosis systems (Altaee et al., 2017; Y. Kim et
al., 2017; lbrar et al., 2019), Nano filtration (Cortés Mufioz et al., 2013; Kim et al., 2017),
graphene technology (Park et al., 2018; Ganguli et al., 2020; Parsa et al., 2020) among
others, with potential to treat even high strength wastewater still have major shortcomings.
These include the non-availability of materials, high energy consumption, technicalities,

and cost-effectiveness.

On the other hand, the coagulation and flocculation process is an essential part of
water and wastewater treatment (Kurniawan et al., 2022), either in the conventional water
treatment process or advanced treatment like Nano-technology (Abu-Dalo et al., 2022) and
graphene technologies (Parsa et al., 2020). Coagulation/flocculation is a primary water
treatment phase with high efficiency in suspended particles/pollutants removal (Abu Bakar
et al., 2021; Kurniawan et al., 2022). Flocculation has been in practice for over ten
decades, with the sole principle of inducing shear stress to water that is dosed with
coagulant/flocculants, to form aggregates (flocs) that can settle and be removed with time
(Jiang, 2015). Essentially, the performance of the flocculation phase and flocs properties
determine the output and efficiency of most water and wastewater separation technology
within treatment plants (W-WWTP) (Xiao et al., 2011), particularly the widely used

conventional treatment technology.



Great advancement has been made in both coagulation process (coagulant type and
dosage) (Rajala et al., 2020; B. Singh & Kumar, 2020; Y. Huang et al., 2021; Ortiz et al.,
2021; Tegladza et al., 2021) and flocculation phase of water and wastewater treatments.
This includes the modeling and simulation of flocs characteristics, fractal dimensions, and
aggregates (Rong et al., 2013; Moruzzi et al., 2017; H. Zhang et al., 2019; Moruzzi et al.,
2019; Hadiyanto et al., 2021; Teixeira et al., 2022). Despite the progress recorded in both
laboratory and pilot studies of water and wastewater treatment, typical conventional water
treatment facility faces the problem of source water quality monitoring, to determine the
coagulant dosing and timing of the flocculation stage. This often leads to man-hour loss,
energy wastage (due to multiple jar tests), resources wastage (resulting from multiple water
quality testing), and ultimately protracted access to timely informations on adequate

correctional changes that could enhance the treatment effectiveness (water quality).

Smart solutions such as machine learning (ML) and artificial intelligence (Al) have
been explored in recent time to mitigate these operational problems in drinking water and
wastewater treatment facilities. The influx of research on Al implementation in real-time
water treatment problems and their potential as transformational solution include pilot and
full-scale treatment facilities. For instance, Guo et al. (2015) applied two robust (high
prediction accuracy and sensitivity) machine learning models to predict One (1) day of
total nitrogen at the wastewater treatment facility in Ulsan, Korea. The study established
that the non-linear time series model is efficient to forecast the 1-day nitrogen content in
the treated water quality. Additionally, ML models have been applied to optimize different
stages within the water/wastewater treatment technology, including coagulant dosage
(Zhang et al.,, 2013; Kim & Parnichkun, 2016), water quality (Granata et al., 2017,
Igwegbe et al., 2021), among others.

Although the application of ML in the expression and forecasting of flocs
characteristics are very limited. Li et al. (2021) established that despite recent
advancements in the application of both online and model-based ML/AI principles to
enhance water treatment performances, little information is available on the use of machine
learning to model phenomena within flocculation processes, including flocs characteristics
and optimum timing for jar test/flocculation process. The gaps considered are relative to
the nonlinearity of hydraulic or hydrodynamic-based models relating to flocculation

processes, making the tedious laborious jar test and loss of man-hours persist.



Therefore, this study seeks to develop a machine learning framework to model the
flocculation process of water/wastewater treatment, with a focus on developing a robust
user-friendly model to predict flocs characteristics and the optimum timing of the

flocculation phase in water and wastewater treatment facilities.

1.1 Justification of Research

Understanding of flocculation process requires detailed examination of all the
phenomena involved and their guiding principles. Non-intrusive Dynamic Image Analysis
(DIA) is the best flocs characterization method (fractal aggregate and dimensions) that
provides the best information about the flocculation process, without tampering with the
jar test setup or causing alteration in the flocs integrity (Liang et al., 2015). Modeling and
simulation of flocs characteristics (fractal aggregate, breakage, and re-aggregation),
flocculation time, and effect of shear (gradient) velocity have impressively been explored
to promote understanding of the flocculation process in the past decades (Moruzzi et al.,
2017, 2019; Zhang et al., 2019). Although the introduction of diverse approaches to
simplify the interaction between flocs properties and shear velocity/time varies among

authors, primarily due to the nonlinear relationship between variables.

Machine learning models with the capability to solve nonlinear relationships with
few lines of code and model optimization time has been applied to demystify the water and
wastewater treatment process in several studies. For instance, Wang et al. (2021) used a
novel adaptation of the Random Forest model (RF), Deep Neural Network (DNN), Partial
Dependence Plot analysis (PDP), and Variable Importance Measure (VIM) to improve lag
time within treatment processes, water quality and operational cost in the Umea
Wastewater Treatment Plant (WWTP), Sweden. Elman Artificial Neural Network (EANN)
was compared with Multiple Linear Regression (MLR), Least Square Support Vector
Machine (LSSVM), and Radial Basis Function Neural Network (RBFNN) by Wang et al.
(2022) to establish the robustness of hybridized Artificial Neural Network (ANN) based
models over MLR, SVM, and RBFNN. While the model achieved predicting coagulant

dosing accuracy that could be applied in a drinking water treatment facility.

Great advancement has been made in the use of nonlinear machine learning and
artificial neural network models to predict coagulant dosage and water quality. Jayaweera
et al. (2019) developed an ANN model for the prediction of coagulant dosage with a



training time of less than 30 seconds. This shows the applicability, robustness, and
efficiency of ANN in predicting coagulant dosage. Nevertheless, fewer information exists
on the use of ML or Al-based model to predict and establish the floc evolution in a
flocculation process. Particularly on the relationship between floc lengths, shear velocity
and flocculation time, and the optimum time for the flocculation process that could further
reduce man-hour loss and energy consumption in treatment facilities. Such models could
provide better prediction of flocs evolution and flocs characteristics, aggregation,

breakage, and re-aggregation.

In addition, lack of adequate data, nonlinearity of the relationship between
phenomena in the flocculation process, and application of complex
hydraulic/hydrodynamic principles are the main setbacks that drifted attention away from
modeling flocs characteristics. For instance, DIA data (Alum floc) from a water treatment
facility in Finland was modeled by Juntunen et al. (2012) using a Multiple Linear
Regression and Self Organizing Map (SOM) for online characterization of flocs surfaces
and floc length aggregation, breakage, and re-aggregation. The authors affirmed that the
DIA setup is cost-saving and applicable in full-scale water and wastewater treatment
(conventional) facilities. The image data acquired during the flocculation phase could be
integrated into an ML and/or Al framework to form a seamless process of analyzing data
and further promote understanding. This would be a major leap to have an early warning

prediction tool, consequently reducing man-hour loss and management operational costs.

Advances in the modeling of the flocculation process have been on the possibility
of integrating first principle or kinetic models with ML/AI. Such an approach was applied
in the study of Nazemzadeh et al. (2021), population balance model and mass balance was
used as the first principle models, integrated with a machine learning framework to predict
the flocculation process for flocs aggregation and breakage. The author established that the
machine-learning framework enhanced the prediction accuracy of the end-of-batch in the
flocs’ distribution. Combining the data of physical observations (floc lengths) during
flocculation with a machine learning model could give a more robust approach to

predicting flocculation behavior during water treatment (Nazemzadeh et al., 2022).

However, studies that applied only machine learning models in demystifying
flocculation phenomena are limited. Most importantly, machine learning-based models that

could provide insight into flocs characteristics (aggregation, breakage, and reaggregation),



effects of induced share velocity (Gf) per given gradient time (Tf), which could enhance
treatment operation and drastically reduce the complexities in monitoring flocculation
process of water treatment. Therefore, this study aims to develop a machine learning
framework to establish an underlying relationship between floc lengths, time gradient (Tf),
and velocity gradient, and predict the floc evolution and optimum time for a flocculation
process, toward achieving a cost-efficient, time-saving and sustainable conventional water

treatment facility.



2 OBJECTIVES

This study aims to develop a machine learning model framework to predict the floc particle
evolution and the relationship between the gradient velocity and time gradient of the

flocculation process and predict the optimum time for a flocculation process.

2.1 Specific Objective

1. Model and predict the particle floc length evolution using different machine
learning algorithms.

2. Develop a predictive Machine Learning Framework for the modeling of floc
evolution process of flocculation phase in a water and wastewater treatment

facility.



3 LITERATURE REVIEW

3.1 Flocculation Process and Application

Application of flocculation transcends beyond water and wastewater treatment as
its importance in the pharmaceutical, papermaking, and mineral processing industry for
enhancement of tailing settling rate cannot be overemphasized. Generally, addition of
coagulant at a certain dosage and induced shear velocity (Gf) creates the interactions of
colloid particles to form larger particles regarded as flocs, with higher settling ability. The
aggregation of flocs into larger sizes that can settle translate into the quality of the treated
water (Jiao et al., 2016), which is measured in terms of turbidity, pH, and other water
quality indicators (Wang et al., 2011; Zhang et al., 2019; Li et al., 2021).

Several studies have established the effectiveness of flocculation in the removal of
emerging contaminants including; leachate (Cheng et al., 2020; Chaouki et al., 2021;
Cheng et al., 2021; Igwegbe et al., 2021; Reddy et al., 2022), Polystyrene Micro and Nano
particles (Chen et al., 2021; Li et al., 2021), Polyethylene Microplastics (Li et al., 2022),
metals (Nystrém et al., 2020; Zhang et al., 2020), etc. Though the effectiveness of water
treatment is the quality of the treated water or effluent, an adequate understanding of the
complex interactions between the stages of water treatment guarantees better output

(quality) and timesaving.

Since floc growth has been recognized as the main principle of flocculation,
appreciable progress has been made in identifying the drivers of fractal aggregate (Bushell,
2005; Moruzzi et al., 2017, 2018), the active agent in the coagulants/flocculants materials
and effectiveness (Abu Bakar et al., 2021; Jiao et al., 2016; Kurniawan et al., 2022; Teh et



al., 2014), effects of shear velocity (Gf) on floc evolution, and simulation of the processes
(Du et al., 2021; Lawrence et al., 2022; Moruzzi, Bridgeman, et al., 2020; Moruzzi et al.,
2019; Qasim et al., 2020, 2021).

For instance, Kurniawan et al. (2022) comprehensively reviewed current practices
and applications of natural  (Bio-coagulant/Bio-flocculant) and  synthetic
coagulants/flocculants. Authors established active compounds in flocculants (carboxyl,
amine, hydroxyl, and protein) as well as working mechanisms; sweep coagulation, particle
bridging, and ionic layer. Moruzzi et al. (2017) studied the influence of shear velocity (Gf)
on two-dimensional fractal dimensions (Df) of large aggregate (flocs > 540um) from a
simulated Kaolin suspension jar test experiment. The study also characterized the floc
lengths using a non-intrusive image analyzer, particle size distribution (PSD) and varying
Gf. Authors used existing hydrodynamic principles for the continuous function of PSD
(Egn. 1.), power law for fractal dimensions (Egn. 2.), and Kolmogorov microscale (Eqgn.
3.). Findings showed that different dynamic steady-state exists for different Gf, and
interactions between particles and clusters differ with certain shear velocity gradient (Gf)

(i.e., particle-cluster and cluster-cluster interactions).

Lopez-Exposito et al. (2019) used another expression for the scaling of power-law
to derive fractal dimensions of microalgae flocs cultured from chlorella sorokiniana using
a photobioreactor. The study also correlates Ds with the chord length distribution (CLD) of
the flocs using a Random Forest (RF) machine-learning model.

dN
d(dg)

= k(d,)* 1)

where: dp is the geometric average of aggregate range per scale, k is the power law density

coefficient (dimensionless), and B is the power law slope coefficient.

A~ 1Pf (2)

where: A is the area of aggregates (mm?); | is the characteristic length of the aggregate

(mm); Dx is the two-dimensional fractal dimension which is dimensionless.
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where: 7 is the Kolmogrov microscale (mm); v is the kinematic viscosity of water (m?s™?);

G is the velocity gradient (s2).

Zhang et al. (2019) studied the effects of shear velocity gradient on flocs evolution
of microalgae cultivated water using aluminum chloride coagulant. A high-speed
microscopic camera was used to capture fractal images and analyzed them to find the floc
lengths, fractal dimension, floc strength, breakage, and aggregation. Floc evolution was
characterized by the first decrease in fractal dimensions before a rise in dimensions then
followed by a steady-state fractal dimension under a given shear rate (Gf). Similarly, the
trend was observed for varying Gf but optimum floc length was found under a steady shear
rate of 9s™*. Furthermore, the authors established that general floc growth (sizes and fractal
dimensions) and time gradient (Tf) depends on the shear velocity gradient Gf, which

corroborates the findings of previous studies such as Moruzzi (2017, 2019, and 2021).

While those studies use different approaches to examine floc evolution during the
flocculation process, similar conclusions were made regarding the influence of shear
velocity gradient and time gradient. However, past studies mainly use log-log functions to
establish the graphical relationship between floc lengths, time gradient (Tf), and velocity
gradient to derive floc strength but could not establish the variables with the highest
importance and their level of significance in the flocculation process. In addition,
information on the prediction of scenarios surrounding flocs evolution under prolonged
time/velocity, which could serve as early warning mechanisms and source of insight into

variation in source water characteristics (pollution load) for a treatment facility is lacking.

Notably, different coagulants are generally used for different types of source water
and laboratory scale studies, which implies that variables considered by studies vary but
insight into floc lengths and their measurement remains crucial for a better understanding

of flocs evolution.
3.2 Floc length Measurements

The complexity of the flocculation process has led to different approaches to
measuring floc dimensions, particularly floc lengths. Considerations on the accuracy of
individual methods and the integrity of the flocs aggregate are critical issues that many
studies have dealt with. Generally, floc length measurement can be divided into two broad
groups: non-intrusive method and sampled method. The difference between the two
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approaches is mainly the contact with the flocs; the in-situ method measures without
physical contact with the flocculation setup, while the flocs may be distorted or sheared

during the sampled method.

A review by Liang et al. (2015) detailed modern approaches in floc length
measurement, classifying the current practices into five methods, namely; Laser Particle
Size Analyzer (LPSA), Microscopy, Focus Beam Reflectance Measurement (FBRM),
Particle Vision Measurement (PVM), and Direct Image Analysis (DIA). The LPSA uses a
light beam that is channeled through a particle field, the rays are reflected at certain angles
when it comes in contact with flocs/particles or move in a straight line when no contact
with floc is made and the scattering angles (differences between the incident and reflected
angles) is negatively correlated against particle size. Optical detectors are positioned
around the particle field to gather information on the scattering angles and intensity of the
reflected light rays. A notable advantage of this method is the speed, high accuracy (in
terms of light rays), and the ability to quickly repeat the process, but major shortcomings
are tendencies of flocs breakage through the ultrasonic treatment and circulating pumps.

While its floc lengths result is inaccurate, unlike the image analysis.

FBRM is one of the best approaches in floc length measurement. The principle
acquires floc chord length by multiplying the speed of the beam scanner and the time
between recorded reflections which is a reflection from the two opposite edges of a
particle/floc. FBRM operating principle is very close to the LPSA, but the difference is the
non-disruptive setup of the FBRM. A projected beam moves around the circumference of a
sapphire window at a given speed (<6m/s) and the scattered light by particles is recorded
through the optical detector. Avoidance of floc breakage and adequate measurement of floc
growth (including breakage and re-aggregation) are major advantages of the FBRM.
Though major setbacks are the accuracy of the optical properties, focal points, shape of
floc property, and particularly the presence of the probe. The flocs’ movement around the
probe could easily be altered, which could affect the measurement accuracy. PVM is also
similar to the FBRM as both methods can be combined to determine the structures of
slurry and particle size distribution (Nasser & Salhi, 2015; Qi et al., 2015). However, they

have low resolution compared to the FBRM.

The Microscopy method has received lesser attention compared to other particle

size measurement approaches. Although the reason for this is not known. Application of
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the microscopy method has been adopted in flocculation studies earlier than the study of
Suhr et al. (1995) which reflects the potential of the approach. In the microscopy method
of particle size measurement, a microscope of a high-resolution microscope that has a light
source fixed to the camera lens is mounted on a hole/small port of the experimental setup
(jar test/bioreactor) to capture an image of the primary particles at intervals. Suhr et al.
(1995) improvised the approach to study cell characterizations in a bioreactor by
generating still images that were further processed by the image algorithm. The approach

was used to introduce online monitoring of cell behaviors in the bioreactor.

Santos Nunes et al. (2022) adopted the microscopy approach to characterize flocs
evolution (sizes) during a jar test experiment. A light source was connected to a camera
with an objective lens to capture images of floc particles in suspension through a given
window in the setup. A unique advantage of this approach is the ability to capture smaller
particles or flocs that could be accounted as primary particles in a flocculation process.
However, the small window (coverage) of the images captured limits their effectiveness in
accurate floc lengths evolution. Nevertheless, this approach could be improved upon,
particularly since it could allow easy and online processing of data, making full automation

of the flocculation process a possibility.

The DIA method is also close to the LPSA method except that images are taken in
Laser images which are also close to the common microscopy method. Though images are
captured in a dynamic mode where the shutter speed is high and multiple images can be
captured at different intervals within the experiment. The flow of water through the
observation pipe of a DIA could be different from the real flow within the flocculation
chamber. Nevertheless, the high processing speed of the DIA and the ability to process
information fast through a computer system gives the DIA an edge. Particularly
considering the technological advancements in the general water treatment sector. An

image of a DIA set up according to Liang et al. (2015) is presented in Figure 1 below.
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Figure 1. A schematic setup of a DIA image analysis system for particle size measurement.

Several studies have attempted to hybridize the setups explained above. For
instance, Moruzzi et al. (2019) combined a photometric dispersion analyzer (PDA) as an
intrusive method with a non-intrusive image analysis measurement of floc characteristics
(size and strength). Although the authors affirmed that the PDA could not give exact
particle size measurements of the flocs rather the information could be used to determine
floc aggregation and flocs strength, while the image analysis is more reliable. Integration
of the floc length measurement processes into a machine learning algorithm could present
better means of evaluating flocs evolution within the flocculation process of water and

wastewater treatment.
3.3 Modeling of Flocculation Process

Modeling of the flocculation process either in the water treatment or the paper-
making industry has received research attention in recent years. The phenomena of the
flocculation process have been keenly studied by researchers, to promote an understanding
of the complex interaction between the principal variables (gradient velocity, time
gradient, floc length). In past decades, kinetic models have been introduced to establish the
importance of individual phenomena of the flocculation process. For instance, theories
such as the power law and orthokinetic models have been applied to interpret jar test

experiment data.
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The population balance equation/model (PBE/PBM) is one of the most applied
kinetic models for particle size evolution. PBM is a mass balance approach for the
distribution of discrete particle size with an interest in the influence of shear stress (Gf) on
aggregation and breakage rate on the population of particle size(s) (Singh et al., 2022).
PBM was introduced by Hounslow et al. (1988) and later modified by Spicer & Pratsinis
(1996), afterwards, several researchers modified the PBM to develop interesting kinetic
models that have improved the knowledge of the flocculation process (Costa et al., 2007,
Nazemzadeh et al., 2021; Ruan et al., 2022; Seghir et al., 2022; Singh et al., 2022). PBE
equation has been applied in many fields aside from water and wastewater treatment, such
as polymerization (Ahamed et al., 2020), material synthesis (Buddhiraju & Runkana,

2012), and crystallization modeling (Costa et al., 2007) among others.

Ruan et al. (2022) adopted the PBM model to develop a kinetic model to express
the flocculation phase in a polymer bridging process of total tailing. A regression model
was applied after splitting the PBM equation into aggregation kernel (collision frequency
and efficiency) and breakage kernel (breakage rate and distribution function). The modeled
PBM was achieved by combining a computational fluid dynamics (CFD) model with the
PBM equation. The kinetic model developed was cross validated by comparing the
modeled result with primary data. The floc length distribution data obtained from an

FBRM setup was compared with the modeled PBM results to ascertain its high accuracy.

Mathematical expressions have also been used to model the flocculation process of
water treatment, aside from the PBM model. Argaman & Kaufman (1970) developed a
mathematical expression (diffusion model) for the orthokinetic flocculation in a steady
state (further referred to as the Argaman-Kaufman model). The Argaman-Kaufman model
has been adopted in studies and regarded as a principal model in the orthokinetic
flocculation in a steady state (Eqn. 4). A continuous stirring tank reactor (CSTR) was used
to examine floc formation and assumed that primary particle collides to form bigger
particles (flocs), which can settle and be removed during sedimentation/clarification.

The mathematical expression of the Argaman-Kaufman model is given below.

%=RBRE?” — kynpG 4)
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where, n is the number of primary particles per unit volume of water (m=), t is the time (s),
ks is the floc breakup rate coefficient (s), G is the velocity gradient (s1), m is a parameter,
Ka is the floc aggregation rate coefficient (-), and np is the number of floc particles formed

per unit volume of water (m).

The integrated and rearranged form of Equation 4, according to Bratby (2016) is
presented in equation 5, below.
n - - . -1
e = Lf:—is +(1- i—js) e *‘LAGT] (5)
The theory was validated through experimental studies by Haarhoff & Joubert
(1997). A unique contribution of the study by Haarhoff & Joubert (1997) besides the
validation is the clarification of the critical things to note in the flocculation process, such
as the settling time, and possible variation in flocculation constant when flocculation is
applied, among others. Akinmolayan et al. (2015) developed a mathematical model for a
complete water treatment process, following a simple conventional water treatment plant
design (coagulation/flocculation — clarification — filtration phases). Authors adopted the
Argaman-Kaufman model in modeling the flocculation phase of the treatment design and

further validate their model results with the experimental datasets achieved by Haarhoff &
Joubert (1997).

Despite the invention of different kinetic models in expressing flocs evolution/floc
length measurements during the flocculation process, and the effects of Gf and Tf on floc
lengths and shapes, the real-time problem still includes the laborious work in getting an
accurate result that is useful for a treatment facility. Therefore, simplifying the process or
integrating the models to achieve a time-effective and early warning system, such that
would make the water/wastewater treatment process faster, cost-effective, and sustainable
would be a game changer. The evolution of machine learning and artificial intelligence
could have shown that ML/AI is the game changer that could drastically reduce the

existing limitations.
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3.4 Application of Machine Learning and Artificial Intelligence in

Flocculation Process

The universality of machine learning (ML) and artificial intelligence (Al) has
become obvious with the implantation of ML/Al-based technological solutions to
relatively all human problems. Water and wastewater treatment has never been left behind
in the integration of smart information-based technology. In the last decade, massive
progress has been recorded in the integration of AI/ML into the water and wastewater
treatment systems both on a lab scale or pilot scale and in full-scale treatment facilities
(Ghaed Rahmati et al., 2021; Li et al., 2021). The broad spectrum of ML/AI models made
integration easier since data could be acquired both online and offline.

Full-scale water and wastewater treatment facilities in both developed and
developing countries are speedily adopting smart solutions to improve conventional water
treatment systems. About a decade ago, Nasr et al. (2012) developed an artificial
intelligence-based system to predict the water quality of the EI-Agamy wastewater
treatment plant (WWTP) in Egypt. The study used a feed forward (FF) artificial neural
network to monitor and predict the Chemical Oxygen Demand (COD), Total Suspended
Solids (TSS), and Biological Oxygen Demand (BOD). The model achieved a high
accuracy with a correlation coefficient of R? = 0.90 for the observed variable against the
predicted variable.

Khatri et al. (2019) also used a feed forward (FF) ANN algorithm to predict the
water quality of a sequential batch reactor in a municipal wastewater treatment facility in
Jamnagar, India. The water quality data for pH, BOD, COD, TSS, ammonium nitrogen and
Total Kjeldahl Nitrogen, and total phosphorus of the influent were used to predict the
effluent quality. Authors emphasized that FF models are compatible with modeling the
effluent water quality in a full-scale water/wastewater treatment facility. Also, the ability to
optimize the treatment efficiency makes treatment plant management easier and improves
treatment reliability.

Mundi et al. (2021) applied multiple linear regression (MLR) and generalized
structure of group method of data handling (GSGMDH) ANN black box model to predict
the treated water quality of thirteen wash water from fourteen wastewater facilities in
Ontario, Canada. The study achieved about 83 percent accuracy for the MLR model and up
to 99 percent for the GSGMDH model, respectively. Li et al. (2021) reviewed recent
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advancements in the application of ML/AI in water and wastewater treatment, the study
highlighted advances in coagulation and flocculation modeling by recognizing different
ML/Al models that have successfully been deployed, including Back Propagation
Artificial Neural Networks (BPANN), multilayer perceptron (MLP), and generalized
regression neural network (GRNN), which have been used to predict optimum coagulant
dosage. The study also highlighted that GRNN is efficient for modeling with limited data

while MLP is suitable for modeling full-scale water facility.

Also, models such as adaptive fuzzy neural inference system (ANFIS) were tried in
online mode in comparison with the ANN model (Heddam & Dechemi, 2015), with the
ability to update the training data set (input) immediately as they were available. Zhang et
al. (2013) combined K-Nearest Neighbor (KNN) with a Support Vector Machine (SVM) to
predict the coagulant dosage in three different scales of water treatment facilities: large,
medium, and small scale. The author established that KNN-SVM outperformed the only
SVM algorithm in a large and medium-scale treatment facility. While KNN alone was
better for small-scale facilities. Further stressing that it is difficult to affirm the best ML

model for a particular scenario unless they are tested.

This has been the situation with the ML models applied to coagulant dosage in
different studies, although model accuracy differs. Random Forest (RF) models have
recently been explored by researchers in the modeling of coagulant dosage and water
quality of both water and wastewater treatment facilities. RF is an ensemble technique that
decorrelate a simple decision tree to enhance accuracy in the algorithm. RF can create a
relationship between the predictor variables and other variables based on set rules (trees)

(as shown in Figure 2).



17

X dataset
e “ — Ny R
N, feature N, feature N, feature N, feature

' ;
4 L b

g B o m & @ & n
A XA A X AT AYAYTRAY Y

I | |
I |

[ HNM%yQS |

Figure 2. A simple Random Forest Algorithm. Source: (Quantinsti, 2019)

Heddam (2021) applied extremely random tree (ERT) and random forest (RF)
models to predict coagulant dosage and concentration of dissolved oxygen, pH, turbidity,
specific conductance, and temperature of water quality in Boudouaou water treatment
facility, Algeria. Both RF and ERT showed high accuracy results with low randomized
mean square error (RMSE) and mean absolute error (MAE), but ERT performed better
than RF (R? up to 0.999) and works well with both large data and smaller data sets. The
efficiencies of ERT and RF were compared to MLR, and both models (ERT and RF)
outperformed the MLR model.

The metal removal efficiency of a chitosan-based flocculant was predicted using an
RF algorithm in the study of Lu et al. (2022). The authors explored an 80:20 train-test data
ratio with a random state of 10, the model was cross-validated with an ANN model. The
RF model performed better than the ANN model, having an R? of 0.9354. The author also
emphasized that the ability of the RF framework to predict complex processes, where a
lesser understanding of both input and output parameters exist are the major advantages of
the RF model and their choice of RF model for the study. Although the ANN algorithm is
also built to demystify complex and hidden relationships within processes such as the

flocculation process, even the entire water and wastewater treatment.

A more robust (accurate) RF framework with boosting; Extreme Gradient Boosting
(XGBoost) and Light Gradient Boosting Machine (LightGBM) was explored by Wang, et
al. (2022) to improve their RF model on the management of wastewater treatment process.
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Findings showed that the XGBoost model performs best while RF has the least
performance. The introduced model elucidates underlying process-based problems that
could enhance the performance of the treatment facility. XGBoost algorithm operates with
the principle of gradient boosting decision trees (GBDT) which is a sequential iterative
process that utilizes residuals from a trained tree to regress to a new tree. An example of
XGBoost framework is presented in Figure 3 below.

XGBoost uses a loss function and controls model overfitting through the
hyperparameters tuning. The outstanding performance of XGBoost over other tree-based
and non-tree-based algorithms like SVM have also been established in studies (Ching et
al., 2022; Didavi et al., 2021; Pan, 2018; Sahin, 2020). Despite the prospect of the tree-
based algorithm in modeling of flocculation phenomenon, no research has explored the
possibility of modeling floc length evolution, which is an essential aspect of the

flocculation process, using any of the tree-based models.

1 1 |
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Figure 3. An XGboost model framework.

Neural networks (NN) are algorithms developed by an inspiration of neurosciences,
with an aim to mimic human brain function. The inspiration of NN stems from the fact that
biological organisms’ (including human) decision and response to his environment are
solely guided by the previous information at their disposal. Therefore, it is believed that
machines can learn from data and make appropriate decisions. Considering human
limitations with several complex problems such as in the case of extremely long
mathematical calculation/operations. Computers are believed to maximize information

through the leaning (train dataset) process and make accurate prediction of the expected
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outcome from unseen data (test dataset) at a faster rate. Neural networks are the building
block of Artificial Intelligence and many technological innovations in our world today.
Leveraging on their ability to train on varieties of data (image, text, audio, numerical data)

and make reliable prediction and seamless delivering of tasks.

Just as the name implies “neural network”, NN processes and computes
information through the “neuron” and screens the generated results through the “weight”.
The weight is a scale given to each processed data from one neuron to another. Each
architecture (MLP, CNN, GRN etc.) has its merits and demerits, creating trade-offs in their
usage. Thus, different algorithm/configuration are used for different purposes, while some
algorithms have many purposes such as the LSTM (with ability to process convolutional

data; image, time series/sequential vector data, etc.).

FF is a simple ANN architecture with one directional input processing direction,
also called Multi-Layer Perceptron (MLP) model. An artificial neural network is governed
by a simple mathematical expression (as shown in Equation 6 below) and a simple
framework that takes in data through the input and processes it through the hidden

perceptron to generate an output (Gharabaghi & Sattar, 2019).

The Equation for FF is presented as shown below:

}’(.‘J‘.’) = f(Zz':l to n Wi X x; + bj (6)

where; y(x) is the output of the neural network for a given data (x), f() is the

activation function used for the sum of input variables. N is the number of neurons, w, is
the weight assigned to the neurons, x; is the input to the ith neuron, and b is the bias added

to the weighted sum. As earlier discussed in this work, ANN has been explored to optimize
different parts of water and wastewater treatment process and has recorded tremendous
prospect in flocculation studies, including flocs evolution process. An example of a simple

FF is presented in Figure 4 below.
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Figure 4. A simple Artificial Neural Network Framework.

Notably, Recurrent Neural Network (RNN); a deep learning neural network model
with the capability to interact with both images, qualitative and quantitative data, is the
least explored deep learning (DL) algorithm by studies on ML/AI and its application in
water and wastewater treatment. Long Short-Term Memory (LSTM) is a type of RNN that
works with the principle of recurrent memory of information (stored at the controlled
recurrent gate), particularly when dealing with big dataset. The process of recurring
information is called Backpropagation (BP), information is passed through a gate to recall
the trend in the training data (information) that the system has processed. An example of
the structure of the hidden layer cell of LSTM is presented in Figure 5 below.

Huang et al. (2021) affirmed that RNN has more prediction accuracy than GRNN
and outperforms GRNN, even when trained with a small dataset. Furthermore, the authors
affirmed that RNN with the LSTM algorithm is the best RNN-based model for time series
data. This assertion corroborates the findings of EI-Rawy et al. (2021) that applied various
deep neural network models with back propagation and feed forward algorithms to predict
and forecast effluent quality in a full-scale treatment plant. The study asserted that deep
learning model with backpropagation are the most effective ML algorithm for diverse time

series forecasting tasks.
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Figure 5. A Recurrent Neural Network Framework (RNN).

LSTM has been explored in the finance industry for stock prediction (Chen et al.,
2022; Moghar & Hamiche, 2020; Teng et al., 2022; Yadav et al., 2019), waste
management prediction (Cubillos, 2020), and energy industry (Feng et al., 2021; Li &
Wang, 2020; Qiao et al., 2022). Also, LSTM models have been applied in the prediction of
wastewater treatment effluent quality in some studies (Farhi et al., 2021; Pisa et al., 2020;
Taloba, 2022), but the application of LSTM in the flocculation process of water and
wastewater treatment is very limited. It is strongly believed that LSTM would be able to
serve as an early warning tool for a treatment facility (Oliveira et al., 2020). While a robust
model could be used to elucidate the complex flocculation problem that has resulted in

multiple jar test analysis by water treatment facilities.

Considering the importance of Time gradient Tf in the flocculation process, which
has been duly reported in past studies, coupled with the kinetic models that have shown the
relationship of Tf to floc length evolution, it could be assumed that a robust time series
model would be able to effectively learn (train) and predict the floc evolution process.
Furthermore, the ability of LSTM (time series-based model) to analyze image-based data
could be a groundbreaking success by directly analyzing data from non-intrusive floc
image setup. Therefore, this study seeks to optimize the flocculation process of water and
wastewater treatment using robust ML algorithms (LSTM and ANN), towards establishing

an ML framework with the capability to serve as an early warning system for the
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flocculation process of water treatment. In addition, ML models have the potential to
improve the treatment process, resulting in a cost-effective, time-efficient, and sustainable

water treatment.
3.4.1 Basic Neural Network Terminologies

Neuron: This is the building block of neural network and functions like the human
brain cell, it receives information in form of vectors or scalars and processes them to
generate an output. Neurons have the capability to act in series which makes the
development of layers of neurons possible during computation. In an instance of many
hidden layers of neurons, information is processed by each neuron and its layer and passed
forward to the next layer until the desired accuracy is achieved. The interpretation of inputs
to output in every neuron is guided by the weight and bias, giving the neurons direction

and ability to recognize non-linearity.

Weight: This is a neural network parameter of scalar nature (values) generated
during the learning process of a neuron. Weights are used to correct the learning process of
each neuron to achieve satisfactory output and improve the model generalization
capability. Weight constraint is a method of guiding/restricting the weight generated
during the neuron’s learning process. It is a regularization approach used to prevent model
overfitting by determining the magnitude of the generated weight. Weight constraint also
helps to avoid exploding gradient during the training process, causing the model to
generalize more during the training process and improve prediction accuracy at the testing

phase.

Bias: They are also scalar parameters added to the weighted sum of the neuron’s
input data during the learning process. They are used to control the model capability to
generalize on the input data and make accurate predictions on an unseen dataset. Both
weight and bias are controlled during the model training process.

Under fitting: This refers to a state where the model is unable to adequately learn
from the input data, resulting in a poor generalization and prediction accuracy of the

generated model.

Over fitting: This is a state where a model fails to generalize the input data by
closely fitting the model on the dataset, thus causing a poor prediction accuracy on the
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unseen data. This is a serious problem in machine learning model training and often
limits/reduces the adoption potential of the model. An indicator of overfitting is an instance
where a very high training accuracy is observed but test accuracy is very poor. This can be
improved through steps such as regularization, early stopping, increase of training data,

hyper-parameter tunning, and cross-validation.

Activation function: Neural networks learn complex patterns at the output of the
model and regularizes through the help of a mathematical function known as “activation
function”. The activation function introduces non-linearity to the output layer of the model
so that the model could learn from complex processes. The choice of activation function is
often determined by the kind of data (discrete or continuous data, time series, etc.) and the
expected outcomes (images, timeseries, regression, etc.). Neural networks have different

activation functions for different purposes; sigmoid, ReLu, SoftMax, Tanh, etc.

Epochs: This is the process by which the training dataset passes through the neural
network. At each passage of the training data (epoch), the neural network computed the
weight or each neuron, bias, and the prediction error (loss). The weight and bias are
updated at each epoch during the training process. It is essential that the epochs determine
the model fitting, too few epochs could cause underfitting while too many epochs could
cause over fitting. The appropriate epochs for each neural network can be predetermined

through the model hyperparameter tuning process.

Batch size: This is the number of training data processed per model epoch, and an
essential hyperparameter of neural network models. The batch size determines how the
training dataset is divided before entry through the neural layers. This updates the weight
and bias of the model based on the prediction loss at every batch during the model training
phase. The batch size of the model is determined by the size of the dataset, neural network

structure, and the computing capacity of the training system.

Optimizers: This uses the gradient of the model loss function (e.g., mean squared
error) for the model parameters to update the parameters in such a way that it reduces the
prediction error. The parameters of machine learning models are controlled by the
optimizers. There are different types of optimizers, such as Adaptive moment estimation
(Adam), Stochastic Gradient Decent, etc. The choice of optimizer is also determined by the
type of problem and model architecture.
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Cross validation: This is a process by which the prediction accuracy of model on
small dataset is evaluated. The data is first divided into training and validation set, and the
training set is further partitioned into different parts. The model is trained on each dataset
and validated, and the overall performance is evaluated to determine its generalization

capabilities. Cross validation is a very good way of controlling model overfitting.

Hyperparameter tunning: Tunning is the process of adjusting the parameters of
ML/NN to achieve the best configuration per each model architecture. The parameters of
the models range from batch size, epochs, number of neurons and layers, activation
functions, weight constraints etc., The hyperparameter tuning is used to determine the best
sets of the parameters for the training of the model, such that the best prediction accuracy

and generalization capability is achieved.
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4 MATERIALS AND METHOD

4.1 Data Sources

Secondary data was collected from the UNESP Laboratory in Rio Claro Campus
under the supervision of Professor Rodrigo Moruzzi. All data sets for this study are already
available, as experiments have been performed and presented by Moruzzi & Reali (2014)
and Moruzzi et al. (2017). The experimental data of a batch assay (laboratory jar test
analysis) that was carried out using synthetic water was used for this study. The data
collected are jar test gradient of velocity (Gf), time gradient (Tf), floc length, perimeter,
aspect ratio, and area. The collected data were in two forms; raw image data (presented in
supplementary data), and processed information in tabular representation. The images were
used to verify the total number of images analyzed by the software. Description of the
experiment conducted to generate the jar test data is described in detailed in the
supplementary material after the conclusion section of this thesis. The extracted flocs
properties used for this study are floc length, gradient of velocity (Gf), and Time
gradient (Tf).

4.2 Data Treatment

The harvested processed experimental data from the images were compiled on an
MS excel spreadsheet. The compiled data sets were filtered to organize the dataset
according to Gf values. The data per each Gf has over 1,500,000 count of flocs, and
outliers in each dataset were confirmed by comparing the floc length with areas of the
same floc length corresponding to the time gradient (Tf). The range of floc lengths were
determined through the statistical summary (largest floc lengths; Gf 20sec® = 3.5, Gf
60sec = 5.439). The selection of the value ranges was determined by the maximum floc

lengths in the data. Afterward, floc lengths were grouped into “bin” (floc length interval)
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following the principle of particle size distribution. An interval of 0.646 mm was selected
to divide each dataset into five (5) groups (0.27-0.916, 0.916-1.562, 1.526-2.208, 2.208—
2.854, and 2.854-3.5 mm). The choice of 0.646mm was based on the floc length range
(0.27 — 3.5). Smaller floc length interval was selected to ensure the evolution of smaller
floc length ranges are adequately captured. Notably, maximum floc length of 3.5 mm was
chosen for Gf 60 sec® because larger flocs were found in only two time-steps, thus the
model would not be able to accurately predict the groups. The “count” of particle sizes
within each class was carried out to create a new dataset. This was repeated for each Gfs

(as shown in Table 1 below).

Table 1: Sample spreadsheet of the grouped dataset for Gf 60 sec™.

Time (min) GR1 GR2 GR3 GR4 GR5
2 58308 4144 827 297 86
5 46619 5771 537 62 8

10 38610 3299 150 5 0
15 40501 3548 165 9 0
20 45004 4356 251 17 0
25 43418 3163 130 9 0
30 43246 2873 99 1 0
35 43963 2658 69 2 0
40 48235 3394 150 17 5
45 50598 4022 158 8 1
50 49866 3442 138 9 0
180 51435 2642 92 4 0

NB: The new dataset is utilized for the methodology optimization (modeling) phase of the

analysis.

4.3 Methodology Optimization (Selection and Modeling of ML
Algorithm)

The following iterative steps (Statistical Experimental Design - SED) were used as

a guide in the model selection, development, data training, and deployment.

i.  Recognition of variables and levels.
ii. Selection of models - design of the run sheet via concurrent alteration of

independent variables
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iii.  Analysis of the result and establishment of the selected models (e.g., time series
analysis).

iv.  Evaluation of model accuracy and curvature in the analysis using performance
indicators (RMSE, R?, and MAE) to identify model fitting and over-fitting.

v. Extension to deep learning model (when necessary).

vi.  Model validation using test data sets (testing for model accuracy).

vii.  Model prediction.

4.4 Modeling of particle (floc) size evolution using machine

learning models.

The trends in flocs particle evolution have the ability to elucidate the flocs growth
and breakage, and the importance of the time gradient at a given velocity gradient in a
flocculation process. Since the flocculation process is time-dependent, a time series model
is considered the most appropriate for understudying the flocs behavior and predicting the
optimum time for the process, based on the particle evolution. In this study, three types of
time series models were developed and compared to understand the extent of complexity in
the computation of flocs evolution and select the most accurate model for the prediction.
The selected time series models were the traditional Auto-Regressive Integrated Moving
Average (ARIMA), Artificial Neural Network (ANN), and Long-Short Term Memory
(LSTM) models.

After the computation, each model’s accuracy was evaluated by standard indicators
in relation to the machine learning algorithms and statistical analysis. The selected
indicators for the model evaluation were Coefficient of Determination (R?), Mean Absolute
Error (MAE), Mean Squared Error (MSE), and Residual Mean Squared Error (RMSE).
The choice of R?, MAE, MSE, and RMSE s their universality in statistical computation
and applicability to this study (guantitative data), and to determine the global and local
mean differences in the model prediction. Furthermore, the model Loss validation (Loss
Curve) was assessed (plotted) to determine the convergence level of the deep learning
models (ANN and LSTM). The superiority of the models was further evaluated with a

regression plot (scatter plot) and R2.
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The mathematical expressions for R?, MAE, MSE, and RMSE are given below.

R? = Lo (7)
E‘[1';: LFH-F
1 I o
MAE = - ¥ |y, — 3, (8)
1 . T
MSE = — T, (y,— #,)° ©)
L 5w
RMSE = |5 ™ (y,— 7)° (10)

where: y, is the observed value of ith observation, ¥, is the estimated value of the ith

parameter, N is the number of observations, ¥ is the mean of the observed variable.

4.4.1 Time Series Analysis

4.4.1.1 Auto Regressive Integrated Moving Average Model (ARIMA Model)

ARIMA model has been used in the forecasting of water and wastewater-related
events (Elkiran et al., 2019; Safeer et al., 2022; Wen et al., 2022), particularly due to their
effectiveness in handling simple and multi-step time series problems. To model the flocs
evolution using the ARIMA model, the following iterative process was followed.

The datasets were first upscaled using the time series principle to increase the
number of timesteps to an interval of 5 secs per time step. The time stamp was set to
“Seconds” to increase the data time steps. The resample function creates a data point with
the null value “NAN”. The linear option of the interpolation function was used to create
values with a linear and equal interval between each time step with values (original data

points). The upscaled samples were exported for further analysis.

After data upscaling, the compatibility of the data with ARIMA model were
evaluated by checking the dataset stationarity and seasonality. Generally, ARIMA model is
designed for non-stationary and non-seasonal data, while the Seasonal Auto-Regressive
Integrated Moving Average (SARIMA) model is designed to handle seasonal data.
Although an alternative and advanced form of the two models (SARIMAX; SARIMA with

an exogenous variable) has the capability to model seasonal or non-seasonal and stationary
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datasets. An Augmented Dickey-Fuller (ADF) test was carried out to test the stationarity of
the data. The significance level was set at 0.05, with values above 0.05 (p > 0.05)

indicating the data is not stationary.

After the ADF test, each group of the dataset was optimized with Auto-ARIMA
algorithm derived from Hyndman-Khandakar (2008) to determine the best hyperparameter
for the model computation. Generally, ARIMA models are in three tiers: Auto regressive
(p), moving average (q), and the differences (d). The effectiveness of the hyperparameter
tuning (auto arima) were cross validated by plotting the autocorrelation graph for the

values of ‘p’ and partial autocorrelation ‘q.’

Afterwards, data training and testing splitting ratio of 70: 30 were done with the
cautiousness of the time step, to ensure continuity in time step. Afterward, the best
(recommended) hyperparameter (p, d, and q) were used to train the ARIMA model and
subsequently test the model accuracy. The model fitness and the summary were generated
before the prediction of the test dataset was made. Finally, the training and testing data
were predicted with the model and visualized. The model accuracy was evaluated using the
R?, MAE, MSE, and RMSE measures. Similar iterative procedure was repeated for each

group of the datasets (Gf).
4.4.1.2 Neural Network Model Development (ANN & LSTM)

Neural network model has been explored by researchers in the field of water and
wastewater treatment, including flocculation studies (Ammar et al., 2021; Arab et al.,
2022; Bagheri et al., 2019; Graca et al., 2022; Igwegbe et al., 2021; Khatri et al., 2020;
Nasr et al., 2012). However, none of the studies considered particle size (flocs) evolution,
particularly with a time series approach. Therefore, neural network models (ANN &
LSTM) were selected for this study to model the floc length evolution following the SDE
procedure highlighted above (section 3.3).

4.4.1.2.1 Model data preprocessing

Data preprocessing such as conversion into an array and creation of compatible
time steps (sequence) were first carried out before the hyperparameter tunning. Neural
network algorithms are designed with a default compatibility to a regression-based
problem (dependent (YY) and independent (X) variables). Therefore, time step sequences

were created by a function to generate the dependent and independent variables (sequence
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= 5) used for the computation of the model (ANN & LSTM). The upscaled dataset was
first partitioned into training and testing datasets (for each group) using the same ratio (70:
30) before they were normalized. The partitioning of dataset before normalizing were done
to avoid data leakage (Gharib & Davies, 2021), thereby making the test data unseen to the
model. Given that the datasets were in time series format (Tf and numbers of flocs), they
were converted into an array and normalized using the MinMaxScaler function. Notably,
both training and testing data were normalized separately to avoid data leakage, and further
reshaped to a 2-Dimensional array for compatibility with the ANN algorithm input format.
For the LSTM, the data were reshaped to convert the data into a vector time series format
(samples, timesteps, and features).

4.4.1.2.2 Hyperparameter tunning and cross-validation

The hyperparameters of neural network model are vital and major determinants of
the model accuracy and fitness. Overfitting or underfitting can easily be avoided with
adequate hyperparameter tunning (Gharib & Davies, 2021; Nielsen et al., 2020; Uddin et
al., 2022). This is to maximize the resources embedded in the algorithm. For this study,
hyperparameter tunning was performed in two phases for each bin of the dataset using the
Grid search Cross-Validation (Grid SearchCV) algorithm. First, the model activation
function, optimizer and neuron were tuned. Second, the model features (neurons, epoch,
batch size, dropout rate, weight constraint, and validation split) were tuned at the second
phase. Adam optimizer and RELU activation function were recommended for the model
for obvious reasons such as the universality of Adams over other optimizers (AdaGrad,
SGD, Adagrad, etc.).

The choice of ReLU activation function is due to its superiority to other activation
functions such as sigmoid and tanh. Sigmoid has several problems which include vanishing
and exploding gradient, slow convergence, and particularly because they are not zero-
centered. Tanh activation function is good but is mainly compatible with models suitable
for the range between -1 to 1 and suffers from vanishing gradient, unlike the ReLU
activation function. MSE and MAE were used as the model loss and accuracy indicator.
The summary of tuned hyperparameters for the models is presented in Table 2 below. The
best configuration for each model was used to train the model, evaluate the accuracy
before testing the model for prediction, and final evaluation of the prediction accuracy (R?,
MAE, and RMSE). The model training and validation loss curve were further plotted to

understudy the model convergence and potential under/overfitting.
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The framework of the developed model was designed for the adoption by
subsequent studies and its usage in full scale water/wastewater treatment facilities.

The ML framework is presented in Figure 6 below.

Phase 1 Phase 2 Phase 3
T ——————————————— e e ———— et e ()
e : ; : .
—_— 1 | Neural network models: Time series model: | * Performance analysis
V| -MLP - ARIMA : -R?
Input data vl -LST™M : - MAE
: T : - RMSE
H A
i | Parameter selection Parameter selection ’
i | -Grd Search - ADF-Test .
;’ “Data Bﬁﬁfz'at;éﬁ.'fir;ﬁéﬁ;\; B R - v-fold cross validation - HK-Algorithm :
and upscaling H B l -------------------------- [ Performance analysis J
Train : 1

> Model prediction J

é (70%) —n—-p[ Fitted regression models }—\
i | Test
E 30%) H ﬂ

Figure 6: Machine Learning framework for modeling flocs evolution of flocculation

process.



Table 2: Summary of deep learning models hyper-parameter tunning for best model predictor.

Dataset  Dataset Number of Number of Batch Epochs Dropout Validation  Weight Recurrent
neuron(s) hidden Layer(s) size rate Split constraint  constraint
ANN
20_Bin1 128:64:32:8:1 4 200 50 0.1 0.01 1 -
Hg 20_Bin2  128:64:32:8:1 4 200 50 0.3 0.01 3 -
é 20_Bin 3 128:64:32:8: 1 4 200 30 0.3 0.01 1 -
& 20_Bin 4 128:64:32:8: 1 4 100 50 0.3 0.01 1 -
20_Bin 5 32:16:8:1 3 100 10 0.01 0.01 1 -
60_Bin 1 128:64:32:8: 1 4 200 10 0.1 0.01 1 -
Hg 60_Bin 2 64:32:8:1 3 100 30 0.1 0.01 1 -
o 60_Bin 3 10:1 1 200 30 0.1 0.01 1 -
";i- 60_Bin 4 10:1 1 100 30 0.01 0.01 1 -
60_Bin 5 10:1 1 100 30 0.01 0.01 1 -
LSTM Model
20 Bin1 128:64:32:8:1 4 200 50 0.3 0.01 2 2
H'g 20 _Bin2 128:64:32:8:1 4 200 50 0.1 0.01 3 3
é 20 _Bin3 128:64:32:8:1 4 200 30 0.1 0.01 1 1
& 20_Bin4 128:64:32:8:1 4 100 50 0.1 0.01 1 1
20_Bin5 32:16:8:1 3 100 10 0.01 0.01 1 1
60_Bin 1 128:64:32:8: 1 4 200 20 0.1 0.01 1 1
H'g 60_Bin 2 64:32:8:1 3 100 30 0.1 0.01 1 1
> 60_Bin 3 64:32:8:1 3 200 50 0.01 0.01 1 1
"3 60_Bin 4 64:32:8:1 3 200 50 0.01 0.01 1 1
60_Bin 5 64:32:8:1 3 200 50 0.01 0.01 1 1

32
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5 ADDITIONAL INFORMATION ON EXPERIMENTAL SETUP
AND IMAGE PROCESSING

5.1.1 Experimental Setup

This section provide additional information on the experimental setup used for the
jar test batch assay and the image processing phase for the extraction of floc length data
used for this research, as performed and presented by Moruzzi & Reali (2014) and Moruzzi
etal. (2017).

The jar test analysis was carried out using Aluminum sulfate (Al2(SO4)3.14H20;
later denoted as AI**) as the coagulant. Kaolin stock suspension with high turbidity (5000
+ 200 NTU) was prepared by introducing Forty grams of Kaolin powder into a 1L
deionized water. The mixture was performed using magnetic stirrer for 2hrs at velocity of
1000 sec?, the settling time of 12hours was observed before 850 mL of the supernatant
was removed as the stock solution. 2ml of the stock solution was added to deionized water
to make a sampled synthetic water with turbidity of 25 + 2NTU. 2mg AI** coagulant
dosage was used at a constant rate for the experiment, rapid mix was carried out at 800 sec
! shear velocity for 10 seconds using a PoliControl jar test equipment. The pH at the end of
coagulation was 7.5, the particle size distribution of the Kaolin used for the experiment is
presented in Figure 7b below.

The flocculation speed (Gf) were 20 sec! and 60 sec? respectively. Each
flocculation shear velocity was maintained for 3 hours on jar test (batch assay) and images
were taken initially at 1-minute intervals (2 min, 3 min, ...,9min) and increased to Smins
intervals after the first 10mins of observation (i.e., 10min, 15min, 20min...180min). All
flocculation stages (Gf) used the same coagulant dosage and pH. Hybridized non-intrusive
dynamic image analysis was coupled to a 2-liter jar test setup (Moruzzi et al., 2017) as

shown in Figure 7a below.
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Figure 7: Research (a) experimental setup and (b) kaolin particle size distribution, after).

A camera shutter speed was set to 800 us, and images were captured at the
frequency of 10 Hz during 10 seconds per observation, resulting in 100 images per
observation. A laser sheet of 532 nm was used for illumination, with the aim of enhancing
the contrast for the flocs on the camera focus. The image resolution resulted in a pixel size

of 270 um. Further details can be seen in the above-mentioned references.

5.1.2 Floc Image Processing

Flocs images captured at the resolution of 840 by 640 pixels were further processed
by the Image Pro-Plus® software to transform from the original 8-bit grayscale
representation (Figure 8) to 1-bit binary form (i.e., black and white), and performed the
enhancement and segmentation for subsequent measurement of traits such as floc area,

perimeter, and length. Errors such as underestimation and overestimation in the
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measurement of floc area were addressed by using areas produced by the floc outlines and
the area of the elementary pixel of an image, as fully described in Moruzzi et al. (2018).
Furthermore, the extracted flocs data were subjected to statistical analysis at 95% level of

significance to ensure the integrity of the data. Detailed information on experimental and

image process analysis were documented in Moruzzi & Reali, (2010); Moruzzi et al.,
(2017, 2018, 2020, 2020).

Figure 8: Floc image at given flocculation time during jar test experiment (10 minutes) (a)
Gf = 20 sec?, (b) Gf = 60 sec?
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6 RESULTS AND DISCUSSION
6.1 Floc Lengths Evolution

Adequate knowledge of floc particle size evolution is essential in the determination
of flocculation effectiveness in water and wastewater treatment. This section presents the
results for the ARIMA, ANN, and LSTM models trained and tested with the Gf = 20 sec™
and 60 sec™ datasets, and the generalization effectiveness of the models in predicting the
particle size evolution during the flocculation process. The trend in floc length evolution
across different groups and Gf is explored to understand the impact of Gf variation on flocs

evolution.
6.1.1 First floc length group (0.27- 0.916 mm)

The accuracy of the ARIMA, ANN, and LSTM models and their effectiveness in
predicting the floc length evolution for the first group (floc length = 0.27- 0.916 mm) is
presented in this section. The AD Fuller test result for the dataset stationarity has ADF test
statistics of -6.1697 and p-value of 6.85E-08. P-value less than 0.05 implies that the dataset
is stationary, which proves that the dataset satisfies the stationarity criteria for an Arima
model. The output of the auto Arima algorithm optimization is presented in Figure 9
below. The ARIMA hyperparameters (number of autoregression; p, number of differences;
d, and number of moving averages; ) recommended were p =1,d =1, and q = 1 for

autoregression.

The auto Arima model recommended the SARIMAX model because the model
(SARIMAX) has the capability to handle data with exogenous variables. The Arima model
was used to compute the final model since the dataset compatibility has been established.
Table 3 presents the summary of the prediction evaluators (R?, MAE, and RMSE) for the
ARIMA, ANN, and LSTM maodels in predicting the particle floc length evolution during a
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flocculation process. The ARIMA model recorded a very poor test prediction accuracy (R?
= -0.36) but an excellent training accuracy R? = 0.97. This led to a very high-test data
prediction error (MAE = 2222.61 and RMSE = 2622.56). The poor prediction accuracy is
obvious by the model’s inability to follow the trend variations in the particle size
evolution, as shown in Figure 10a. This shows that ARIMA model is unable to learn from
the provided dataset and understand the underlying relation between the floc length
evolution and gradient velocity, and time gradient, during a flocculation process of water
treatment. The failure to predict the testing dataset shows that ARIMA algorithm cannot
handle the underlying complex phenomenon in the flocculation process, thus the high
accuracy recorded at the training phase could be attributed to the fact that it was trained

with the data, so the model is already exposed to the dataset.

SARIMAX Results

Dep. Variable: y No. Observations: 2161
Model: SARIMAX(1, 1, 1) Log Likelihood -8065.096
Date: Sat, 03 Sep 2022 AIC 16138.192
Time: 03:36:47 BIC 16160.904
Sample: 01-01-2022 HQlIC 16146.499

- 01-01-2022 Covariance Type: opg

coef std err z P>|z| [0.025 0.975]
intercept -0.5678 0.259 -2.195 0.028 -1.075 -0.061
ar.L1 0.9931 0.003 317.632 0.000 0.987 0.999
ma.L1 0.0007 0.298 0.003 0.998 -0.583 0.585
sigma2 98.9118 0.441 224.125 0.000 98.047 99.777
Ljung-Box (L1) (Q): 0.00 Jarque-Bera (JB): 39266011.15
Prob(Q): 0.97 Prob(JB): 0.00
Heteroskedasticity (H): 0.50 Skew: 19.16
Prob(H) (two-sided): 0.00 Kurtosis: 662.41

Figure 9: Auto Arima model output for ARIMA model hyperparameter tuning and
identification of p, d, g.

Also, the assumption of an overfitting could not be assumed in this scenario
because the predicted numbers of flocs totally differ from the observed numbers of
particles, coupled with the fact that the prediction could not follow any of the changes in
the evolution trend. Therefore, it could be assumed that ARIMA model is not a suitable
model for computing/modeling flocs evolution phenomenon of the flocculation process of

water and wastewater treatment.
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Table 3: Summary of models (ARIMA, ANN, & LSTM) evaluation for floc length evolution during the flocculation process.

Gf 20 sec? Gf 60 sec’?
Model Dataset R2 MAE MAE  RsMSE  RMSE R2 R2 MAE MAE  RMSE  RMSE
Train Test Train Test Train Test Train Test Train Test Train Test
Binl  0.97 35.94 222261 1339 262256 | 0.88 39.69 3495.8 1499.56 3830.77
Bin 2 1 0.33 322.1 396  460.71 | 0.96 325 350.88 106.61 411.12
ARIMA  Bin3 1 0.03 78.57 0.22 94.7 0.97 0.58 93.8 21.27 10154
Bin 4 1 0 2.68 0.04 3.33 0.96 0.20 9.98 7.64 11.73
Bin 5 1 0 0.28 0.01 0.3 0.95 0.06 0.09 2.21 0.25
Bin 1 -W 281.43 365.81 783.76 612.85 119.76 105.19 192.7 125.92
Bin 2 -i 92.8 70.8  108.17 90.85 86.59  46.24 10096 59.41
ANN
Bin 3 _ 9.89 3.58 13.52 5.16 3.32 1.93 5.09 2.65
model I
Bin 4 - 2.07 0.4 3.71 0.5 0.41 0.36 0.85 0.45
Bin 5 0.06 0 0.13 0.01 0.08 0.01 0.33 0.02
Bin 1 60.1 185.7 104.28 308.89 113.38 118.68 180.25 143.39
Bin 2 _ 19.99 2934 3035  36.54 32.07 4356 4353  56.94
LSTM
Bin 3 2.46 3.25 2.51 4.28 2.59 4.4 3.61 4.97
model
Bin 4 0.37 0.32 0.61 0.42 0.39 0.24 0.72 0.25
Bin 5 _ 0.08 0.01 0.14 0.01 0.06 0.01 0.19 0.03
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Meanwhile, both ANN and LSTM models recorded a better performance in flocs evolution
modeling compared to the ARIMA model.

The ANN has training and testing prediction accuracy (R?) of 0.99 and 0.93. The
prediction errors were MAE of 281.43 and 365.81 for training and testing, and RMSE of
783.76 and 612.85 for train and test errors, respectively. The high accuracy of the ANN
model compared to the ARIMA model is expected considering that neural network is more
robust and can understand complex relationship within data variables. Also, the prediction
accuracy proves that machine learning algorithms stand a high chance in learning and
predicting flocs evolution process. The high-test prediction accuracy (93%) is also an
indication that the model did not demonstrate any overfitting. This is justified by the nearly
perfect overlay of the predicted numbers of flocs across the flocculation process as shown
in Figure 10b. Although a minor overestimation is observed at 90 mins and
underprediction at 175 mins, other precise estimations justify that the model has lots of
prospect in flocculation process modeling, particularly, flocs evolution.

Similarly, the LSTM model recorded training accuracy and errors (R? = 1.0, MAE
= 60.1, and RMSE =104.28) and testing accuracy and errors (R? = 0.98, MAE = 185.7, and
RMSE = 308.89), respectively. The high prediction accuracy (almost 100%) established
that the LSTM maodel is a robust time series compatible neural network model and has an
edge over the ANN model. This is obvious through the perfect prediction of the number of
flocs at all Tf (as shown in Figure 10c above). Also, the prediction error of the LSTM

model is almost doubled in the ANN model prediction error (as shown in Table 3).

The observed pattern and stability of the LSTM and ANN model is expected
because the two deep learning models are more robust compared to the ARIMA model.
The performance (R?, MAE, and RMSE) of the ANN and LSTM model demonstrated in
this study a high level of generalization (model hyperparameters could fit almost different
variant of Gf dataset for the same particle size range). The ANN accuracy corroborates the
findings of Oliveira et al. (2018) on the modeling of fractal dimensions using ANN. The
study achieved 99 percent prediction accuracy, which is almost what is achieved in this
study, with R? = 0.93 — 0.99. Notably, the limited research works that applied ARIMA
model in water treatment studies could probably be traced to their inability to adequately

handle complex scenarios with non-linear relationships such as the flocculation process.
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Figure 10. Comparison of different model prediction and observed number of flocs within
the first floc length group under Gf 20 sec? (a) ARIMA model, (b) ANN model, (c) LSTM

model.

The ANN has training and testing prediction accuracy (R?) of 0.99 and 0.93. The
prediction errors were MAE of 281.43 and 365.81 for training and testing, and RMSE of
783.76 and 612.85 for train and test errors, respectively. The high accuracy of the ANN
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model compared to the ARIMA model is expected considering that neural network is more
robust and can understand complex relationship within data variables. Also, the prediction
accuracy proves that machine learning algorithms stand a high chance in learning and
predicting flocs evolution process. The high-test prediction accuracy (93%) is also an
indication that the model did not demonstrate any overfitting. This is justified by the nearly
perfect overlay of the predicted numbers of flocs across the flocculation process as shown
in Figure 10b. Although a minor overestimation is observed at 90 mins and
underprediction at 175 mins, other precise estimations justify that the model has lots of

prospect in flocculation process modeling, particularly, flocs evolution.

Similarly, the LSTM model recorded training accuracy and errors (R? = 1.0, MAE
= 60.1, and RMSE =104.28) and testing accuracy and errors (R? = 0.98, MAE = 185.7, and
RMSE = 308.89), respectively. The high prediction accuracy (almost 100%) established
that the LSTM maodel is a robust time series compatible neural network model and has an
edge over the ANN model. This is obvious through the perfect prediction of the number of
flocs at all Tf (as shown in Figure 10c above). Also, the prediction error of the LSTM

model is almost doubled in the ANN model prediction error (as shown in Table 3).

The observed pattern and stability of the LSTM and ANN model is expected
because the two deep learning models are more robust compared to the ARIMA model.
The performance (R?, MAE, and RMSE) of the ANN and LSTM model demonstrated in
this study a high level of generalization (model hyperparameters could fit almost different
variant of Gf dataset for the same particle size range). The ANN accuracy corroborates the
findings of Oliveira et al. (2018) on the modeling of fractal dimensions using ANN. The
study achieved 99 percent prediction accuracy, which is almost what is achieved in this
study, with R? = 0.93 — 0.99. Notably, the limited research works that applied ARIMA
model in water treatment studies could probably be traced to their inability to adequately

handle complex scenarios with non-linear relationships such as the flocculation process.

The smallest floc length which constitutes the major part of the first group of floc
lengths (floc length range of 0.27 — 0.916mm) can be regarded as the primary particle
present in the raw water, since the camera lens could only detect particles above the lens
size (Moruzzi et al., 2017, 2018). Therefore, the decrease in their evolution (total count) at
few minutes after the start of the flocculation process is expected since bigger floc lengths

are expected to be formed. The long stretch of gentle alternation in the upward and
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downward trend of the floc’s growth could be considered as the particle restructuring
phase. The particle restructuring phase consists of interaction between particle-particle and
particle-cluster, which could easily be favored by the low velocity gradient Gf of the

flocculation phase.

This is in tandem with the assertion of Moruzzi et al. (2017) that lower gradient
velocity (shear rate) favors the particle cluster formation from an hyperdispersed primary
particles of kaolin coagulated with aluminum (AI**). The long trend is considered possible
as suspended primary particles in the water could loosely attach to aggregated flocs
(clustered flocs), which could further lead to particle-cluster restructuring during the
experiment. This illustration was adequately discussed by past studies on fractal aggregates
(Moruzzi, Bridgeman, et al., 2020; Moruzzi, Campos, et al., 2020; Moruzzi et al., 2017,
Wang et al., 2011; Yu et al., 2022; H. Zhang et al., 2019). Therefore, it could be asserted
that the floc aggregation is reflected through the floc length evolution modeling with ML
algorithms (ANN and LSTM).

The floc length evolution trend (though unsteady) which later rises towards the end
of the experiment (Tf at 150mins to 170mins) is also an indicator of particle breakage and
re-aggregation. Therefore, this study holds lots of prospects in modeling floc length
evolution and forecasting the flocculation process. It is worthy to note that a unique
advantage of this time series approach is the ability to upscale or downscale the datasets, to
achieve desired timesteps that could enable full scale treatment facilities to make

predictions with limited data.

The result of the ARIMA, ANN, and LSTM models for the floc evolution trend of
primary particles (floc length = 0.27 — 0.916 mm) under Gf 60 sec™ is presented in Figure
11a, b & c below. The DF test result shows that the first group dataset is stationary with p-
value = 0.0097 (p < 0.05) and DF statistics = -3.438. The DF test for other groups and Gf is
presented in the supplementary document. Also, the auto Arima algorithm recommended a
SARIMAX model with p, d, & d of 1, 1, 0, respectively (as presented in the supplementary
material). The output of the model also follows the poor prediction accuracy presented
above, with training accuracy and error (R? = 0.88, MAE = 39.69, and RMSE = 1499.56)
and testing prediction accuracy and error (R? = -12.54, MAE = 3495.80, and RMSE =
3830.77), respectively. Such poor and negative testing accuracy was never expected at

first, considering the partitioning ratio (70:30) used in the model development. However,
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the complex interactions that produce flocs evolution could be understood as the reason for

the poor prediction performance (as shown in Figure 11a below).
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Figure 11: Comparison of different model prediction and observed number of flocs within the first

floc length group under Gf 60 sec™ (a) ARIMA model, (b) ANN model, (c) LSTM model.

High accuracy and generalization potential of the ANN model in predicting particle

size evolution is shown by the training and testing R? values of 1.0 and 0.99, respectively.
The prediction errors for training (MAE = 119.76 and RMSE = 192.7) and testing (MAE =
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105.19, and RMSE = 125.92) also show a close range between the training and testing
predictions, further proving the model robustness and ability to achieve high prediction
accuracy without overfitting. In addition, the accuracy is confirmed by the perfect overlay
of the predicted training and testing lines on the observed numbers of flocs in the first

group of Gf 60 sec™® (as shown in Figure 11b below).

The LSTM model recorded training and testing prediction accuracy of R? = 1.00
and 0.98, respectively. The MAE and RMSE of the model were 0.113.38 and 180.25 for
training, and 118.68 and 143.39, for the test prediction (as shown in Table 3 above). The
LSTM algorithm demonstrated a robust and extremely high accuracy and generalization
potential. This is visible in the prediction chart of the floc’s evolution presented in Figure
11c, below. Furthermore, the precise overlay of the predicted numbers of floc lengths at
the training and testing phases, which overlays perfectly than the ANN predicted numbers
of flocs. Although, prediction accuracy of the ANN and LSTM models are the same
(100%), a slight gap in the predicted values by the ANN model is visible between 10 — 35

mins, whereas the LSTM predicted values perfectly fit the whole trend.

The sharp drop in the number of primary particles between 2 mins and 10 mins
shows a typical trend of floc aggregation, which is expected (Marques & Filho, 2022).
Meanwhile, the sharp upward trend between 10 mins and 20 mins shows that about 25,000
primary particles have evolved through the breakage process, which further increased to
achieve a peak breakage point at 95 mins before the unstable aggregation and breakage
trend (125 — 180 mins). The high breakage rate experienced shows the impact of high
velocity gradient (Gf 60sec’?) on the floc length evolution, compared to the long steady
particle restructuring phase identified in the Gf 20 sec (as shown in Figure 10). This is in
accordance with the assertion of Bratby (2016); Filho et al. (2000) and Moruzzi et al.
(2018) on the influence of high velocity gradient on floc length aggregation and breakage.

6.1.2 Second floc length group (0.916 — 1.562 mm)

The evolution of floc lengths within the second group (0.916 — 1.562 mm) of the Gf
20 sec’ in comparison with the prediction of the ARIMA, ANN, and LSTM models are
presented in Figures 12a, b, and ¢ below. The DF stationarity test shows that the second
group dataset are stationary. The reason for testing each group of the dataset is to confirm

if there are particle size range that has non-stationary data and ensures that model response
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is not misinterpreted. P-value = 8.516 E-07 and DF statistics = -5.68, respectively. The
auto Arima algorithm also suggested 1,1,0 for the ARIMA hyperparameter (p, d, & q).
Meanwhile, the ARIMA model output demonstrates poor performance like the previous
output. The model train prediction accuracy and errors (R? = 1.0, MAE = 0.33, and RMSE
= 3.96) were recorded and testing accuracy and error (R? = -0.98, MAE = 322.1, and
RMSE = 460.71) were recorded. This can also be considered as proof of the inability of

ARIMA algorithm to learn from the floc evolution process (as shown in Figure 12a).

The ANN algorithm displayed a very good level of accuracy, although with a good
training prediction accuracy. The model achieved an average accuracy of 90% for the
training and testing floc length predictions (R? = 0.86 for training and R? = 0.92 for testing
prediction). There were underpredictions at some parts of the training dataset (5 — 85 mins)

but the accuracy improved at the testing phase (as shown in Figure 12b below).

This is evident in the R? values, considering that the testing phase recorded higher
prediction accuracy than the training phase of the model, which is also reflected in the floc
evolution chart (Figure 12b). This further proved that the model is capable of adequately
learning from the floc evolution process and improve its prediction accuracy as the

experiment progresses, though an underprediction is observed at 175 mins.

Figure 12c (shown above) presented the LSTM model prediction of number of
flocs within the second group of the Gf 20 sec. Both training and testing prediction
accuracy of the model were 0.99, with training and testing MAE and RMSE of 19.99 and
30.35, and 29.34 and 36.54, respectively. The model demonstrates the superiority of the
algorithm and the relevance of hyperparameters such as the recurrent rate that helps the
algorithm to keep the memory of past trend in the learning process, which is lacking in the
ANN model. The prediction accuracy is similarly evident in the accurate overlay of the

predicted number of flocs over the observed number of flocs.

The number of flocs rapidly increased between 2 mins to the peak (2,500) at 5 mins
before a sharp depression to below 1,500 at 10 minutes. This sudden rise in the number of
flocs within the second group could be traced to the transitional phase of flocs aggregate
formation as established by Moruzzi et al. (2018). The authors also stated that the dramatic
phase of aggregate transition phase occurs at the early stage of the flocculation process
(often < 5 mins), which is similar to the trend observed in Figures 12a, b, and c above. The
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gentle fluctuation in the number of flocs between 10 mins and 120 mins could be traced to

either an increase in the number of larger flocs aggregate or fragmentation of larger flocs.
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Figure 12: Comparison of different model prediction and observed number of flocs within
the second floc length group under Gf 20 sec (a) ARIMA model, (b) ANN model, (c)

LSTM model.
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This is considered in line with the pattern observed in the evolution of primary
particles (as shown in Figure 10 above). The second peak in number of flocs at 125 mins
shows that the restructuring phase has produced more clustered flocs within the second
group, but these clustered flocs could be considered as loosely packed because the number
of flocs immediately decreased at 130 mins to 150 mins, with the lowest count at 170 mins.
This assertion is in correlation with the study conducted by Li et al. (2007) and Moruzzi et
al. (2019) that identified flocs formed under low gradient velocity to have lesser resistance
to floc breakage and weak floc strength index (SF). Although floc strength index was not
determined in this study, findings have proven that resistance and strength of flocs under
high gradient velocity are higher since loosely bonded flocs are easily fragmented due to
the high induced shear rate. This was also evident in the study of Moruzzi et al. (2019) that
found Kaolin flocs formed from AI** coagulant under Gf 20 sec to have 33.33% SF,
compared to the 58.00% and 85.23% recorded under Gf 60 sec! and 120 sec?,
respectively. Therefore, it can be concluded that weakly bonded flocs could be formed and

maintained under a low shear rate (Gf).

The Gf 60 sec’* model prediction and its comparison with the observed numbers of
flocs is presented in Figure 13a, b, and ¢ below. The dataset is stationary with p-value =
0.00011 and DF test statistics = -4.645 (as presented in supplementary material). Similarly,
the ARIMA model recorded high prediction accuracy and error (R? = 0.96 and -1.96, MAE
= 3.25 and 350.88, and RMSE = 106.61 and 411.12) for training and testing phases,
respectively. This also corroborates previous results of the ARIMA model on both the first
group and second group of Gf 20sec’. The poor prediction accuracy is also reflected in

Figure 14a that compares the predicted numbers of flocs against the observed numbers.

The ANN algorithm prediction accuracy of floc from Gf 60 sec? is presented in
Figure 13b below. The ANN model accuracy (R?> and RMSE) was 0.96 and 100.96 for
training phase, and 0.94 and 59.41 for testing phase, respectively. Although minor
underprediction is observed during the training phase of the model (as shown in Figure
13b), the accuracy later improved with a very precise test prediction that captures all
changes in floc evolution pattern. The improved testing accuracy is obvious through the
reduced residual mean squared error (RMSE test is half of RMSE training). This is an
indication of the high generalization potential of the model and the capability of the ANN

algorithm to learn the floc evolution process and make accurate prediction.
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Figure 13: Comparison of different model prediction and observed number of flocs within

the second floc length group under Gf 60 sec™ (a) ARIMA model, (b) ANN model, (c)

LSTM model.

The LSTM algorithm demonstrated similar accuracy with almost perfect training

prediction accuracy (R? = 0.99) and very impressive testing prediction of the number of

second group flocs (R? = 0.94). The superiority of the algorithm against the ANN model is

demonstrated through the perfect fit of the predicted numbers of flocs as shown in Figure
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13c above. This is also evident in the MAE and RMSE values of the model (32.07 and
43.53 for training, and 43.56 and 56.94 for testing stage). Although a minor
underprediction is observed at the testing phase and is expected considering the gap in R?
for train and testing phases. The model is considered not to overfit as the margin is very
small. Besides, the model perfectly predicts all the sharp changes in the trend of flocs
evolution. Therefore, the LSTM model demonstrates a good generalization capability, and
can adequately predict particles/flocs within 0.916 — 1.562 mm without any limit to

parameter features such as Gf.

The rapid peak achieved at 5 mins of the evolution in addition with the number of
particles at Tf = 2 mins also justify the position of Moruzzi et al. (2018) that found flocs
aggregate at higher Gf to achieve their peak of the transition phase faster than the lower
shear rates (Gf). Generally, a down-trend is observed across the entire flocculation time
(Tf), though with a consistent up and down drift. This is considered as the steady phase of
the aggregate formation process and possibly the influence of high Gf on floc evolution,
against what is observed in Gf 20 sec™, particularly since weakly parked flocs may not be
able to form for longer time due to fragmentation and erosion of flocs (small water eddies
caused by shear stress). Also, the formation of larger floc aggregate could cause a steady

downtrend in floc length evolution.
6.1.3 Third floc length group (1.562 — 2.208 mm)

The evolution of floc lengths within the third group (1.562 — 2.208 mm) of Gf
20sec? predicted by the ARIMA, ANN, and LSTM models are presented in Figures 14a, b,
and c, respectively. The third group of the Gf 20 sec? is non-stationary with p value = 0.07
and DF test statistic = -2.691. The ARIMA model also recorded low testing accuracy with
similar patterns (high training accuracy and negative test accuracy) as first and second
groups. The ARIMA model’s poor prediction is also obvious through its inability to

recognize changes in floc evolution pattern as seen in Figure 14a.

The ANN model recorded prediction accuracy (R?) of 0.98 for both testing and
training dataset, with training and testing MAE and RMSE of 9.89 and 13.52, and 3.58 and
5.16, respectively. Similar pattern of accurate prediction at the beginning of the training set
with some level of under prediction after 15mins is observed. The accuracy improves at the
later instance of the training process and achieved a nearly perfect prediction towards the
end of the training phase. This further improved during the testing dataset prediction with a
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perfect overlay of the predicted and actual trend of flocs evolution (as shown in Figure
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Figure 14: Comparison of different model prediction and observed number of flocs within

the third floc length group under Gf 20 sec™* (a) ARIMA model, (b) ANN model, (c)

LSTM model.
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The LSTM algorithm perfectly learned from the third group flocs evolution process
of the Gf 20 sec dataset. The accuracy (R?) of the model were 1.00 and 0.95, which
indicates that the model accurately predicted the number of flocs in the group and its
reliability. Also, the prediction error (MAE and RMSE) for the training phase were 0.37
and 0.61, and testing phase were 0.32 and 0.42, respectively. The perfect fit of the
predicted number of flocs at both training and testing phase (as shown in Figure 14c
above) reaffirm the effectiveness of the LSTM algorithm in modeling flocculation process,

particularly floc evolution.

The peak of the floc length evolution is recorded at 15 mins after a sharp increase
between 2 mins and 10 mins. A gentle decline in the number of larger flocs is observed
before the first lowest count of flocs at 90 mins. This consistent downtrend could be
attributed to both decrease in floc lengths due to the steady phase phenomenon or
continuous breakage of aggregate particles. However, a continuous breakage in particles
could have favored an increase in particular group size, which is not very evident except in
the second group that has upward and downward pattern (increase and decrease in flocs)
within specific numbers of flocs (average number of 1,500 flocs between 10 — 45 mins).
Furthermore, the gentle fluctuation between 90 mins and 120 mins could be considered as
flocs restructuring phase. This is considered possible due to weak bonding that may exist
between fragmented flocs and the readily formed compact clusters of flocs. Also, the short
time interval of the gentle fluctuation, followed by an increase in the flocs counts
suggested that particle-cluster restructuring would be the dominant activities within the

period.

The evolution of flocs within the third group of Gf 60 sec dataset is shown in
Figure 15a, b, and c¢ below. The third group is also stationary with p-value and DF test
statistics of 5.59 E-07 and -5.76, respectively. The Hyperparameter combination (p, d, and
g) of 1,1,1 was used based on the auto Arima result. The ARIMA model performed poorly
(as shown in Figure 15a) like the previous prediction, R2 = 0.97, MAE = 0.58, RMSE =
21.27 for training, and R2 = -6.57, MAE = 93.80, and RMSE = 101.54, were recorded for
the testing phase. The ANN model achieved a perfect prediction accuracy for the training
phase (R? = 1.0) and a nearly perfect testing accuracy (R? = 0.95), with a predicted training
and testing error (MAE and RMSE) of 3.32 and 5.09, and 1.93 and 2.65, respectively. This

high accuracy is also represented in the perfect overlay of the predicted number of flocs in
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the third group on the observed trend of the third group floc length evolution (as shown in
Figure 15b below). This further proves the effectiveness of the ANN model in accurate
prediction of floc length evolution at different gradient velocity and particle sizes, which
emphasizes its robustness and generalization potential for proper adoption in the

flocculation studies and real-time forecasting at municipal water treatment facility.
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Figure 15: Comparison of different model prediction and observed number of flocs within
the third floc length group under Gf 60 sec™* (a) ARIMA model, (b) ANN model, (c)
LSTM model.
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The LSTM model achieved a perfect prediction at the training phase (R? = 1.0) and
a strong testing prediction accuracy (R? = 0.83). The floc evolution prediction error (MAE
and RMSE) was 2.59 and 3.61 for training stage, testing stage error (MAE and RMSE)
were 4.40 and 4.97, respectively. The testing accuracy is lower compared to the ANN
model, though model training prediction recorded the same accuracy. Nonetheless, the
margin of prediction error is very close (MAE = 2.47 and RMSE = 2.32). This is obvious
through Figure 15c that show the predicted number of flocs at testing phase to nearly
overlay the observed numbers of flocs, with all drastic changes in floc evolution
adequately captured by the model. Therefore, the LSTM algorithm is capable of accurately
predicting the number of flocs within the groups across the Gf.

Unlike the trend observed in Gf 20 sec™, the number of particles rapidly decreased
from the peak (above 800 flocs) at 2 mins to less than 200 at 10 mins. Though a small
increase in the count was recorded by 20 mins, an unsteady up and downtrend was
observed all through the entire experiment. Notably, the number of flocs within the third
group decreases to a little above and below 100 from 130 mins to 180 mins. These could
be assumed as the impact of high shear stress on the formation of larger floc particles,
since high Gf often favors the formation of smaller flocs with higher resistance to
fragmentation and erosion mechanisms induced through the high Gf. This aligns with the
description of Moruzzi et al. (2019) that described smaller floc lengths to have higher shear
stress (Gf) resistant, and the strength factor of Al-Kaolin flocs and the floc lengths

maintains similar behavior.

6.1.4 Fourth Floc length group (2.208 — 2.854 mm)

Floc length evolution within the fourth group (2.208 — 2.854 mm) under Gf 20 sec™
and the prediction output for ARIMA, ANN, and LSTM models are presented in Figure
16a, b, and c below. Just like other groups of the dataset, the ARIMA model recorded the
least performance among the three models. Although the fourth group dataset is not
stationary (p-value = 0.062 and DF test statistics = -2.772), the auto Arima algorithm
recommended SARIMAX model (p =1, d =1, and g = 0), yet the prediction accuracy is
poor (as shown in Figure 16a below).

The ANN model achieved a prediction accuracy (R?) of 0.96 and 0.92 for training
and testing phases. Prediction errors (MAE = 2.07 and RMSE = 3.71) were recorded
during the training stage, and testing errors of 0.40 and 0.50 for MAE and RMSE,
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respectively (as shown in Table 3 above). The model underpredicted the early part of the
training phase (10 — 45 minutes) but accurately predicted the later part (as shown in Figure
16b above). This is similar to the underpredictions observed for the second and third group
sizes of the Gf 20 sec (as shown in Figures 12 and 14 above), though the underpredicted
time interval (Tf) for group two is more. Similarly, the prediction accuracy improved with
time, as observed in previous patterns. Therefore, it could be assumed that the ANN has
the tendency of underpredicting the early phase of the larger floc lengths (groups) for Gf
dataset. Although, this will require further study to critically investigate the effect of
varying Gf on ANN prediction accuracy. Nonetheless, the improvement demonstrated
during the test prediction shows that the algorithm is robust enough to make accurate

prediction of any floc lengths from any shear stress.

Figure 16¢ shows the prediction accuracy of the LSTM model at both training and
testing phases. Prediction accuracy of R? = 1.0 for training and R? = 0.95 for testing phase
were recorded. The prediction error for the training phase were MAE = 0.37 and RMSE =
0.61, and testing phase; MAE = 0.32 and RMSE = 0.42, respectively. A very marginal
error (less than 1.0) was recorded throughout the prediction phase, which proves the
precision level of the algorithm and its capability to learn from the complex process and
make accurate prediction. The LSTM also recorded higher accuracy than the ANN model
with both R? and error margin (MAE and RMSE).

The steady number of flocs between 10 mins and 15 mins after the rapid increase
due to floc aggregation can be considered as stability in the floc formation process. There
is a gentle decline in the floc evolution trend with an unstable pattern between 30 — 55
mins. The region with wavy pattern is observed to have similar pattern with group two,
which could imply that particle-cluster relationship at this phase is weak considering the
differences between the particle sizes. The number of fourth group flocs reduced until a
minor increase is recorded at 125 mins, before an almost flat period. It is essential to note
that the number of flocs at this phase in the experiment is very small, compared to other

group sizes, particularly the second group.

The prediction accuracy of the fourth group particle size evolution of Gf 60 sec™* by
the ARIMA, ANN, and LSTM models are presented in Figure 17a, b, and c. The
performance of the ARIMA model remains almost the same as previous datasets.
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Figure 16: Comparison of different model prediction and observed number of flocs within
the fourth floc length group under Gf 20 sec® (a) ARIMA model, (b) ANN model, (c)
LSTM model.

Prediction accuracy for the training and testing phases were R? = 0.95 and -11.08,
with prediction errors (MAE = 0.20 and RMSE = 7.64) for training and testing errors were
(MAE = 9.98 and RMSE = 11.73). Thought a small prediction error were achieved at both

phases (training and testing) the model still had a very poor prediction accuracy by
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estimating negative values for number of flocs at some time steps (Tf), which is considered

impossible for a typical flocculation process and differs from other models’ prediction.

The ANN model recorded prediction accuracy (R?) of 1.0 and 0.84 for training and
testing datasets. Prediction errors (MAE = 0.49 and RMSE = 1.11) were recorded at the
training phase, testing prediction errors (MAE = 0.43 and RMSE = 0.43) were recorded,

respectively.

The extremely high prediction accuracy of the floc evolution is a true
demonstration of the algorithm’s capability to adequately understudy the complex
flocculation process (also evident in Figure 17b above). It could also be asserted that the
ANN algorithm has the ability to improve in learning as the floc lengths increases i.e.,

accuracy of groupl=group 5 > group 3 > group 4 > group 2

The LSTM model prediction of the number of flocs in the fourth group for the Gf
60 sec’! dataset recorded a training and testing accuracy (R?) of 1.0 and 0.95, respectively.
Also, training prediction error (MAE = 0.39 and RMSE = 0.72) were recorded, and testing
error (MAE = 0.24 and RMSE = 0.25), respectively. The algorithm also perfectly predicted
the number of flocs within the fourth group and recorded the best prediction accuracy, with
almost zero error (as shown in Table 3). This is anticipated considering the prediction
accuracy maintained by the algorithm in predicting other group sizes and Gf. The model
also predicted the numbers of floc in the fourth group better than the ANN model. Though
both models showed very good accuracy with perfect overlay of the observed numbers of

flocs against the predicted training and testing (Figures 17 b & c).

The sharp drop in the number of large flocs of 2.208 — 2.854 mm size is expected
because of the high gradient velocity. The impact of Gf variation on flocs evolution is
evident through the distinct opposite trend and number of flocs recorded across the groups.
Also, the observed trend (almost zero numbers of large flocs after 40 mins) proves that
most floc within this size range has an extremely poor resistance to shear stress (probably
because the floc length in the fourth group is very big). It could be inferred that the
aggregation of primary particles in Gf 60 sec’ has a small particle size distribution (group
2 — 4) compared to the evolution of particles under Gf 20 sec™®, this was linked to the short
interval of the transition phase as described by He et al. (2012), Moruzzi et al. (2020) and
Moruzzi et al. (2018).
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Figure 17: Comparison of different model prediction and observed number of flocs within
the fourth floc length group under Gf 60 sec® (a) ARIMA model, (b) ANN model, (c)
LSTM model.

Therefore, Gf determines the particle aggregation process and their evolution with
time; increase in Gf causes decrease in floc lengths (Li & Logan, 1997; Thomas et al.,
1999). This also aligns with the description of particle aggregation for both transition and

steady phases, considering that fractal aggregates diminish in sizes with time (He et al.,
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2012). This is in tandem with the findings of other studies on the fractal aggregation of
Kaolin suspension using AI®* coagulant, with varying Gf (Argaman & Kaufman, 1970;
Bratby, 2016; Haarhoff & Joubert, 1997; Spicer & Pratsinis, 1996; Yang et al., 2013).

6.1.5 Fifth Floc length group (2.854 — 3.500 mm)

The evolution of floc lengths of 2.854 — 3.500 mm under the Gf 20 sec™ typically
follows the pattern demonstrated in the fourth group, with shorter interval of both
transition and steady phases of flocs evolution (5 — 45 mins). The ARIMA model
prediction of this group is similar to the fourth group, presented above. The comparison of
the predicted number of flocs by ARIMA, ANN, and LSTM models against the observed
number of flocs in the fifth group is presented in Figure 18a, b, and c. The DF test statistics
and p-value were -3.52 and 0.0074 (i.e., dataset is stationary). The model was computed
with p= 1, d = 1, g = 0 based on the auto Arima simulation. The poor accuracy of the
model (R? = 1.0 and -4.93 for train and test dataset) and high prediction error all through
the groups (1 — 5) of the Gf 20 sec (as shown in Table 3) further proves that the ARIMA

model is not a suitable algorithm for modeling flocs evolution.

Nonetheless, the ANN algorithm was able to learn from few available data and
precisely predict the numbers of flocs in the group size with time. A perfect training and
testing accuracy (R? = 1.0) was achieved with training and testing prediction error (MAE)
of 0.06 and 0.00, and RMSE of 0.13 and 0.01, respectively. Also, the LSTM model
recorded similar high accuracy (R? = 1.0) for both training and testing phase, the MAE for
training and testing phases were 0.08 and 0.01, and RMSE of 0.14 and 0.01 for training
and testing phase, respectively. The prediction accuracy of the ANN and LSTM models are
reflected in their perfect fit of the observed and predicted numbers of flocs (as shown in
Figure 18a and b).

Both models (ANN & LSTM) have the overall best prediction accuracy in the fifth
group, which could be traced to the lesser complexity in the evolution pattern, due to lack
of values at many times step (Tf = 45 — 55 mins; 65 — 120 mins, and 130 — 180 mins). This
is an envisaged pattern of flocs evolution at the very large sizes, considering that floc
lengths decrease with increased Tf due to fragmentation and erosion of large particles.

Also, larger flocs tend to have weaker resistance strength, thus, the reduction in

their number as flocculation progresses. The observed pattern of evolution at Tf <40 mins
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(rapid peak before decrease in number of flocs) shows that transition and steady phases of

flocs in fifth group followed the description of Moruzzi et al. (2018) on the fractal

evolution during flocculation process.
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model.
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Similarly, flocs evolution at the fifth group of Gf 60 sec™ followed the pattern of
the fourth group (as shown in Figure 17a, b, and d). The ARIMA model recorded
prediction accuracy R? = 0.95 for training and R? = -0.016 for testing phase, errors (MAE =
0.06 and RMSE = 2.21) were recorded for training, and testing error (MAE = 0.09 and
RMSE = 0.25) were recorded, respectively. Notably, the fifth group dataset is stationary
with p-value and DF test statistics of 3.74 E-18 and -10.28, respectively. Although the
prediction errors were low, the model still recorded some negative values at some time
step, which is similar to other groups in the dataset. The comparing of the model with the

observed is presented in Figure 19a).

The ANN model recorded a very high accuracy of R? = 1.00 for training and R? =
0.99 for testing phase. Prediction errors were MAE = 0.08 and RMSE = 0.33 for the
training, and MAE = 0.01 and RMSE = 0.02 for testing. Also, the LSTM model maintains
similar accuracy (R?) of 1.00 and 0.98 for training and testing, with training MAE and
RMSE of 0.06 and 0.19, respectively. Model testing prediction errors were MAE = 0.01
and RMSE = 0.03. The flocs evolution is in the form of the fourth group floc length
evolution of Gf 20 sec. The number of flocs drastically reduced from the peak at 2 mins
to Zero at 10 mins. Afterwards, the number of flocs in the fifth group remained zero,
except at 40 mins, 70 mins, 110 mins, and 140 mins. This is considered to be a
contributing factor to the prediction accuracy and errors, as justified above (also, as

presented in Figure 16a and b, and Figure 19a and b).



61

a Flocs size evolution model (Gf= 60sec-1)
—— Qbserved
80 —— Predicted train
—— Predicted test
w 60
g
-
‘s
E 40
E
2
20
0 K /\
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170
Flocculation Time {(minutes}
b Flocs size evolution model (Gf= 60sec-1)
—— Observed
80 —— Predicted train
—— Predicted test
w B0
g
=
)
g 40
£
3
20
0 K o
0 10 20 30 40 50 60 70 80 S0 100 110 120 130 140 150 160 170
Flocculation Time (minutes)
C Flocs size evolution medel (Gf= 60sec-1)
—— QObserved
80 — Predicted train
— Predicted test
w B0
g
-
‘s
§ 40
2
2
20
0 K /\
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170

Flocculation Time {minutes)

Figure 19: Comparison of different model prediction and observed number of flocs within
the fifth floc length group under Gf 60 sec™ (a) ARIMA model, (b) ANN model, (c) LSTM

model.
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6.1.6 Deep learning Model Training and Validation Loss

The behavior of neural networks during training phase is vital to understand its
extent of generalization and potential level of accuracy on newly introduced data. Training
and validation loss are vital indicators of the model performances on both seen (training
data) and unseen dataset (testing data). The learning process of the model empowers the
neural network model to learn background patterns and trends in the dataset and make
accurate prediction on similar information. The model minimizes the training loss by
adjusting the weight and biases to make better predictions on the training data. Meanwhile,
validation loss is the error between the predicted outputs and the actual observation of the
testing dataset/validation dataset (Goodfellow et al., 2016). This is used to evaluate the
model’s performance on new datasets aside from the training set and to check for the

models’ level of overfitting.

The validation loss also gives insight on the model generalization capability,
particularly, the prediction response to new dataset (unseen data). If the validation loss
increases while the model decreases, it may indicate that the model is overfitting.
Meanwhile, if the model validation and training loss keep decreasing as the model learn
from the data, and converge to a low value, it implies that the model effectively learnt from
the training data and generalized well on the unseen data, leading to improved model
accuracy (Goodfellow et al., 2016; Hochreiter & Schmidhuber, 1997; LeCun et al., 2015;
Srivastava et al., 2014). Therefore, it is essential that training and validation loss converge
to ensure that the minimum error level is attained, while the best model accuracy is

achieved.

The ANN and LSTM model training and validation loss during the process of
learning the evolution of flocs from the Gf 20 sec™ data is presented in Figure 20 below.
Notably, both models (ANN and LSTM) demonstrated an outstanding and impressive
learning and generalization capability with respect to floc evolution of the flocculation
process of water and wastewater treatment. The hyperparameter tunning process of the
models as related to the floc lengths (groups) are presented in Table 2 above. The best
hyperparameter combination for the model also displays a pattern in the model’s ability to

master the evolution process.
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Figure 20: Deep learning model (ANN and LSTM) training and validation loss on

prediction of number of flocs in different groups of Gf 20 sec™! dataset.

For instance, both the LSTM and ANN models maintained similar numbers of
hidden layers (4) and dense neurons (128: 64: 32: 8: 1) for Group 1 — 4 of the Gf 20 sec™
dataset, which are the main group with the greatest number of flocs. Similar number of
epochs was observed except for the third group that has 30 epochs due to early stopping.
The early stopping is a regularization approach adopted to avoid model overfitting (Nielsen

et al., 2020), because the model converge early and tends to diverge at about 35 epochs .
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Both models converge at the early stage of the learning process and achieved
almost 0.0002 loss at less than 10 epochs, except for Group 5 where each model has late
convergence. This is attributed to the lack of flocs at many time steps due to the nature of
the floc evolution and the dataset (fifth group). Also, the LSTM model has a very sharp
drop in the training loss and converges with the validation loss for the first and second
groups, compared to the gentle exponential-like pattern of the ANN model at group 2 & 3.

The similarity observed in the pattern of neuron and hidden layers above (Gf 20
sec™) is also observed in the LSTM model for the Gf 60 sec™ data, with group 2 — 5
utilizing 64: 32: 8: 1 dense neuron. ANN used 10:1 dense neuron to effectively predict
flocs evolution of group 4 & 5, respectively. Both models recorded an extremely high
accuracy with very minimal error (< 0.02) for both training and validation prediction,
which proves that neural network model can effectively predict floc evolution of the
flocculation process under any given shear stress (Gf). Although the ANN model has
delayed convergence at group 3, the LSTM converge at less than 10 epochs for all the

groups (as shown in Figure 21 below).

Despite the paucity of adequate findings on the implementation of neural networks
or machine learning models in flocculation studies, particularly modeling of data from
non-intrusive method of fractal dimensions. Our current result has proven that little data
could be used to generate resourceful information on flocs behavior during the flocculation
process and could improve the treatment efficiency. It is also worthy to note that our model
has achieved the best accuracy with least training and validation loss (prediction error)

compared to other studies.

For instance, Zhu et al. (2022) developed a tensor diagram from a convolutional
neural network model to predict the pollutant migration during flocculation process.
Although their algorithm used the convolutional neural network layer for flocculation
image data and achieved a very high prediction accuracy of 92 — 98%, their training and
validation loss recorded an ultimate loss of 0.25 (which is high compared to <0.02
achieved in our study). Additionally, the model validation loss did not converge after the
first minor overlap at about 10 epochs, which indicates a potential overfitting of their

model.
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Figure 21: Deep learning model (ANN and LSTM) training and validation loss on

prediction of number of flocs in different groups of Gf 60 sec™ dataset.

Our model accuracy also achieved better output when compared to that of Nielsen

et al. (2020) that hybridized machine learning based soft sensors and kinetic model

(population balance model) to predict particle agglomeration and breakage during the

flocculation process. The authors recorded 32% accuracy which is lower compared to the

accuracy recorded by our model, and model runtime of 15.6 minutes for 134 epochs, which

is also higher than our average runtime of less than 3 mins for up to one hundred epochs.
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This also proves that the ANN and LSTM model are effective in modeling flocculation

process.

Nazemzadeh et al. (2021) also recorded higher training and validation loss (loss >
5) in their study that integrated the first principles model (Population balance and Mass
balance models) with neural network algorithm to predict the silica flocs agglomeration
and breakage during a laboratory flocculation experiment. Interestingly, their study
approached the flocculation process as a time series based model, while Nielsen et al.
(2020) used the regression combined with kinetic model approach. This justifies our choice
of the LSTM model and the adaptation of ANN as a time series model, although other non-
linear regression models (random forest, support vector machine, XG Boost, etc.) also

stands a chance of adoption for time series forecasting.

Water resources modeling studies have used the coefficient of determination (R?) to
evaluate machine learning algorithms’ effectiveness and superiority by juxtaposing the
predicted and observed variables (Chicco et al., 2021; EI-Rawy et al., 2021; Uddin et al.,
2022). Scatter plots and R? were used to validate the effectiveness of both ANN and LSTM
models. Figure 22 and 23 shows the regression plot of observed and predicted numbers of
flocs by ANN and LSTM models for Gf 20 sec’ and 60 sec, respectively. Both Figures
confirmed that the two models are well suitable for modeling flocs evolution with almost
100 % accuracy (R? > 0.99). Generally, it could be seen that LSTM displayed a slight

superiority above the ANN, based on the results of each group discussed above.
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Figure 22: ANN model results showing the observed number of flocs from the experiment

versus the predicted number of flocs per group and the regression factor (R?) value.
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Figure 23: LSTM model results showing the observed number of flocs from the

experiment versus the predicted number of flocs per group and the regression factor (R?)

value.
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7 CONCLUSIONS AND BENEFITS OF THE RESEARCH

This study developed a machine learning framework for optimizing the flocculation
process of water and wastewater treatment. The study focus was in two tiers: modeling of
floc length evolution and particle aggregation and breakage. Two ML algorithms (ANN &
LSTM) and a traditional time series model (ARIMA) were explored to model and predict
floc length evolution data that was obtained through non-intrusive image analysis from a
jar test batch assay and model the aggregation and breakage process. Results showed that
ARIMA model is not a suitable algorithm for modeling floc lengths, with a negative

prediction on numbers of flocs and R? for all testing data predictions across all groups.

ANN algorithm performed excellent with floc length evolution prediction R? of
0.86 — 1.0 for training and 0.84 — 0.99 for testing, across Gf 20sec™ and Gf 60 sec™. floc
length evolution prediction by ANN recorded slight training underprediction at similar Tf
on for group 2, 3, and 4 of Gf 20 sec™ dataset, but with improved performance on the
testing datasets. Similar pattern is observed for the second group of Gf 60 sec™ dataset.
LSTM model displayed slight superiority with training and testing prediction R? of 0.99 —
1.0 for training and R? of 0.83 — 1.0 for testing, across both Gf 20 sec™ and 60 sec?,
respectively. Notably, LSTM has an excellent test prediction accuracy of 98 — 100 %
across all groups in Gf 20 sec™ dataset, and least accuracy of 83% for Gf 60 sec™. Also,
LSTM showed a perfect prediction of the number of flocs across all groups and Gfs. The
prediction perfectly reflects the underlying factors responsible for the evolution such as the
transition and steady phases, and the impact of fragmentation and erosion caused by shear

stress on flocs formation.

Model training loss and validation plots proved that all models (ANN and LSTM)
converged very early and did not diverge by the end of epochs, except for Gf 60 sec™ first

group that early stopping was used. Both ANN and LSTM displayed architectural stability



70

in modeling the groups of each data set (128: 64: 32: 8 : 1 neurons produced best result for
group 1 — 4 of both Gf 20 sec™? and 60 sec™). The regression plot of observed and predicted
numbers of flocs per group were in the order of accuracy with overall accuracy of 99% for
both ANN & LSTM models.

This study has proven that ANN and LSTM models, and the developed framework
are highly suitable for modeling floc evolution during flocculation process of water

treatment.

7.1 Benefits of this research

Adoption of the framework developed from the findings of this research holds lots
of prospect in large-scale water and wastewater treatment facilities and promote future
learning on ML implementation in flocculation process. Adoption of this framework could
promote the application of smart technology in full-scale water/wastewater treatment
facility and facilitates the realization of the Sustainable Development Goal 6. Further
aiding the attainment of target 1, 2, 3, 11, 13, and 14.

The following specific sustainable benefits are also envisaged.
a. Research-based benefits:

I.  Developed an approach to model flocculation with small data.
Il.  Developed framework can be adopted in flocculation studies at Pilot scale.
I1l.  Resolve the complexity of hydraulic-based principles in flocculation modeling.

IV. Potential adoption for online/real-time floc evolution monitoring.
b. Real-time operational benefit:

V.  Aid the integration of smart technology in flocculation phase of water treatment.
VI.  Reduced man-hour loss and equipment overburden.

VII.  Reduced operational and maintenance costs of water and wastewater treatment
process.
VIIl.  Provide an early warning system to change in flocs characteristics and forecast

optimum time and shear velocity per treatment process.
IX.  promote better understanding and data presentation to policymakers.

X.  Promote quality assurance and quality control of water and wastewater treatment.
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