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A B S T R A C T

Advancements in machine learning (ML) underscore the necessity for real-time monitoring in water treatment 
processes, particularly the flocculation phase. Digital imaging profoundly enhances the monitoring of precipi
tation, sedimentation, and especially coagulation and flocculation units. Flocculation is an essential phase that 
influences subsequent treatment stages like sedimentation and filtration, as it aids the removal of diverse pol
lutants. Yet, despite significant progresses in ML, and its advanced deep learning (DL) techniques, image-based 
flocculation modelling remains under-represented due to limited research. This review bridges that gap by 
critically examining image-based ML and DL techniques for flocculation modelling, charting a pathway towards 
automation. First, the evolution of flocculation kinetics modelling and best practices in floc image acquisition 
techniques are outlined. The significance of advanced vision platforms and image processing methodologies in 
flocculation monitoring is discussed, highlighting the benefits and limitations of various operators. State-of-the- 
art DL algorithms for semantic segmentation, data augmentation, weakly supervised learning, and real-time 
segmentation techniques are carefully examined, emphasizing their transformative potential in automated 
flocculation modelling and water treatment monitoring. Findings showed that by integrating sensitivity analysis 
with sparse sampling and weakly supervised learning, we propose innovative strategies to accelerate accurate 
floc mask generation for robust databases. Implementing real-time segmentation algorithms promises to revo
lutionize pollutant monitoring during treatment, propelling system automation towards Industry 4.0 and 5.0 
standards. Our insights offer a roadmap for future research, aiming to promote the adoption of automated 
systems in water treatment and pollutant tracking.

1. Introduction

1.1. Background

The ultimate goal of water and wastewater treatment processes is to 
efficiently remove pollutants and provide safe water (Altowayti et al., 
2022; Cleasby, 1984; Crittenden et al., 2012; Gregory, 2009), in addition 
to a parallel target of achieving climate friendly treatment process 
(James et al., 2023, 2025). Safe water supply systems are critical to 
achieving a sustainable and resilient society, especially given the 
interrelatedness of water with all aspects of human life (Saqr et al., 

2025; Yu et al., 2023). This makes water treatment sustainability critical 
to meeting the 2030 Sustainable Development Goals and the 2050 
projected global water scarcity (Bankole et al., 2022b, 2023; Safeer 
et al., 2022). The rapid increase in global population presents a major 
challenge for most water and wastewater treatment plants (WWTP) 
(Borges et al., 2022; James et al., 2023; Li et al., 2021). For instance, 
production pressure on drinking water facilities has increased due to the 
daily increase in water demand, which is exacerbated by shortage in safe 
water and increased pollution rate (Odjegba et al., 2021, 2024).

Flocculation is a very crucial and complex stage in water treatment, 
fundamental to pollutant removal, and ensuring safe water supply at 
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conventional and emerging treatment plants (Bankole et al., 2024a; 
Moruzzi et al., 2020b; Moruzzi et al., 2017). The flocculation phase aims 
to promote the formation of flocs by aggregating suspended particles 
and the contaminants in water through induced shear stress. Due to the 
complex relationships guiding the process, such as the induced shear 
velocity (Gf ), flocculation time (T), coagulant type, and particle-particle 
interactions (Gregory, 2009; Moruzzi et al., 2017, 2018), existing 
practice relies on multiple jar test experiments to determine, inter alia, 
optimum coagulant dosage, flocculation time, reactor design, among 
others. The lag time created by the process and analyses, has resulted in 
problems such as chemical wastage, operator time loss, equipment 
overburden, high production costs, and particularly lack of early 
warning measures (Altowayti et al., 2022; Bankole et al., 2024a; Li et al., 
2024a; Yu et al., 2010).

Therefore, flocculation and water treatment process modelling pre
sents a practical and cost-effective way to tackle the current operational 
complexity (Chowdhury and Karanfil, 2024). This is evidenced through 
several numerical models built to evaluate the effectiveness and kinetics 
of flocculation in batch, pilot and large-scales water treatment (Bratby, 
2016; He et al., 2012; Lu and Spielman, 1985; Smoluchowski, 1917), 
comprehensively reviewed by Jarvis et al. (2005), Thomas et al. (1999), 
Watanabe (2017) and Wei et al. (2018). Nonetheless, numerical 
modelling methodologies are highly technical, time consuming and 
complex to solve in some cases, requiring subject matter experts 
(Bankole et al., 2024a). These challenges collectively have created 
possibilities of using machine learning (ML) and its advanced subset, 
deep learning (DL), as a promising tools to model flocculation processes 
and kinetics, offering significant potential for improving treatment plant 
performance (Wang et al., 2022a; Yokoyama et al., 2024).

Recently, ML has been successfully used to predict pathogen removal 
and treatment efficiency in large scale water works, resulting in signif
icant improvements in treatment plants performance (Altowayti et al., 
2022; Bressane et al., 2023; Hamada et al., 2018; Nasr et al., 2012; Wang 
et al., 2021, 2022a; Zhang et al., 2013a). Similarly, the 
coagulation-flocculation phase has been modelled using diverse ML al
gorithms, including tree-based models (Achite et al., 2022; Wang et al., 
2022a), artificial neural networks – ANN (Kim and Parnichkun, 2016; 
Liang and Liu, 2023; Zhang et al., 2013a), different variants of 
neuro-fuzzy inference systems (Kim and Parnichkun, 2016; Liang and 
Liu, 2023; Yuan et al., 2016), recurrent neural network and deep neural 
network models (Farhi et al., 2021; Pisa et al., 2020), for coagulant 
dosage and treated water quality prediction. Bankole et al. (2024a) and 
Oliveira et al. (2018) also modelled aggregate floc evolution and fractal 
dimension evolution using ANN.

These adoptions have also led to a series of reviews on water and 
wastewater treatment modelling using ML and DL. However, a signifi
cant research gap persists concerning the comprehensive modelling of 
flocculation mechanisms and kinetics. Existing reviews on ML and DL 
applications in water treatment have largely overlooked these critical 
aspects, often focusing solely on coagulant dosage rather than the un
derlying forces, mixing intensity, particle concentration, or fluid me
chanics governing floc formation. For instance, Chowdhury and Karanfil 
(2024) in their review on possibilities of artificial intelligence imple
mentation in drinking water treatment provides detailed account of over 
1200 articles on ML and DL implementation across batch-scale, labo
ratory-scale, and full treatment plants modelling, including the coagu
lation and flocculation. Similarly, Alvi et al. (2023) conducted a critical 
review on the prospect of DL as an alternative to biochemical models in 
wastewater treatment, reporting on over twenty-six variants of ML al
gorithms and soft computing approaches that have been successfully 
used in wastewater treatment. Altowayti et al. (2022) also conducted a 
comprehensive review on the role of ML and DL algorithms in conven
tional treatment, with a combination of detailed bibliographic analysis.

Safeer et al. (2022) also reviewed the recent advances in the use of 
ML in water and wastewater treatment processes, including coagulation 
and flocculation. However, none of the studies reviewed model the 

kinetics of flocculation, instead focusing solely on coagulant dosage. The 
authors also emphasized a finding on the annual drift in the trend of ML 
applications in water treatment. This is consistent with the conclusion of 
Li et al. (2021) that both flocculation mechanisms (forces, etc.) and its 
kinetics (mixing intensity, concentration of particles, fluid mechanics 
etc.) have not been covered by existing ML reviews. Notably, ML and 
advanced DL applications in water sciences span across Image Analysis 
and Pattern Recognition, Predictive Modelling and Process Optimiza
tion, Experimental Design and Parameter Estimation, Numerical Simu
lations and Model Calibration, Anomaly Detection and Process Control, 
Data Integration and Multiscale Modelling, among others. Whereas ML 
and DL techniques with image analysis remain an emerging application 
in water treatment as it aids pollutants tracking, but they are rarely 
reported in the existing comprehensive reviews. This notable paucity of 
studies specifically addressing image-based flocculation modelling using 
ML highlights a pressing need for a focused analysis in this domain.

Current and emerging floc monitoring techniques predominantly 
rely on image acquisition, highlighting the importance of image analysis 
in understanding flocculation dynamics (Bankole et al., 2024b; Moruzzi 
et al., 2024). This is especially true as advanced vision computing, 
driven by DL, is transforming the way images are processed and ana
lysed. Accurate floc image analysis is crucial, as mishandling these im
ages can introduce bias into flocculation data, potentially leading to 
reduced treatment efficiency (Daus et al., 2024). DL has revolutionized 
computer vision applications in fields such as autonomous vehicles, 
medicine, hydrology, and remote sensing, and its application to floc
culation could similarly enhance the modelling of floc kinetics, pollut
ants tracking (e.g. microplastics) and other aspects of water treatment. 
However, seamless and consistent data acquisition throughout the 
treatment process, which would enable comprehensive modelling of the 
entire system, remains a challenge, particularly at larger scales (Bankole 
et al., 2024a). Developing autonomous models for water treatment using 
DL techniques is poised to address these challenges and will likely 
attract significant research attention in the coming years. Chowdhury 
and Karanfil (2024) highlight that a DL framework for image recognition 
could pave way for advanced modelling of flocculation mechanisms, 
integrating factors such as floc properties, coagulant dosage, and treat
ment quality.

This review uniquely addresses these identified gaps by critically 
examining the image-based ML and advanced DL applications for 
modelling flocculation mechanisms and kinetics in water treatment and 
exploring its prospect towards automation. By focusing on this under- 
represented domain, particularly leveraging advanced vision by DL, 
this study aims to enhance the understanding of floc dynamics and 
pollutant tracking, ultimately exploring the prospect of achieving 
automated and smart water treatment processes in line with industry 4.0 
and 5.0 goals.

2. Flocculation kinetic modelling

Over the past decades, flocculation monitoring and modelling has 
been broadly classified into three themes, based on the review by Jarvis 
et al. (2005) and Watanabe (2017): (i) characterization of flocs physical 
properties (shape, strength and fractal nature); (ii) flocculation kinetics 
(rate and frequency of floc formation, and floc size distribution); and 
(iii) engineering aspects (peripheral speed of paddle and turbulence 
intensity). Of these three, flocculation kinetics is the most important 
because the prime objective of flocculation is to facilitate aggregate 
formation (particle collision), which alters particle size distribution, and 
to facilitate treatment separation efficiency (Abreu et al., 2025; Lawler, 
1997; Moruzzi et al., 2024; Yukselen and Gregory, 2002).

The Smoluchowski (1917) model on discrete particle is the first 
numerical model upon which subsequent work has been based. This 
expressed the interaction of monodispersed particles during flocculation 
- Eq. (1). 
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where dnk
dt is the variation of the number of particles k per time; i, j, and k 

are discrete particles sizes; H(i, j) is the collision rate between the par
ticles i and j [L3T-1]; H(i, k) is the collision rate between the particles i 
and k [L3T-1]; ni is the number of particles of size i; nj is the number of 
particles of size j; nk is the number of particles of size k.

This led to particle collision frequency model under perikinetic and 
orthokinetic flocculation (Eqs. (2) and (3)) as presented in Moruzzi et al. 
(2018), where the Boltzmann constant k is introduced; temperature (T) 
in Kelvin, viscosity – μ [ML-1T-1]; and dv

dy is the velocity gradient in the 
fluid [T-1] 
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(
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)3 (3) 

The orthokinetic model (A&K model) developed by Argaman and 
Kaufman (1970) based on a multi-compartment pilot plant trial, estab
lished aggregation and breakage interaction of primary particles in 
water, under an induced shear gradient. This further established the 
relevance of the dynamic steady state in flocculation as the dynamic 
equilibrium state between aggregation and breakage. In summary, the 
velocity gradient’s impact on floc growth as a function of flocculation 
time (T) was expressed according to Eq. (4). 
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where no is the concentration of primary particles; nm is the concen
tration of primary particles in the m-th reactor in series; no

nm 
is the per

formance parameter, Gf is the velocity gradient, also known as the 
induced shear stress (s-1); T is the total flocculation time for the pilot 
plant; kA and kB are the apparent aggregation and breakage constants; 
and m is the number of reactor in series. In this formulation Gf is 
assumed invariable throughout the m reactors in series.

The orthokinetic A&K model was modified by Bratby (2016) to 
accommodate instances where the turbidity (N0) of water before floc
culation (end of coagulation) is used as a surrogate measurement for 
primary particles in jar test batch assay, while the post-sedimentation 
turbidity (Nt) represents final floc concentration at the time t (Eq. (5)). 

N0

Nt
=

[
kB

kA
Gf +

(

1 −
kB

kA
Gf

)

e− kAGf t
]− 1

(5) 

where No is primary particle concentration; Nt is the particle concen
tration during flocculation. This equation is valid for jar tests only (batch 
essays), and the kinetic constants can be extrapolated to continuous flow 
using Eq. (4).

Marques and Filho (2017) and Marques and Filho (2022) incorpo
rated irreversible floc breakage into the A&K model, asserting that 
post-sedimentation turbidity is caused by the inability of broken flocs to 
settle, while residual turbidity increased after certain T (considered as 
equilibrium by the authors). While using turbidity as a surrogate method 
for particle concentration is simple, it lacks precision because the 
turbidity of water after inertia and sedimentation transport mechanisms 
does not represent the kinetic energy at work during shear induced 
agitation, which depicts ideal flocculation conditions. Hence, the use of 
particle analysis during flocculation is considered as an improved 
technique by several authors (Bankole et al., 2024a; Chakraborti et al., 
2000, 2003; Moruzzi et al., 2018, 2020a; Moruzzi and de Oliveira, 

2013). The particle analysis approach also led to the development of 
empirical findings such as the particle–particle, and particle–cluster 
interactions established in the work of Moruzzi et al. (2017) and Bankole 
et al. (2024a). Through the particle analysis, other aggregate feature 
models were developed, such as the fractal evolution (He et al., 2012; 
Moruzzi et al., 2018; Zhang et al., 2021), fractal dimension (Liang et al., 
2015; Moruzzi et al., 2017) and particle size distribution. For instance, 
the physical properties (area, volume and mass) and geometry of flocs 
are expressed by its fractal dimension, obtained by the scaling power law 
(Eq. (6)). This shows that aggregates with similar size may have different 
fractal dimensions (Moruzzi et al., 2018). 

A ∼ lDf (6) 

where A is the aggregate area (µm2 or mm2); l is the aggregate length 
(µm or mm); and Df is the aggregate fractal dimension (dimensionless).

Moruzzi et al. (2024) introduced a single indicator β for monitoring 
aggregate heterodispersity and flocculation kinetics based on the ag
gregation and breakage constants (kA and kB) of Argaman and Kaufman. 
The implementation of the power law (β) displayed stability in model
ling flocculation kinetics in batch and pilot reactors in series under 
varying gradient velocities, displaying a drift and simplification of the 
complex kinetics. Zhu (2022) also introduced the Budyko-type model’s 
concept from catchment hydrology to model flocculation kinetics under 
turbulent conditions, leveraging on the mass balance principle. The 
study showed that Budyko-type model adoption for flocculation kinetic 
is reliable based on multiple data testing and calibration, with a very 
high accuracy (~ 97 %). Nonetheless, the A&K model is one of the most 
explored and remains relevant as it captures the mechanism of floccu
lation in a relatable manner (Moruzzi et al., 2024; Yukselen and Greg
ory, 2002). This assertion is reinforced through the summarized review 
of empirical contribution to flocculation modelling, as presented in 
Table 1.

Bankole et al. (2025a) developed an open-source tool that used 
swarm intelligence to automatically model flocculation kinetics using 
images acquired from NiDIA system. The main goal projected by the 
authors is to address the existing pitfall through inaccurate initial 
guesses of the least-squares method of the aggregation and breakage 
constants emphasised by Haarhoff et al. (1996) as a major concern in the 
A&K model implementation. The tool has been made available as a web 
application (flocxion-application) and extended to also simulate the 
total hydraulic retention time (THRT) for desired treatment efficiency, 
representing a recent significant contribution towards the transition to 
an autonomous treatment monitoring system, although the current 
version could only model retention under stable Gf conditions. The 
authors further open-sourced their code to promote further improve
ment on the modelling framework by future studies, as documented in 
Bankole et al. (2022a).

Based on the modelling concept described above, aggregate (floc) 
size and structure during flocculation process is the most important 
factor when considering treatment effectiveness (Bridgeman and 
Dapelo, 2025; Chakraborti et al., 2003; Gregory, 2009; Moruzzi et al., 
2024), particularly when flocculation is combined with filtration (Park 
et al., 2006), sedimentation (Jin et al., 2003; Vahedi and Gorczyca, 
2012) or membrane technique (Amjad et al., 2015; Park et al., 2006). 
This is to be expected as flocs with good settling capability enhance 
separation and reduce cake formation on membranes (Lopez-Exposito 
et al., 2019). Furthermore, the ability to determine the flocs’ properties 
enhances the flocculation monitoring process and determination of 
optimal conditions for floc formation.

2.1. Flocculation image acquisition techniques

The flocs’ physical properties are essential for flocculation kinetic 
modelling, and measurement accuracy influences subsequent analyses 
of the entire treatment process. Industrial applications of flocculation, 
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such as found in materials and pulp making industries, as well as other 
water treatment techniques besides the conventional treatment, facili
tated the advancements of particle measurement technology. The gen
eral advancement in particle tracking influenced the development of a 
reliable and user-friendly strategy for flocculation monitoring. In the 
context of water and wastewater treatment, floc measurement primarily 
focuses on physical attributes (size, shape, density, porosity, etc.). Ap
proaches to measuring floc size are broadly classified into intrusive and 
non-intrusive methods (Liang et al., 2015; Moruzzi et al., 2018). This 
includes (i) Laser Particle Size Analyser (LPSA); (ii) Focus Beam 
Reflectance Measurement (FRBM); (iii) Microscopy; (iv) Dynamic Image 
Analysis (DIA); and (v) Particle Vision Measurement (PVM).

The intrusive method is classified as measurement procedures that 
require interaction with the sample/reactor tank. While the non- 
intrusive method attempts to preserve aggregate forms through pas
sive measurements. Generally, non-intrusive and some intrusive 
methods, such as DIA and FBRM, are considered in-situ techniques. 
Table 2 summarizes the distinct features, advantages, and limitations of 
these measuring techniques, while Fig. 1 depicts their pictorial config
uration. Section S1 (1.1 – 1.5) of the supplementary files provide further 
description of these techniques in flocculation image acquisition.

Of all the techniques, DIA is the most adapted and widely used floc 
monitoring concept. Moruzzi et al. (2018) developed a non-intrusive 

dynamic image analysis (NiDIA) methodology to monitor aggregate 
morphological evolution during the flocculation and settling phases of 
water treatment (Moruzzi et al., 2020b). The proposed NiDIA frame
work is shown in Fig. 2. To establish the extent to which image analysis 
methods have been innovatively adopted, Pablo et al. (2022) used a 
Huawei P30 mobile phone with a 40 Megapixel camera to capture flocs 
images from a low turbidity and alkalinity batch assay, confirming that 
image-based floc monitoring process is reliable and provides low-cost 
approach to measuring aggregate properties.

Generally, floc measurements are acquired via images and analysed 
using image processing software or computing platforms such as MAT
LAB and Python. Observations with microscopy, FBRM, PVM and vari
ants of DIA are made by acquiring images or videos and processing them 
using image processing software.

These tools are excellent for exploring aggregate features in two di
mensions (2D), such as area, perimeter, diameter, elongation ratio, 
texture, and so on. Further manipulations are also explored during 
image preprocessing in order to obtain desired floc features. Fiji ImageJ 
(Pablo et al., 2022), National Institute of Health (NIH-image – Bethseda, 
USA) (Chakraborti et al., 2003) and Image ProPlus (Moruzzi et al., 2018; 
2020a, 2020b; Bankole et al., 2024a) are among the commonly used 
flocculation image analysis software. Besides these, applicability of the 
floc data acquisition techniques, scale of operations and compatibility 
with the ML and DL models are highly imperative. A summary of these 
critical examination is presented in Table 3, to further elucidate the 
applicability, cost implications, type of extractable data type, the 
applicable scale of observations and feasibility of implementation with 
image-based ML and DL models.

The inability to account for the aggregates’ third dimension is a 
major drawback in 2D image analysis for flocculation modelling, 
particularly in terms of fractal dimensions. Flocs are 3D objects, but 
image analysis only provides direct 2D measurements. Liu et al. (2022)
critically reviewed the evolution of 2D and 3D imaging in particle size 
estimation and tracking, recognizing that recent advances in 3D esti
mations are limited. Researchers have often used the scaling power law 
or mass models, such as the Population Balance Model (PBM), to 
transform floc size data to mass and volume.

Among numerous studies, Maiti et al. (2017) developed a mass 
model for estimating mass-based particle size distribution using image 
analysis that achieved 99 % accuracy when compared to the traditional 
particle sieving method. Studies have reviewed mass-based particle size 
distribution models derived from image analysis (Wang, 2006; Zhang 
et al., 2012). Similarly, researchers have investigated aggregate features 
based on mass-volume relationships with PBM (Hounslow et al., 1988; 
Nazemzadeh et al., 2021; Seghir et al., 2022; Singh et al., 2022). PBM 
and related mass models are numerical concepts that are outside the 
scope of this current review. The next section discusses floc image 
processing and underlying factors that limit the performance effective
ness of these techniques in floc image analysis and how they influence 
analysis errors during floc feature extraction.

2.2. Floc image processing and analysis error

Image preprocessing includes, inter alia, procedures such as 
denoising, filtering, and thresholding, feature extraction, among others. 
Recent studies on flocculation models now process images using low- 
level computing platforms such as MATLAB and Python, utilizing 
computer vision features. This may be considered necessary because 
software-based image analysis often demand lots of time. Pablo et al. 
(2022) reported 30 – 40 min to process images captured from 15-minute 
flocculation experiments (5 images per observation) using the Image J 
software. This shows that the processing duration doubles the time 
required to acquire the images. In an instance where numerous images 
are acquired, such as the 21,500 images reported by Moruzzi et al. 
(2018), processing time will undoubtedly increase. While the rendering 
is fast, most of the time is spent on post-processing tasks such as sorting 

Table 1 
Summary of empirical findings on flocculation kinetic modelling in water 
treatment system.

Source Indicator Type of Reactor 
system

Proposed / Evaluated 
Model

Argaman 
and 
Kaufman 
(1970)

Primary 
particles

Continuous stirred 
single compartment 
reactor.

Orthokinetic model for 
aggregation (KA) and 
breakage (KB) in 
continuous system.

Argaman 
(1971)

Water turbidity Pilot plant reactor 
chambers in series.

Orthokinetic model.

Bratby et al. 
(1977)

Water turbidity Continuous stirred 
single compartment 
reactor.

Implementation of 
batch Orthokinetic 
model.

Haarhoff 
and 
Joubert 
(1997)

Water turbidity Continuous stirred 
single compartment 
reactor.

Sensitivity of 
orthokinetic constants 
to operational 
variables.

Bratby 
(1981)

Water turbidity CSTR tanks in series. Escalation of A&K 
model for pilot scale 
from batch mode assay.

Haarhoff 
et al. 
(1996)

Water turbidity Continuous stirred 
tanks in series.

Experimented A&K 
model on full-scale 
plant and error 
susceptibility.

Moruzzi 
et al. 
(2017)

Primary 
particles 
measured by 
image analysis

Continuous stirred 
single compartment 
reactor.

Established particle – 
particle and particle- 
cluster interaction as 
dominant factor for 
dynamic equilibrium in 
A&K model.

Marques 
and Filho 
(2017, 
2022)

Water turbidity Continuous stirred 
single compartment 
reactor.

Incorporate irreversible 
breakage of flocs to 
A&K model.

Moruzzi 
et al. 
(2024)

Aggregate Size 
Distribution 
(ASD)

Continuous stirred 
single compartment 
reactor and Pilot 
plant chambers in 
series.

Implemented Power 
Law single parameter 
(β) into A&K model.

Bankole 
et al. 
(2025a)

Primary 
particles

Continuous stirred 
single tank reactor 
with simulation for 
multi-chambers 
reactor.

Developed open-source 
application for 
automatic modelling of 
A&K from images.

Note: The key results of aggregation and breakage constants for each finding can 
be accessed from the referred studies.
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and data verification. This limits the use of software for real-time floc
culation modelling, demanding the need for seamless image analysis 
approaches, especially when ML is being implemented for efficient 
treatment optimisation.

Image processing on computing platforms is advantageous in many 
ways. Most software operations can be performed with a few lines of 
code, providing the ability to model directly from image acquisition 
process, and allowing for trial and error in the case of sensitivity anal
ysis. Flocculation image processed with software are often performed 

through thresholding technique (Chakraborti et al., 2000, 2003; Mor
uzzi and Reali, 2010; Moruzzi et al., 2017, 2018, 2019, 2020b), a con
ventional semantic segmentation method. Meanwhile, modelling 
platforms allow access to open-source libraries containing enhanced 
semantic segmentation algorithms such as those based on ML and DL 
concepts. Chong et al. (2023) argued that the capacity to build a pipeline 
of computing algorithms for automatic image analysis and modelling is 
responsible for the recent adoption of intelligent vision and ML across 
different fields.

Table 2 
Summary of flocculation particle size measuring techniques. Adapted after Liang et al. (2015).

Measurement 
technique

Particle size 
definition

Operational 
range (µm)

% 
Concentration

Advantages Disadvantages

LPSA Spherical 
equivalent 
diameter

0.01 – 3500 < 0.1 • Rapid PSD measurement and analytical 
procedures.

• Breakage of fragile floc by ultrasonic and 
circulating or suction pump.

• Provides bias floc size of irregular shaped 
aggregates.

FBRM Chord length 1 – 2000 < 20 • Real-time in-situ floc evaluation with 
high precision.

• Particle evolution monitoring.
• Irregular particle size measurement.

• Unreliable under high turbidity with low shear 
stress conditions.

• Probe fouling (sapphire window blockade) due 
to large and dense aggregates, leading to 
measurement error.

• Energy distribution alteration around the probe, 
causing particle fragmentation.

Microscopy Geometric 
equivalent 
diameter

0.001 – 10,000 < 0.5 • Particle size measurement up to nano 
scale.

• Offers hybrid implementation with high- 
speed camera.

• Offers comprehensive aggregate analysis 
including taxonomical characterization

• Most microscopes require sampling, leading to 
alteration in floc features.

• Process requires multiple sample collection to 
obtain representative data.

DIA Geometric 
equivalent 
diameter

1 - 5000 < 0.5 • Offers automatic and continuous 
aggregate feature measurement.

• Highly scalable, providing low-cost par
ticle monitoring system.

• High precision and accuracy.
• Capacity to acquire high volume image 

under limited time.

• Aggregate measurements are restricted by 
camera lens properties (pixel size, resolution 
etc.).

PVM Geometric 
equivalent 
diameter

0.5 – 2000 < 0.5 • Real-time aggregate measurement and 
particle tracking capability via video 
recording.

• Low resolution of aggregates smaller than 20 
µm.

• Poor performance under high concentration 
suspension.

Fig. 1. Schematic diagram of particle size measurement using (a) laser particle size analyser; (b) FBRM (Hu et al., 2021); (c) PVM (Hu et al., 2021); (d) In-situ 
Microscopy set up (Santos Nunes et al., 2022).
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Currently, there are limited studies on flocculation modelling that 
incorporate ML imaging techniques. Yuan et al. (2016) presented an 
intelligent vision and Fuzzy Control system for flocculation monitoring 
in waterworks, with the goal of achieving an autonomous dosing system. 
During the flocculation process, the author captured floc images with an 
underwater camera. The images were grayscale and transformed before 
segmenting with an automatic thresholding algorithm. Baum et al. 
(2023) pre-processed images generated by an automatic microscope 
with morphological reconstruction by erosion before thresholding. The 

flocs’ features (size and fractal geometry) were analysed using a multi
nomial logistic regression solver and compared to the performance of a 
fully connected convolutional neural network (CNN). Li et al. (2020)
employed a charge-coupled device (CCD camera) to capture flocculation 
images from a batch experiment of papermaking effluent with poly
aluminium flocculants. Prior to binarization, the images were filtered, 
followed by edge detection. The study also showed that images captured 
in the sedimentation column and analysed for floc properties can be 
used to automatically estimate aggregate settling velocity. This also 

Fig. 2. Schematic framework of non-intrusive dynamic image analysis (Moruzzi et al., 2017, 2020b).

Table 3 
Summary of compatibility analysis of floc data acquisition techniques with image-based ML and DL models, and real-time data acquisition and potential for modelling.

Flocs particle 
size 
measurement 
technique

Can the method 
generate floc image 
data alone?

Cost Scale of 
observation (Pilot, 
Lab, or large- 
scale) aside from 
full-scale)

Compatibility with 
real-time 
monitoring and 
modelling

Compatibility with 
image-based ML 
and DL model and 
model type?

Source

LPSA 1. Generate only 
particle size, 
shape etc. in 
numerical values 
when used alone.

2. Technique can 
only acquire 
images when 
coupled with 
camera device.

$80,000 – $250,000. 
Expensive. Require maintains.

Suitable for 
controlled 
laboratory-based 
studies.

Not compatible Not compatible. Bao et al. (2018); 
Govoreanu et al. (2009)

FBRM 1. Produced chord 
length/floc size, 
counts, and shape.

2. Offers image 
acquisition when 
combined with 
PVM.

$50,000 – $150,000. Suitable for 
controlled 
laboratory-based 
studies.

Suitable for real- 
time and in-situ 
monitoring and 
modelling.

Not compatible. Hu et al. (2021); 
Muhaimin et al. (2021); 
Sankaranarayanan et al. 
(2019)

Microscopy Very suitable image 
acquisition.

$20,000 – $50,000. Require 
maintenance and relatively 
expensive depending on the 
technique, floc size of interest 
and scale.

Full-scale (Pilot 
and Laboratory 
scale) treatment

Suitable for real- 
time, in-situ, and 
automated 
monitoring and 
modelling

Compatible with 
both types of 
models.

Santos Nunes et al. 
(2022); Xu et al. (2024)

DIA Highly suitable for 
image data 
acquisition.

$100,000 – $250,000+Adaptable 
for simple camera devices like 
smartphones.

Suitable for all 
scales flocculation 
treatment

Suitable for real- 
time modelling and 
automated 
modelling

Compatible with 
both types of 
models.

Fukasawa et al. (2024); 
Pablo et al. (2022); Sun 
et al. (2016)

PVM Very suitable for 
acquiring floc images.

$70,000–$180,000 Most suitable for 
laboratory and 
pilot scale.

Suitable for real- 
time, on-line, and in- 
situ monitoring.

Compatible with 
both types of 
models.

Hu et al. (2021)

NB: The cost included are subjective to variations caused by market value, model preference, and buyer-seller agreements. The quoted prices are verifiable at: LPSA; 
FBRM; Microscopy; DIA and PVM.
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demonstrates that the use of a computing platform in floc monitoring 
transcends the flocculation process and may enable the automation of 
the entire water treatment process. It is also important to note that the 
highlighted gaps in computing image analysis are mainly attributable to 
seamless workflow and analysis that computing platforms offer, 
compared to software.

Despite the highlighted benefits of flocculation image processing, the 
importance of capturing quality images during acquisition is of high 
necessity. Factors such as lighting condition, shutter speed, image res
olution, camera positioning and depth of field etc., all determine image 
quality and suitable preprocessing techniques. Although these factors 
are often overlooked/poorly discussed or associated with analysis er
rors. Nonetheless, they remain a major consideration in image-based 
floc measurement and monitoring in water treatment. For instance, 
bright-field illumination is essential for capturing images with uniform 
light intensity (Sun et al., 2016), which could aid the extraction of floc 
image textural features. It is important to note that studies has recently 
found floc image texture to be resourceful in modelling flocculation 
kinetics, particularly particle aggregation behaviour (Ma et al., 2023). 
But no study has established the sensitivity of image processing to floc 
texture measurements. Also, determination of optimal shutter speed to 
ensure sufficient light exposure before capturing image is essential to 
minimize motion blur that could cause the flocs to have fuzzy edges, 
further leading to overestimation of floc physical features. Sun et al. 
(2016) in their flocculation experiment found 300 µs to be optimal 
shutter speed for aggregate travel distance of 1 µm and reported that 
kernel filtering aid to avoid out of focus particles captured during im
aging. Higher shutter speed have been reported in recent studies, such as 
Moruzzi et al. (2024) that reported 800 µs with 10 Hz frequency (10 
images captured per second) and Li et al. (2024b) that reported 4000 µs 
and frequency of 100 Hz.

The camera lens’ depth of field is another essential factor that de
termines the effectiveness of imaging technique in flocculation and 
water treatment. Flocculation images contain flocs within and outside 
the camera lens depth of field (focus), which often makes segmentation 
error analysis essential. This essential feature (depth of field) is affected 
by the turbidity of water (Nelli et al., 2024), particularly in high turbid 
water or assay with high concentration of flocs. For instance, ability to 
penetrate the water surface to satisfactory depth by the lens and the 
illumination sources can be impacted in high turbid water compared to 
lower turbidity. Sun et al. (2016) analysed the impact of turbidity on 
camera lens depth of field and the field of view, and its effect on floc 
image analysis. A linear relationship was found between concentrations 
of clay particles and turbidity of water, while depth of field value of 500 
± 90 µm was found appropriate for up to 60 NTU turbidity.

Another essential factor is the reduction of artefacts or bubbles in the 
reactor, particularly those attached to the wall of the reactors (Pablo 
et al., 2022). Although limited control exists on the avoidance of bubbles 
in large-scale real-time treatment monitoring. Still, imaging technique 
has been used even in flotation treatment techniques that require the 
presence of bubbles for efficient treatment (Moruzzi and Reali, 2010). 
Regardless, the adverse effect of noise or artefacts created by bubbles on 
floc image analysis cannot be overruled. Image resolution is essential as 
it determines the probable minimum floc size that can be captured by 
imaging device. Low resolution images are more susceptible to analysis 
error for smaller flocs due to over estimation (particularly floc size) as 
argued by Chakraborti et al. (2003). Analysis error is recognized as a 
significant constraint of image processing, resulting in over or under 
estimation of floc features. Moruzzi et al. (2018, 2020a) among other 
authors also argued that estimation of image analysis error offer 
moderation of image preprocessing technique accuracy. Although Li 
et al. (2024a) argued that analysis of smaller aggregates attracts error 
irrespective of the image resolution. However, there is currently no 
study that has established the sensitivity of high-resolution floc images 
to error analysis in recent times, particularly with very high-resolution 
images. The image analysis error estimates give recommendations on 

the extent to which preprocessing can be done during segmentation, 
hence controlling the disparities between the ideal flocs and estimated 
error (Moruzzi et al., 2018).

The influence of floc image acquisition considerations (lighting, 
shutter speed, resolution etc.) on modelling performance is a delicate 
discussion as limited studies exists on these. Segmenting floc images 
with blurry or fuzzy boundaries has been reported in studies with an 
outstanding accuracy, but report has not been given on how such 
modelling influences the flocculation kinetics indicators such as the KA 
and KB values per conditions or other kinetic indicators. For instance, 
high segmentation results can be observed by the model but further 
evaluation on how they affect the accuracy of the ideal kinetics need to 
be estimated. While the detection of out of focus objects can easily be 
identified during ground truthing, responses of DL models in segmenting 
such floc images have not been reported, whereas such scenarios are 
envisaged in full-scale implementation where an underwater camera 
may face constrains from illumination in an outdoor environment.

Concerning the impact of image resolution on model performance, 
Al-Ani et al. (2025) reported in their study that evaluated the effect of 
sample size and resolution of microscopic microalgal images on DL 
model performance. The simple fully connected CNN architecture 
showed that lower image resolution affects segmentation accuracy, 
while images with an average resolution of 788 × 530 recorded an 
outstanding performance, based on their evaluation. This, among other 
studies, further showed that pixel density influences model perfor
mance, which is envisaged since DL models learn better at the presence 
of quality data. Although, these studies are not on flocculation kinetics 
and nor did they focus on water treatment floc images, our aim here is to 
draw correlation on the potential impact of image resolution on the 
efficient segmentation of floc images as argued by Li et al. (2024a), and 
downstream model performance, as recently proposed by Bankole et al. 
(2025a). Therefore, future studies are strongly encouraged to explore 
impact of image resolution on DL model segmentation performance and 
the sensitivity analysis of downstream flocculation kinetic computation 
(preferably with ML as well) to bridge this significant gap.

The following section discusses the ideal image preprocessing and 
image reconstruction functions available on most image processing 
computing platforms, using the Python open-source library (Open CV 
(Bradski, 2000) and Scikit Image (Pedregosa et al., 2018)) as an 
example.

3. Semantic segmentation in flocculation analysis

The ultimate purpose of image processing is to improve the quality of 
the image and the accuracy of the retrieved information (Maheshan and 
Prasanna Kumar, 2019) or to assist algorithms in learning from the 
identifiable pattern embedded in the image, in the case of ML and DL. 
Semantic segmentation is the pixel-based classification of images to 
identify the target (object) and background. Raw images are often 
associated with disturbances that contain redundant information, i.e. 
noise. They may also include missing or incorrect values (Chatterjee 
et al., 2016). These images are often processed at the pixel level with 
vision intelligence in order to preserve the embedded important infor
mation via the semantic segmentation process. Image enhancement 
techniques include denoising, convolving, reconstruction, feature 
extraction, and tracking. The following section summarizes the primary 
image analysis approaches based on open-source intelligent vision found 
in the literature. Gray-scaling converting techniques are not discussed in 
this section because most image-based floc investigation techniques 
used in water treatment often acquire images in grayscale. Nonetheless, 
readers can consult Chong et al. (2023) for in-depth description of color 
images and image gray scaling.

3.1. Image denoising

Different images contain various types of noise, including Gaussian, 
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salt-and-pepper, Poison and Perlin noise (Tawfik et al., 2022). Floc 
images from water and wastewater treatment systems frequently include 
noises created by shear induced bubbles or the flow of water itself. 
Furthermore, any out of focus flocs captured within the image windows 
are unneeded information that must be precisely removed in order to 
improve the image quality and its correctness, i.e. the information 
embedded in each pixel. This makes the image denoising a critical step 
in floc image analysis. Smoothing, or the application of filters, is 
commonly used to eliminate or minimize noise. Image filters are an 
incredibly powerful tool for handling noise, but they must be used 
cautiously. Filters are often characterized as high-pass or low-pass filters 
based on the intensity with which they affect image pixels (Bradski, 
2000; Pedregosa et al., 2018). In addition, filters frequently smooth the 
image at the expense of the embedded object’s edges, or floc edges in 
this case (Tawfik et al., 2022). Mean, median, gaussian, bilateral, and 
non-local means filters are some of the most common image filters 
accessible on computing platforms. Additionally, the filters could be 
classed as linear or non-linear. Mean and gaussian filters are often used 
as linear filters, although median and bilateral filters are non-linear in 
principle.

Gaussian filters use a gaussian function to convolve an image, 
resulting in a blurrier image. This is because the kernel only analyses the 
space beneath it, without regard for pixel intensity. The gaussian filter is 
a low-pass filter that applies to images having gaussian noise. Similarly, 
the median filter is another low pass filter that smooths images by 
replacing the gray scale values of each pixel in the kernel region with the 
median value of neighbouring pixels. Median blurring is highly efficient 
at filtering salt-and-pepper noise. The mean filter, (or average smooth
ing), uses a definitive normalized kernel to average pixels in the same 
region. The bilateral filter is similar to the gaussian filter in that it uses a 
kernel, but it outperforms the gaussian filter in terms of pixel intensity 
beneath the kernel area. This increases its uniqueness and usefulness for 
denoising images with objects’ edge preservation. Peng et al. (2024)
recently studied the impact of five types of filters (Line transform, His
togram equalization, mean filter, median, and bilateral filter) on camera 
images obtained from a flocculation–precipitation experiment. The 

study found the bilateral filter to outperform others that fail to effec
tively denoise the images. It also emphasized the importance of carefully 
inspecting the impact of filters on flocs’ texture and analysis accuracy, to 
aid proper usage of the filters on floc images. Buades et al. (2011)
introduced the non-local mean filter, which likewise assumes that the 
image noise is a white noise. The target pixels’ value is estimated using 
the weighted average of neighbouring pixel. Fig. 3a shows images of 
different filters on a floc image acquired by NiDIA under flocculation 
condition (Gf = 20 s-1 and T = 15 min) with pixel size of 270 µm.

3.2. Edge detection analysis

Edges of flocs or objects in an image are continuous pixels with 
comparable intensity/values that separate two different parts of the 
image. The ultimate idea of edge segmentation is to define the object’s 
boundaries and segment the regions contained within them. Particles in 
the image may have an extremely blur boundary, as evidenced by 
multiple pixels at the object’s border with nearly identical pixel values. 
The edge detection technique is also known as edge-based segmentation 
(Zhao et al., 2024). Generally, every grayscale-based image segmenta
tion method begins with plotting the histogram distribution of the image 
pixels in order to gain insight into both the pixel distribution and pro
spective processing approaches. Edge detector operators include Sobel, 
Canny, Prewitt, Scharr, and Roberts (Liu et al., 2022; Rogowska 2009). 
These operators use differentiation operations to recognize the edges of 
objects, taking into account any discontinuity in pixel values (Chaki and 
Dey, 2018). In the case of Sobel, a gaussian filter is often applied prior to 
edge detection to reduce noise and produce smoother, more defined 
edges. Fig. 3b presents the output of various edge-based segmentations 
of floc images. It is worth noting that edge segmentation can sometimes 
overestimate the size of smaller particles, particularly when edges are 
blurred and noise is present, making it sometimes unsuitable for floc 
image analysis (Giering et al., 2020).

Fig. 3. NiDIA floc image from Moruzzi et al. (2018) under flocculation conditions (Gf = 20 s-1; T = 15 min; pixel size = 270 µm) processed with (a) different filter 
operators; (b) edge operator; (c) different threshold operations. The filters and threshold were carried out using OpenCV, edge operators on Scikit image were utilized 
for Roberts and Sobel edge operators.
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3.3. Thresholding

Thresholding is the most basic classical semantic segmentation 
method. There are various thresholding approaches that follow similar 
concepts and has been well-explored in flocculation analysis. The goal of 
thresholding is to divide an image into two distinct classes: background 
and foreground (flocs) depending on pixel values (Rogowska, 2009). 
Some techniques use the image pixel histogram, or the pixel value in
tensity, while others use the pixels’ local mean and standard deviation. 
These techniques are generally classified as local and global thresh
olding, but their operations include the histogram-based, mean, adap
tive, and global thresholding. The ease of computing and the fact that 
thresholding is less computationally expensive has facilitated its use in 
digital image processing, including flocculation and sedimentation 
image processing.

Global thresholding is a technique for handling images that have a 
bimodal pixel histogram, where the foreground and background are 
distinct. The global threshold divides the object (foreground) from the 
background by considering the complete image (Rogowska, 2009). It is a 
very basic and fast thresholding technique that transforms the input 
image using a predefined threshold value based on the pixel histogram 
or knowledge expert. Eq. (7) provides a mathematical expression for 
global thresholding, in which each pixel (x, y) in the image f(x, y) are 
classed as 1 and the pixels for the background in the image are classified 
as 0, resulting the binary image g(x,y).

g(x, y) =
{

1, f(x, y) ≥ T
0, f(x, y) < T (7) 

The Otsu algorithm is a popular type of global thresholding used in 
digital image processing to automatically determine the appropriate 
threshold value to segment/binarize the image. Notably, recent floccu
lation research such as those by Yuan et al. (2016), Baum et al. (2023), 
and Peng et al. (2024), have explored and compared the performance of 
Otsu algorithm in flocs images segmentation to other operators. Baum 
et al. (2023) reported that the Otsu algorithm performed poorly when 
handling floc images that had been pre-processed using a 5-pixel erosion 
disk, citing the images’ low dynamic range. Peng et al. (2024) discov
ered that the Otsu algorithm outperformed fixed thresholding in their 
experiment; however, the authors emphasized that such a technique 
may be unable to cope with certain floc images, particularly when a 
cloudy water is assessed, which could result in significant overlap be
tween the image foreground and background. Additionally, Chong et al. 
(2023) found that the Otsu algorithm underperforms when thresholding 
images with poor contrast, noise and uneven light intensity. This dem
onstrates that Otsu or global thresholding algorithms may not effectively 
handle certain floc images, particularly those with a high number of 
primary particles. It also emphasized the need to carefully select the 
appropriate segmentation strategy when analysing flocculation images.

The local thresholding segment images based on the sub-regional 
technique. Before computing the optimal threshold per sub-image, the 
image is partitioned into overlapping sub-image or the image intensities 
within the neighbourhood of individual pixel per sub-images 
(Rogowska, 2009). Local threshold, also known as adaptive threshold, 
seeks to solve the constraints of global threshold by focusing on images 
at sub-level prior to the second interpolation of pixel threshold values. 
Local thresholding is particularly effective for images with scattered and 
small objects, and images with inconsistent backgrounds/uneven light 
intensities (Chong et al., 2023). These descriptions support the findings 
of Peng et al. (2024), who found that adaptive thresholding out
performed the Otsu, histogram, iterative and fixed thresholding 
techniques.

Considering that the recent trend in flocculation modelling and 
image analysis is to achieve automatic segmentation process and 
seamless application of flocculation data using ML algorithms, it is 
considered essential to investigate the feasibility of modifying 

thresholding for flocculation image analysis. While this may be difficult 
due to the high variability of water and wastewater characteristics, as 
well as coagulant type and dosage, investigating the responsiveness of 
different thresholding techniques to various types of water, coagulant 
type and dosage in relation to flocs properties are considered worthy of 
consideration. Rogowska (2009) proposed that identifying the sensi
tivity of segmentation techniques to changes in flocs area and perimeter 
is a reliable approach for determining the appropriate threshold. Fig. 3c 
shows the output of various threshold techniques applied to a floc 
image.

3.4. Morphological operations

The proper handling of flocculation digital images is critical to 
obtaining a valid result. Although, floc properties such as size, shape and 
fractal dimension are essential features used in many flocculation 
models. Extracting accurate morphological floc features from 2D images 
could help understand the nature of the flocs generated and the impact 
of the flocculation conditions (Gf , T and coagulant effect). For instance, 
floc porosity is critical for understanding flocs’ resistance to shear stress 
and modelling aggregate settling velocity (Moruzzi et al., 2020a). 
Erosion, dilation, opening and closing are examples of general 
morphological operators, and the watershed image segmentation algo
rithm could be used in reconstruction. Erosion and dilation perform 
opposite functions; erosion shrinks the boundaries of the target objects 
(flocs), removing the pixel at the edges, while dilation works by filing 
the edges of the object and creating small holes within the flocs. Opening 
is a process that combines erosion followed by dilation to smooth edges, 
remove small undesirable noise, and break unwanted connections be
tween two or more objects while preserving the overall object structure. 
Also, closing is the inverse of opening (dilation followed by erosion). It is 
an effective operator for smoothing and repairing broken objects while 
preserving their overall shape, as well as filling minor gaps (Lerallut 
et al., 2007).

Baum et al. (2023) used an erosion morphological operator with a 
5-pixel wide disk size on floc images acquired from an automated mi
croscope before applying Otsu thresholding. Cardona et al. (2018)
modified particle image obtained from a particle size and shape exper
iment using PVM by closing with 8-pixel disk radius. It is important to 
highlight that morphological operators are not often employed to treat 
flocculation images, especially when specific floc textural features are of 
interest. This is because image analysis error is typically higher for 
smaller aggregates (Chakraborti et al., 2003; Moruzzi et al., 2017, 2018) 
and these operators may induce their disappearance, affecting the ac
curacy of the result. Although studies have not established the extent to 
which these operators cause errors in floc textural features, which re
flects a significant gap that needs to be explored for proper guidance on 
their usage for floc image analysis. Nonetheless, they could be used, 
particularly when floc size and shape are the variables of interest.

3.5. Feature extraction

The acquisition of detailed floc properties is critical in digital image 
analysis. Vision intelligence algorithms have made it possible to extract 
a wide range of floc attributes directly. Ideally, the connected compo
nent is established when the thresholding or other segmentation method 
is used (Baum et al., 2023; Rogowska, 2009). Specific function extracts 
aggregate properties such as equivalent diameter, area, perimeter, major 
and minor axis lengths, porosity, elongation, orientation, eccentricity, 
entropy, energy, correlation, rectangular and ellipsoidal aspect ratios, 
among others. These features can be process for direct modelling or 
relevant analysis.

Traditional ML and emerging DL techniques for image-based floc
culation modelling are presented in Sections 4 and 5. The discussion 
offers best practices in semantic segmentation using ML and DL models 
from diverse domains, with potential application in flocculation 
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modelling, as this is an emerging application in water treatment 
modelling.

4. Traditional machine learning semantic segmentation

Semantic segmentation techniques using ML are applicable to the 
majority of classification algorithms, although with certain exceptions. 
In general, ML algorithms for semantic segmentation are divided into 
two types: traditional ML and DL algorithms. Random Forest (RF) and its 
variants (Extreme Gradient Boosting, for example), Support Vector 
Machine (SVM), and K-Nearest Neighbour (KNN) are examples of 
traditional ML algorithms. These algorithms are robust and generate 
generalized classification and regression models. These have influenced 
their use in modelling various aspects of water and wastewater treat
ment (Arab et al., 2022; Bressane et al., 2023; Chong et al., 2024; Wang 
et al., 2022a).

The distinct benefit of ML models for segmentation is the ability to 
compare a wide range of image attributes to the annotated image in 
order to efficiently predict the ideal pixel value of the image, improving 
the object and background classification accuracy. In the case of floc
culation images, several semantic segmentation operators (e.g. gaussian 
filter, Otsu, numerous manual threshold values, edge detection, etc.) 
could be combined to provide a dataset for training ML models, which 
could result in a more generalized model. Furthermore, the variable of 
importance could be ranked, providing more precise information on the 
impact of individual operators. Since the model learns from diverse 
datasets and the labelled images, this approach may help reduce the 
time required for conducting sensitivity or error analysis on the images.

Nonetheless, these techniques are seldomly employed for segment
ing floc images. This might be attributed primarily to the reported drift 
to increased computing power of DL since the release of the convolu
tional neural network model (Mo et al., 2022). ML algorithms require 
labelled data (referred as masks) for training, which is an enormous task 
that requires expert’s knowledge and time consuming. This is a general 
disadvantage of ML and DL implementation in image segmentation. As a 
result, ML models are rarely used in recent flocculation or floc image 
modelling research, although several studies have used them in 
modelling water treatment processes and water quality (Dongsheng 
et al., 2017; Wang, 2016; Wang et al., 2022a). Mo et al. (2022) sup
ported this assumption, arguing that recent high computational power 
of DL algorithms are now the mainstream solutions for semantic seg
mentation tasks. Nonetheless, ML models may achieve high accuracy 
with a moderate dataset and lesser computational power than DL al
gorithms, which are often trained with large datasets. Further readings 
on the operational technicalities of major traditional ML algorithm for 
semantic segmentation are presented in section S2. The next section 
presents best practices in semantic segmentation using DL algorithms, as 
well as their potential for developing a generalized floc image segmen
tation model.

5. Deep learning semantic segmentation algorithms

DL-based semantic segmentation algorithms have proven relevant in 
digital image processing. The recent studies on flocculation imaging and 
water treatment modelling, though very limited, have demonstrated 
that advanced intelligence algorithms are critical for optimising treat
ment processes. Few studies have so far used DL algorithms, such as 
MaskRCNN (Daus et al., 2024) and DeepLab v3+ (Fukasawa et al., 
2024), to model flocculation processes/floc images in water treatment 
and sludge dewatering domains. Additionally, Yokoyama et al. (2024)
concluded that DL-based semantic segmentation model could facilitate 
real-time automation in their study that deployed a Vision Transformer 
(ConvNeXt) for predicting degree of flocculation (DF) by automatically 
controlling the flocculant dosage. These are significant and landmark 
efforts towards image-based DL model application to flocculation and 
system automation. Nonetheless, several challenges like the choice of DL 

algorithm, data preprocessing/ground truthing, algorithm computa
tional complexities, and so on, still limit the use of DL for flocculation 
image segmentation and modelling.

Since the introduction of Jonathan Long’s fully convolutional 
network (FCN) algorithm (Long et al., 2015; Shelhamer et al., 2017), the 
development of convolutional neural network algorithms (CNN) for 
semantic segmentation tasks has been revolutionized. The fully con
nected and end-to-end trainable network can learn from uninformed size 
images and provide highly precise maps of similar sizes. As a result, 
numerous DL semantic segmentation algorithms have been developed. 
These included the popular DeepLab and its versions (Chen et al., 2017; 
2018a, 2018b), U-Net (Diakogiannis et al., 2020; Ronneberger et al., 
2015), SegNet (Badrinarayanan et al., 2017), and Pyramid Scene Parsing 
Network – PSPNet (Zhao et al., 2017), among others. Currently, there is 
an exhaustive collection of hybrid models derived from DL semantic 
segmentation algorithms using feature engineering and transfer learning 
approaches. Semantic segmentation methods are integrated with clas
sical image classification models, such as the VGG16, GoogLeNet, and 
ResNet, to name a few. Table 4 presents a summary of major DL se
mantic segmentation algorithms. It is important to clarify that this is an 
inexhaustive list of pretrained models, and only the major releases are 
captured.

Of all these algorithms, U-Net is one of the most widely used, due to 
ease of manipulating architectural designs and exceptional accuracy, as 
proven by ResUNet (Diakogiannis et al., 2020), UNet++ (Zhou et al., 
2020), FG-Unet (Stoian et al., 2019) and others. The U-Net, a fully 
connected encoder–decoder network with skip links, is named for its U 
shape (Fig. 4a). The encoding layer consists of 3 × 3 convolutional filters 

Table 4 
Summary of State-of-the-art DL-based semantic segmentation algorithms. 
Adapted from Mo et al. (2022)and Singh and Rani (2020).

Year Algorithm Accuracy ( %) Domain

2015 FCN 62.2 Street scenes 
segmentation

​ U-Net 77.5 Biomedical Image
​ DeconvNet 72.5 Street scenes 

segmentation
​ SegNet 57.0 - 79.1 Street scenes 

segmentation
​ Deeplab V1 71.6 (IoU) Street scenes 

segmentation
2016 Deeplab v3 81.3 and 85.7 

(mIoU)
Scene segmentation

​ Dilated Convolutions 75.3 (mIoU) Street scenes 
segmentation

2017 PSPNet 85.4 Street scenes 
segmentation

​ RefineNet 83.4 Person segmentation
​ Deeplab v2 79.7 (mIoU) Scene segmentation
​ Large Kernel Matters 82.2 Street scenes 

segmentation
2018 ERFNet 68.0 - 86.5 Autonomous vehicle
​ Deeplab v3+ 82.1 and 89 Scene segmentation
​ DUC 80.1 (mIoU) Street scenes 

segmentation
​ ICNET 69.5 (mIoU) Street scenes 

segmentation
​ BiSeNet 68.4 (mIoU) Street scenes 

segmentation
​ AdaptSegNet 65.1 (mIoU) Street scenes 

segmentation
​ EncNet 85.9 (mIoU) Street scenes 

segmentation
2021 Mseg* 34.19 - 80.7 Multi-domain 

segmentation
2023 Segment Anything Model 

(SAM)
> 80 (mIoU) Multi-domain 

segmentation

The asterix (*) implies that datasets are combination of scene images, particles, 
(model validation) among others. Detailed list can be found in the original 
article on Mseg by Lambert et al. (2021).
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with a dropout layer, connected to successive layer using max pooling 
(Zhao and Zhang, 2024). Each encoding layer is concatenated to the 
corresponding decoding layer. The algorithm was originally designed to 
segment medical images (Ronneberger et al., 2015), but it has also 
successfully segmented digital images from other fields, including par
ticle images (Shi et al. 2022), making it a potential fit for image-based 
flocculation modelling. Fig. 4a shows the original U-Net design with 
an input image resolution of 572 × 572. Fig. 4b depicts FG-UNET, an 
adapted U-Net with a resolution of 64 × 64 (Stoian et al. 2019). In 
general, the difficulty of ground truthing images limits the application of 
DL in semantic segmentation (Liu, 2024). Ground truthing (manual 
image labelling – masks) is time-consuming and requires expert 
knowledge, making it a major bottleneck in semantic segmentation with 
DL. To address this challenge, recent research has investigated novel 
methodologies using weakly supervised semantic segmentation 
techniques.

5.1. Evaluation metrics for semantic segmentation

To quantitatively assess the performance of semantic segmentation 
models, several key metrics are commonly employed. These metrics 
provide objective measures of how well a model can accurately delin
eate objects within an image. The Mean Intersection over Union (mIoU), 
also known as the Jaccard index, is a widely used metric that quantifies 
the overlap between the predicted segmentation mask and the ground 
truth mask (van Beers, 2018). It is calculated by dividing the intersection 
of the predicted and ground truth areas by their union, and this calcu
lation is then averaged over all classes present in the image (or, in binary 
segmentation, over foreground and background). A higher mIoU score 
indicates a greater degree of spatial overlap and, consequently, better 
segmentation accuracy. The F1-score provides a balanced measure of a 
model’s precision and recall. Precision (also known as Positive Predic
tive Value) measures the proportion of correctly identified positive 
pixels (e.g., floc pixels) out of all pixels that the model predicted as 
positive. Recall (also known as Sensitivity or True Positive Rate) mea
sures the proportion of correctly identified positive pixels out of all 
actual positive pixels in the ground truth (Rizwan I Haque and Neubert, 
2020). The F1-score is the harmonic mean of precision and recall, 
calculated as: F1-score = 2 * (Precision * Recall) / (Precision + Recall) 
(Rizwan I Haque and Neubert, 2020). This metric is particularly valu
able in scenarios where class imbalance might skew other metrics, as it 
provides a robust assessment of segmentation performance by consid
ering both false positives and false negatives. For a detailed reading on 

the evaluation metrics applied to semantic segmentation, kindly refer to 
the review conducted by Rizwan I Haque and Neubert (2020).

5.2. Weakly supervised semantic segmentation

Appropriate image annotation or data labelling (masks) are required 
for training DL model. Its accuracy and quality determine the model’s 
segmentation and generalization capabilities (Liu, 2024; Mo et al., 
2022). One of the earlier challenges of semantic segmentation with DL is 
the time required to gather enough masks for training a highly gener
alized model (Liu, 2024). Here the work of Big Data and the creation of 
some large database, which has facilitated the overall development of 
DL semantic segmentation algorithms is to be acknowledged. Nonethe
less, domain-specific models (new or existing), such as flocculation, 
require sufficient labelled data for training. Similarly, data augmenta
tion strategies, while transforming the data shortage problem into a 
huge milestone, can only be effective if the masks are accurately 
annotated.

The demand for semantic segmentation has influenced problem- 
specific attention and modifications. Regarding data annotation, 
detailed image labelling (pixel annotations) takes time and is laborious, 
aside from the need for domain knowledge (Lambert et al., 2021). For 
instance, Lambert et al. (2021) spent more than a year and four months 
annotating the 80,000 images used for training the MSeg algorithm. This 
problem introduces “weakly-supervised semantic segmentation” as a novel 
concept, with the goal of training a model with sparsely labelled images 
(annotations) with good generalization accuracy. With this method, 
image masks are easier to generate in a short period of time than the full 
pixel annotations using the usual approach (full hand annotation). This 
emerging concept includes the usage of annotation bounding boxes (Dai 
et al., 2015), scribble annotation (Wang et al., 2019a), and point 
annotation (Qian et al., 2019). Table 5 summarizes the advantages and 
disadvantages of the current weakly-supervised semantic segmentation 
concepts. A detailed review on weakly supervised semantic segmenta
tion can be found in Mo et al. (2022).

For flocculation images, this concept gives an innovative technique 
to handle large floc image datasets, which could encourage the adoption 
of DL semantic segmentation models in flocculation modelling, further 
advancing water treatment modelling. Daus et al. (2024) suggested that 
manual annotation exaggerates mean floc size of smaller particles, in
troduces bias, and decreases the accuracy of DL models. The authors 
presented a novel copy-paste mask creation and data augmentation 
approach.

Fig. 4. Schematic description of (a) U-Net (Ronneberger et al., 2015) and (b) FG-UNet architecture (Stoian et al., 2019).
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The authors developed a multi-stage approach to generating floc 
masks. The denoised image was first segmented using the watershed 
technique, after which contours are identified. Selective segmentation 
was further carried out by cutting selected flocs (objects of interest) with 
bounding boxes, which were then blended into a new background to 
generate the masks. Data augmentation was performed by flipping, 
scaling, and rotating images and objects during the copy-paste opera
tion, as well as truncation and occlusion. Although their approach is 
more trustworthy than manual annotation, further research into reliable 
alternatives is recommended.

5.3. Real-time semantic segmentation

Real-time semantic segmentation is a novel and interesting approach 
to DL applications. This technique has been widely implemented in 
autonomous driving, video surveillance, sensor-based AI applications 
(Ha et al., 2017; Wang et al., 2019a), and more recently in water 
treatment (Yokoyama et al., 2024). Real-time segmentation was inspired 

by the challenge of DL segmentation models’ high computational 
powers. This hindered the adaptability of many DL models in providing 
real-time inference, which might encourage promoting sustainable and 
real-world solutions. As a result, transfer learning is employed to create 
a light computational algorithm, such as the U-Net architecture, which is 
efficient and robust. This concept is generally in three forms, as briefly 
explored below.

The U-Net encoder is the architecture’s backbone and accounted for 
the majority of its computational power (Mo et al., 2022). SwiftNet 
(Oršic et al., 2019) and Deep Feature Aggregation Network – DFANet (Li 
et al., 2019) are examples of architectures with lightweight backbone 
that use less computational power. SwiftNetRN-18, proposed by Oršic 
et al. (2019) explored ImageNet, ResNet-18 (He et al., 2016) and 
MobileNet v2 (Sandler et al., 2018) as the backbone, with an up sam
pling layer via a laterally connected decoder. DFANet slightly modified 
the Xception model and used it as the backbone to achieve a very ac
curate real-time semantic segmentation (Li et al., 2019). The architec
ture used an innovative approach by reusing high-level features that 
connect structural details and pixel information. While this approach is 
unique, Mo et al. (2022) argued that its main weakness is the disparity 
between the backbone architecture used, which is unfamiliar with se
mantic segmentation tasks (i.e., the majority of image recognition 
classification algorithms). Consequently, the backbone may fail to 
accurately cover the multi-scale information inherent in the images 
unless global average pooling is utilized, which is not a guaranteed 
solution.

Specialized backbone architectures for real-time semantic segmen
tation of high and low spectral images have been investigated, including 
the Lightweight Encoder–Decoder Network (LEDNet) designed by Wang 
et al. (2019a) and the low-rank-to-high-rank context reconstruction 
framework designed by Chen et al. (2020), among others. LEDNet used 
an encoder network made up of split-shuffle blocks with downsampling 
and shuffling, which is connected to a decoder network with an atten
tion pyramid network (APN) for semantic segmentation. These concepts 
are highly efficient, lightweight, and have demonstrated remarkable 
accuracy and precision. However, they often require a huge amount of 
data with precise masks for training.

YOLO (“You only look once”) is a lightweight algorithm capable of 
real-time semantic segmentation, image classification, oriented object 
detection, and other tasks (Chen and Zhu, 2024; Liu et al., 2022; Red
mon et al., 2016). YOLO has been extensively explored for real-time 
image analysis and modelling tasks. The YOLO architecture is in three 
components: the backbone, the neck, and the head. The YOLO series has 
been improved after its initial publication in 2016 by Redmon et al. 
(2016). Wang et al. (2024) recently unveiled YOLOv9, an improvement 
over the previous YOLOv8. The YOLOv9 implementation was built on 
YOLOv7 (Wang et al., 2022a) and dynamic YOLOv7 architecture (Lin 
et al., 2023). The YOLOv7 architecture previously introduced the 
trainable bag-of-freebies and E-ELAN (Extended Efficient Layer Aggre
gation Networks), in addition to the previous CSPNet backbone (Wang 
et al., 2019a) architecture in YOLOv5 (Chen and Zhu, 2024; Wang et al., 
2022a). The authors of YOLOv9 introduced reversible programable 
gradient information (PGI) to mitigate the information bottleneck 
encountered in its predecessors (information loss during the input data 
feedforward process). The CSPNet architecture was then replaced with 
GLEAN, which improved both the architecture and model inference 
performance.

Despite these tremendous and robust algorithms being available via 
open-source platforms, we were unable to locate any studies on floc
culation or water treatment that investigated any of these real-time 
segmentation algorithms. Although Chen and Zhu (2024) developed a 
real-time waste recognition model for surface water cleanup with an 
unmanned boat based on the YOLOv5s algorithm. It is believed that 
these algorithms will be adopted by future flocculation and water 
treatment modelling studies with interest in real-time modelling.

Table 5 
Summarized performance of weakly-supervised semantic segmentation algo
rithms adapted from Mo et al. (2022).

Annotation 
type

mToU 
% 
range

Advantages Disadvantages

Image-level 
labelling / 
pseudo-pixel

40.6 - 
66.7 
33.4

• Improved image 
annotation speed 
and ease of use.

• Objects of interest 
can easily be 
identified.

• The approach consumes 
time when handling 
very large datasets, 
compared to other 
methods.

• Boundary layers of 
images may not be 
properly identified.

• Objection location 
information is often 
missing and needs to be 
integrated for improved 
performance.

• Pseudo pixels metric 
could mislead 
segmentation if not 
effectively handled or 
modelled as a loss 
function.

Bounding box 48 - 
64.6

• Provide precise 
location of objects.

• Highly efficient for 
images with blurry 
object edges

• It depends on the image 
annotation quality.

Scribbling 63.1 - 
76

• Provide precise 
location of objects.

• Easier than the 
bounding box 
method.

• Highly efficient for 
images without 
thorough pixel 
annotation.

• Highly efficient for 
images with blurry 
object edges.

• Requires domain expert 
knowledge.

• Possess high selectivity 
and variation in 
scribbling pattern 
between the same or 
similar images.

Point 46.1 - 
70.5

• The simplest form of 
annotation.

• Excellent 
performance when 
handling large 
dataset.

• Compatible with 
diverse scene 
images.

• Highly efficient for 
images with blurry 
object edges.

• Seldomly applied in 
semantic segmentation.

• Lesser information for 
the algorithm to learn.

• Poor performance when 
handling complex 
datasets.

• May not be compatible 
for particle-based im
ages or floc images, 
when considering the 
primary particle.

​ 30
​ 19.6
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6. Future perspectives: pathway towards automation

The significant progress on flocculation modelling, digital floc image 
acquisition and recent image-based DL techniques indicates great po
tential and possible improvements in water treatment and process 
modelling. Limited studies have been carried out on advanced DL and 
ML algorithms implementation, primarily because of factors such as 
computational complexities and ground truthing, among others. The 
limited known findings demonstrate the potential for effective use of 
existing algorithms to accelerate the attainment of full automation in 
smart water and wastewater treatment. Of all the current challenges, 
generating timely and accurate masks is a major limitation. This could 
also be attributed to the complexities and variations in floc images 
caused by the camera lens, floc properties of interest, water quality, 
flocculant/coagulant type and other factors. As established by Daus 
et al. (2024), manual annotation is unreliable for flocs image ground 
truthing; thus, the best and one-size-fits-all strategy is to use a sensitivity 
analysis (error analysis) via the traditional segmentation method. This 
will assist authors in estimating the error in the mask generation; hence, 
masks with the least error can be used to train the DL/ML model, 
resulting in excellent segmentation accuracy. Such an approach will 
significantly reduce the time required to generate masks.

Additionally, sparse data labelling approaches such as the copy-paste 
method (Daus et al., 2024) and the weakly supervised approaches would 
provide a novel way to explore DL robustness in segmenting floc images. 
An exploration of the compatibility of weakly supervised model could 
further guide on the probable detail and the extent necessary for mask 
generation. Although Fukasawa et al. (2024) trained a DeepLab v3+
model with only 10 images, we believe it ought to have benefitted from 
data augmentation, increasing the model’s generalizability potential. 
Therefore, we strongly believe that the combination of data augmenta
tion and weakly supervised learning may facilitate mask generation, 
complementing the sensitivity analysis, which also requires physical 
examination of sparsely selected images.

Furthermore, floc images of diverse water type, coagulants, camera 
properties/imaging device, varying gradient of velocity and flocculation 
conditions can easily be annotated using sensitivity/error analysis and 
sparse sampling technique, to develop an accurate large floc-dataset, 

which can facilitate the development of the first highly generalized 
floc image segmenting DL model. This kind of model can be deployed for 
high inference and automatic modelling of flocculation kinetic and 
aggregate settling velocity – the most essential aspect of water treatment 
process.

Given the recent automatic flocculant dose obtained with the 
MaskRCNN model by Yokoyama et al. (2024), real-time flocculation 
kinetics and flocs evolution modelling are considered realistic, 
leveraging on the present pool of real-time segmentation techniques. In 
addition, the rapidly evolving field of Artificial Intelligence and its 
application through generative AI and Agentic AI (Zhang and Ng, 2024), 
coupled with the available IoT devices (Das et al., 2025), could facilitate 
the deployment of these robust models with sensing device in water 
treatment. Such milestone will facilitate full system automation in water 
treatment as initiated by Yokoyama et al. (2024) and other authors. A 
pictorial overview of the extensive discussions and future directions on 
possible DL algorithms adaptable for flocculation kinetics and real-time 
water treatment modelling is presented in Fig. 5.

Aside from flocculation modelling, the DL-based imaging modelling 
could provide real-time particle/pollutant tracking in water works (for 
example, microplastic monitoring and removal), real-time tracking of 
aggregate settling behaviour, and pollutant detection in reactors. For 
example, the high inference and existing pool of studies on the YOLO 
model series show that real-time particle aggregation and breakage 
tracking are feasible. Therefore, research aimed at achieving this goal 
would transform the dynamics of water treatment modelling and floc 
monitoring, facilitating smart water treatment. Similar results could be 
achieved by properly training real-time segmentation algorithms (e.g. 
LEDNet, DFANet, etc.). Following the pool of evidence, it is considered 
safe to foresee full system automation in water and wastewater treat
ment, which may be achieved by leveraging IoT and DL algorithms, 
thereby facilitating the attainment of industry 4.0 and 5.0.

Every prospective research direction is bound to encounter signifi
cant limitations at full-scale implementations. In the context of floccu
lation monitoring and modelling using image-based DL techniques, we 
believe that some pertinent issues surrounding image capturing, like the 
noise in images, camera lens and field of view, water turbidity and flocs 
size of interests, etc., have been addressed by previous studies. For 

Fig. 5. Overview of advanced vision ML and DL techniques applicable for implementing automated image-based water treatment modelling.
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example, Moruzzi et al. (2024) used the NiDIA technique to acquire high 
resolution images from multi chambers pilot plant and performed 
detailed kinetic modelling. Regarding the implementation at a full-scale 
treatment plant, we believed that situations such as staff training, reg
ulatory compliance, and particularly its integration with legacy systems 
are essential bottlenecks and restraints that will need to be addressed. 
Nonetheless, successful implementation of ML and DL models for opti
mising large-scale treatment has been reported over the last decade, as 
seen in Egypt Nasr et al. (2012), Sweden (Wang et al., 2021, 2022b), 
among others.

In terms of installations, the major barrier can be traced to the 
acquisition of appropriate hardware, such as image capturing devices. 
Nonetheless, the computational complexities, inference rate, and sensor 
compatibility in data transfer, and relevant infrastructure are critical 
challenges that could limit image-based DL applications in water treat
ment. Regardless, these limitations can be overcome with the emerging 
pool of AI virtual resources through Agentic AI, further proving that DL 
can be implemented in full-scale treatment system. Besides, studies like 
Fukasawa et al. (2024) and Yokoyama et al. (2024) have proven that DL 
models ca be seamlessly deployed at full-scale treatment plant.

Lastly, ethical considerations in image database management and 
data sharing policies are the other major concerns that may arise from 
implementation. This may warrant the need for a robust data security 
system and cyber intrusion management system, under certain circum
stances. However, floc image management can be achieved at the 
treatment plant level, where data acquisition is managed locally rather 
than through the internet. Besides, water treatment databanks also need 
to be created to facilitate global adoption, as seen in other fields like 
remote sensing. A unique attempt has been made by Liu et al. (2023), 
who created an open-access image database for chemical microparticles 
of diverse size range. Likewise, Bankole et al. (2025a) deployed an 
open-source flocculation kinetic tool that allows users to use the model 
without retaining their data by including an auto-destroy command in 
the model at the backend, to maintain users’ data privacy.

7. Conclusion

This study critically reviews recent developments in flocculation 
modelling using ML and DL algorithms. We elucidate the application of 
computing platforms in enhancing floc image analysis and review best 
practices semantic segmentation using ML algorithms, particularly DL, 
with an emphasis on their applicability to improving flocculation and 
water treatment modelling. Our findings reveal significant gaps and 
challenges limiting DL adoption, such as computational complexities, 
floc image ground truthing and masks generation, and issues arising 
from variations in water quality and coagulant dosage, among other 
factors. Processing time, seamless data management, and real-time 
modelling has influenced a drift to low-level computing platforms for 
images analyses and modelling tasks, instead of the standalone image 
analysis software. Factors such as the camera depth of field, extent of 
illumination penetration, presence of artefacts (bubbles) on reactor 
walls, and image resolution affects the accuracy of image acquisition 
and downstream model accuracy. Despite the introduction of error 
analysis over the past decades, studies have not established the sensi
tivity of image processing (filters, reconstruction etc.) to floc texture 
measurements and image analysis errors.

In response to these gaps, we propose the adoption of sensitivity 
analysis as the most efficient and time-saving method for generating floc 
masks. Accurate annotated masks of floc images acquired under diverse 
treatment conditions (water quality, coagulants, gradient of velocity, 
etc.) can be achieved to form large database within short time. Also, the 
exploration of sparse sampling for weakly supervised segmentation in 
combination with data augmentation as a viable means of assessing DL 
robustness in segmenting floc images is proposed. The future of DL 
implementation in water treatment lies in the implementation of real- 
time semantic segmentation algorithms and object detection models, 

enabling real-time pollutant tracking, floc aggregation and breakage 
tracking, and particularly pollutant identification during treatment. 
Based on the proposed concept, autonomous modelling and the attain
ment of the industry 4.0 and 5.0 in water and wastewater treatment is 
envisaged.
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