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ABSTRACT Real-time sensing and visual information provide significant opportunities to reveal the internal 

dynamics of flocculation–coagulation processes in water treatment systems. Industrial operations commonly 

rely on turbidity measurements, while research studies frequently employ the degree of flocculation (DF) as a 

process indicator. However, both parameters exhibit inherent physical delays because they represent 

macroscopic outcomes of particle aggregation and sedimentation that require time to become observable. As a 

result, conventional control strategies depend on reactive adjustments based on previous system states, 

reducing operational efficiency and limiting prediction accuracy. To overcome these limitations, this study 

proposes a Real-Time Sensing and Visual Information-Guided Physics-Informed Neural Networks (RTS-VG 

PINNs) framework. The proposed method integrates real-time sensing, deep visual perception, and governing 

physical laws into unified learning architecture. A ResNet-50-based feature extractor combined with YOLOv8 

is employed to identify regions of interest and extract early-stage predictive features from image sequences. 

These features are mapped to the time-varying effective sedimentation velocity within the Kynch sedimentation 

partial differential equation and coupled with the Langmuir–Smoluchowski formulation to estimate optimal 

coagulant dosage. Experimental results demonstrate that RTS-VG PINNs achieves superior predictive 

performance compared with purely data-driven models while maintaining low PDE residuals on the order of 

10-3. The framework successfully captures nonlinear relationships among coagulant dosage, turbidity, and zeta 

potential, reconstructs internal floc density distributions, and provides robust inverse predictions under limited 

and noisy data conditions.  

INDEX TERMS Real-time sensor turbitiy; Physics-informed neural networks (PINNs); Visual information 

flocculation; Dosage Optimization. 

I. INTRODUCTION 

Coagulation is an indispensable unit process for reducing turbidity [1] and color in surface water and is employed 

more than half of the water purification plants [2][3]. As its performance directly affects downstream processes such 

as flocculation and sand filtration, optimizing coagulation is critical for the overall efficiency of water treatment 

systems [4]. The effectiveness of coagulation is influenced by multiple factors, including pH [5], temperature [6], 

electrical conductivity [7], initial turbidity [8], mixing conditions (velocity gradient) [9], and coagulant dosage [10]. 

In practice, jar tests are commonly used to identify the optimal coagulant dose [11]. However, coagulation involves 

complex physicochemical interactions that exhibit highly nonlinear behavior [12], making it challenging to develop 

reliable and generalizable methods for dosage optimization [13]. 

Real-time sensing and visual observation of the upper liquid layer in thickeners offer a potential approach for 

inferring the internal dynamics of tailings flocculation–coagulation processes [14][15], as well as for estimating the 

optimal coagulant dosage . However, conventional turbidity measurements widely used in industry, along with the 

degree of flocculation (DF) commonly adopted in research [16], suffer from significant response delays relative to 

the actual flocculation state. This limitation arises because these measurements primarily capture particle 

concentration and distribution in the supernatant, rather than directly reflecting sedimentation and aggregation 



processes occurring deeper within the system [17]. Changes initiated at the bottom of the thickener require time to 

propagate upward before becoming observable as variations in clarity, leading to a temporal lag in both turbidity and 

DF measurements [18]. 

Fundamentally, these indicators represent the cumulative effects of aggregation and settling after they have 

occurred, rather than providing real-time insight into the evolving behavior of flocs [19]. This mismatch in time 

scales between measurement and process dynamics restricts traditional control strategies, which rely on delayed 

feedback and are therefore inherently reactive [20]. As a consequence, operational performance may suffer, including 

inefficient chemical usage. These challenges are commonly encountered across a wide range of industrial solid–
liquid separation systems.  Therefore, developing new predictive modeling [21] and control strategies that can 

overcome measurement lag and capture real process dynamics has important scientific value and urgent industrial 

demand, becoming a research focus in this field. 

Recent studies have increasingly explored the application of machine learning (ML) techniques to optimize 

coagulant dosage in flocculation–coagulation processes, aiming to overcome the limitations of conventional 

empirical and jar-test-based approaches. Data-driven models such as Artificial Neural Networks (ANN) [22], 

Random Forest (RF) [23], Support Vector Machines (SVM) [24], and Gradient Boosting (GB) [25] have been widely 

reported for predicting optimal coagulant dosage based on water quality parameters, including turbidity, pH, 

temperature, and organic content. These models have demonstrated strong predictive capabilities and the ability to 

capture nonlinear relationships inherent in coagulation chemistry. For instance, ANN-based approaches have been 

successfully used to model coagulant demand under varying influent conditions, while ensemble learning methods 

such as RF and GB have shown improved robustness against noise and variability in water quality data [13][26]. In 

addition, recent advances in deep learning have enabled the incorporation of image-based features, where visual 

information from floc formation is utilized to enhance prediction accuracy and provide additional insight into process 

dynamics [15][17]. 

Despite these advancements, purely data-driven approaches remain limited by their dependence on large, high-

quality datasets and their lack of physical interpretability [27]. In practical water treatment systems, data are often 

sparse, noisy, and subject to measurement delays, which can significantly degrade model performance and 

generalization capability [28]. Moreover, ML models typically learn correlations rather than causation, making them 

less reliable when operating conditions deviate from the training domain [29]. These limitations have motivated the 

integration of domain knowledge into learning frameworks. 

In this context, Physics-Informed Neural Networks (PINNs) have emerged as a promising paradigm for 

addressing the challenges of coagulant dosage optimization [29][30][31]. By embedding governing physical laws, 

such as sedimentation dynamics and particle aggregation kinetics [17], directly into the training process, PINNs 

provide a principled way to combine data-driven learning with mechanistic understanding. This hybrid approach not 

only reduces the reliance on large datasets but also improves model interpretability and extrapolation capability under 

unseen conditions. In flocculation–coagulation systems, PINNs can incorporate models such as the Kynch 

sedimentation equation [32] and Langmuir–Smoluchowski kinetics to constrain predictions [33][34], enabling more 

accurate and physically consistent estimation of optimal coagulant dosage. Therefore, PINNs represent a compelling 

direction for next-generation intelligent control and optimization in water treatment processes. 

To address this limitation and potential, this study proposes a novel Real-Time Sensing and Visual 

Information-Guided Physics-Informed Neural Networks (RTS-VG PINNs) framework, which represents a 

significant advancement in integrating high-dimensional visual perception with first-principles physical modeling. 

The key innovation of RTS-VG PINNs lies in its ability to dynamically inform the physics-based model using 

insights extracted from real-time turbidity measurements and image data. Specifically, deep learning architectures, 

including ResNet50 and YOLOv8, are employed to capture the evolving characteristics of floc structures from 

visual observations. These extracted features are subsequently mapped to the time-varying effective sedimentation 

velocity, 𝑣0(ݐ), which directly modulates the Kynch sedimentation partial differential equation (PDE) embedded 

within the PINNs framework as a forward (direct) problem. 

In parallel, real-time turbidity measurements obtained from sensors at the supernatant layer are utilized to 

characterize the temporal evolution of suspension clarity. This information is incorporated into the Langmuir–
Smoluchowski formulation within the PINNs framework to solve an inverse problem, enabling the estimation of 

optimal coagulant dosage. By jointly integrating visual and sensor data with governing physical equations, the 

proposed framework establishes a unified and physically consistent learning architecture. 

This study is conducted within a defined set of experimental variables, as illustrated in Fig. 1. The primary 

independent variable is the coagulant dosage. Key operational parameters include pH, temperature, electrical 

conductivity, velocity gradient (mixing intensity), initial turbidity, and initial zeta potential, are maintained as 

control variables throughout the experiments. The system response is evaluated using several dependent variables, 

namely final turbidity, floc aggregation characteristics (e.g., floc density), and floc settling velocity. Under optimal 



conditions, an appropriate coagulant dosage promotes particle destabilization, facilitating effective aggregation 

and enhancing sedimentation performance. 

 
Figure 1. Variable in experiment (a) coagulant estimation to unstable floc to become aggregated and (b) 

variables in research 
 

The performance of RTS-VG PINNs is rigorously evaluated through experimental and comparative analyses. 

Mechanistic investigations confirm the hypothesized role of visual information in driving the estimation of 

dynamic sedimentation velocity 𝑣0(ݐ), while turbidity-derived indicators effectively guide coagulant dosage 

optimization with a physically meaningful time advantage. Furthermore, the framework demonstrates the 

capability to infer internal concentration fields that are otherwise inaccessible through direct measurement, 

enabling real-time process understanding and control. Comparative results indicate that RTS-VG PINNs 

significantly outperforms purely data-driven approaches in predicting optimal coagulant dosage, surpassing 

conventional machine learning models such as Random Forest (RF), Gradient Boosting (GB), Support Vector 

Machine (SVM), and Multilayer Perceptron (MLP), particularly under conditions of limited and noisy data. 

 

II. EXPERIMENTAL MATERIALS AND METHODS 

The proposed research adopts a three-stage methodological framework that systematically integrates 

experimental data acquisition, hybrid physics-informed modeling, and rigorous validation to enable optimal 

coagulant dosage prediction in flocculation–coagulation processes as shown in Fig.2.  

The first stage focuses on constructing a comprehensive dataset that captures both physicochemical and visual 

dynamics of the coagulation–flocculation process. Experiments are conducted using different types of water 

samples, including artificial suspensions (e.g., kaolin-based) and natural water sources, to ensure variability and 



generalizability. Coagulant dosage is systematically varied across a predefined range to generate diverse process 

conditions. 

During the coagulation–flocculation process, real-time measurements are collected using a water quality 

monitoring system, which records key parameters such as turbidity, pH, and electrical conductivity. In parallel, 

visual data are acquired using imaging systems to capture the evolution of floc structures. The process outcomes 

are quantified through the degree of flocculation (DF), computed using turbidity reduction, image-based analysis 

(e.g., floc size, morphology, and density) [35], and mass-based measurements. This multimodal dataset is essential 

for capturing both observable and latent dynamics of the system, forming the foundation for subsequent model 

development. 

The second stage involves the development of a hybrid modeling framework that integrates data-driven 

learning with physical laws. Visual features extracted from image data using convolutional neural networks 

(CNNs) [36] are used to infer latent physical variables, particularly the time-varying effective sedimentation 

velocity 𝑣0(ݐ). This enables the model to incorporate early-stage floc formation dynamics that are not directly 

measurable through conventional sensors. PINNs is constructed by embedding governing equations, such as mass 

balance and sedimentation dynamics, into the loss function. These equations act as constraints, ensuring that the 

model predictions remain physically consistent. The integration of these components results in RTS-VG PINNs 

model, where visual information dynamically informs the physical parameters, and real-time sensor data guide 

the inverse estimation of optimal coagulant dosage. This dual coupling enables the model to bridge observable 

data with underlying process mechanisms. 

In the final stage, the proposed RTS-VG PINNs framework is rigorously evaluated using cross-validation 

techniques and quantitative error metrics. The model’s predictive performance is assessed in terms of its ability 
to accurately estimate key process variables, including degree of flocculation and optimal coagulant dosage.  

 

A. Experimental system and data foundation 

The experimental setup was designed to enable synchronized acquisition of physicochemical measurements and 

visual data during the flocculation–coagulation process, as illustrated in Fig. 3. Water samples were prepared using 

both natural and artificial sources to ensure variability in initial conditions. The natural water samples consisted of 

PDAM water with turbidity in the range of 50–60 NTU, while artificial samples were prepared using tap water and 

aquades, both with and without kaolin addition (50 mg/L) to simulate controlled turbidity conditions. The 

physicochemical characteristics of the samples varied within representative ranges, with pH values approximately 

between 6.2 and 7.8, electrical conductivity (EC) ranging from low-conductivity aquades (≈1–6 µS/cm) to higher-

conductivity tap and PDAM water (≈150–250 µS/cm), and initial zeta potential values between −3.1 mV and 0.3 
mV. These variations reflect realistic water treatment conditions and provide a diverse dataset for model training and 

validation. 

Coagulant dosing was systematically applied using polyaluminum chloride (PAC) [37], with dosages defined in 

the range of 12–120 mg/L. The corresponding liquid volume of coagulant ( ௠ܸ௅) was determined based on a 

conversion relationship that accounts for coagulant density, sample volume, and dilution factor: 

 

௠ܸ௅ = ܦ × ௦ܸߩ × 1000 ÷ ܨܦ                                                                                     (1) 

 

where ߩ = 1.2 g/mL is the coagulant density, ௦ܸ = 1 L is the sample volume, and ܨܦ = 100 is the dilution factor. 

Based on this formulation, the applied dosing range corresponds to approximately 1–10 mL of diluted coagulant 

solution, with 2–7 mL (24–84 mg/L) identified as the working operational range for effective flocculation based 

on visual flocculation. 

Real-time water quality parameters, including turbidity, pH, and electrical conductivity, were measured using a 

calibrated water quality meter and turbidity sensor. In parallel, a custom-built sensing module equipped with 

embedded electronics was deployed to continuously monitor turbidity dynamics at the supernatant layer. To capture 

the evolution of floc structures, a high-resolution camera system was positioned in front of the reactor, supported by 

controlled lighting to ensure consistent image quality and minimize noise. The camera recorded time-series images 

throughout the process, enabling extraction of floc size, morphology, and spatial distribution. 

All sensor readings and visual data were synchronized and logged through a central computing system for further 

processing. Prior to model development, the collected data were preprocessed, including noise filtering, 

normalization, and temporal alignment between sensor signals and image sequences. This integrated data acquisition 



framework ensures that both observable measurements and latent visual features are consistently captured, providing 

a high-quality dataset for training and validating the proposed RTS-VG PINNs model. 

.  

 
Figure 2. Desain methodology research 

 

B. Visual Guided-Enhanced Physics-Informed neural network (VG-PINNs) architecture and 

information flow  

Image data were collected using a controlled visual acquisition system to capture the temporal evolution of 

flocculation dynamics during the coagulation–flocculation process as shown in Fig.4. A Canon 250D camera was 

employed to record high-resolution video at 60 frames per second with a resolution of 1920×1080 pixels, ensuring 

sufficient spatial and temporal detail for feature extraction. The recording protocol was designed to cover the 

complete process, including rapid mixing at 200 rpm for 2 minutes, followed by slow mixing at 30 rpm for 10 

minutes, and a subsequent settling phase of 5 minutes. The camera was positioned in front of the jar test to provide 

a clear and consistent field of view, while lighting conditions were controlled to minimize reflection and ensure 

image quality. 

From the recorded video sequences, frames were extracted and preprocessed to generate image datasets for 

training CNN. Regions of interest (ROI) were defined within the observation window to focus on representative floc 



behavior while reducing background noise. This approach enables the CNN model to learn meaningful visual 

features related to floc size, morphology, and spatial distribution, which are critical for inferring underlying process 

dynamics and supporting the estimation of sedimentation-related parameters within the proposed RTS-VG PINNs 

framework. 

 

Figure 3. Data preparation and setup device to collect data experimental 

 

 

Figure 4. Image data collecting to train CNN model 

The proposed framework employs two complementary CNN architectures to capture floc dynamics with both 

high sensitivity and real-time capability. As illustrated in Fig. 5(a), a two-stage detection approach based on 

ResNet-50 [38] is adopted to enable high-resolution feature extraction. The architecture begins with an initial 

convolutional layer followed by four residual block stages with increasing depth, allowing hierarchical learning 

of low-level textures to high-level semantic representations of floc structures. The use of residual connections 

mitigates gradient degradation and facilitates deeper network training, thereby enhancing sensitivity to subtle 



variations in floc morphology, density, and distribution. The extracted features are then aggregated through global 

average pooling and passed through fully connected layers to produce regression or classification outputs related 

to floc characteristics, such as degree of flocculation (DF). 

In parallel, as shown in Fig. 5(b), a one-stage detection framework based on YOLOv8 [39][40] is implemented 

to support real-time detection and tracking of floc evolution. Unlike the two-stage approach, YOLOv8 performs 

feature extraction and object detection in a unified architecture, significantly reducing computational latency. The 

model consists of sequential convolutional blocks and cross-stage feature fusion modules, enabling efficient multi-

scale feature representation. This structure allows the model to rapidly identify and localize floc regions while 

maintaining competitive accuracy. The final classification head outputs floc-related features or DF estimates, 

which are subsequently integrated into the RTS-VG PINNs framework.  

 

 
Figure 5. CNN model architecture of (a) two stage detection use resnet-50 for high sensitivity detection and (b) 

one stage detection uses Yolov8 for real time detection 

 

The dataset was systematically constructed to capture the temporal evolution and dosage-dependent behavior 

of the flocculation–coagulation process. As illustrated in Fig. 6, experiments were initially conducted across a 

wide range of coagulant dosages (1–10 mL, equivalent to 12–120 mg/L) to cover diverse operating conditions. 

However, based on experimental observations, the most representative and effective flocculation behavior was 

identified within the range of 2–7 mL (12–84 mg/L), and this subset was selected for dataset construction and 

model training. 

Within this selected range, image samples were categorized into four distinct stages of floc evolution according 

to reaction time: early dispersion (0–1 min, Class 0), initial aggregation (3–4 min, Class 1), floc growth and 

densification (11–12 min, Class 2), and settling/clarification phase (16–17 min, Class 3). Each class reflects 

characteristic physicochemical transitions, from dispersed colloidal particles to the formation of dense flocs and 

subsequent sedimentation. 

The dataset integrates both visual observations and conceptual understanding of the flocculation mechanism, 

where coagulant species interact with suspended particles (e.g., organic matter and colloids) to promote 

aggregation. Image regions of interest (ROI) were extracted to ensure consistency and reduce background 

interference, allowing the CNN model to focus on relevant features such as floc size, morphology, and spatial 

distribution. By organizing the dataset across both temporal stages and optimal dosage conditions, the model is 

trained to capture the dynamic evolution of floc formation as well as its sensitivity to coagulant dosage. This 

structured dataset provides a robust foundation for supervised learning and supports accurate feature extraction 

for subsequent integration within the RTS-VG PINNs framework.  



 

Figure 6. Dataset of flocculation to train CNN model 

 

C. Physical model and Data-Driven parameters   

The proposed PINNs framework models the flocculation–settling process as a direct solution of the governing 

Kynch sedimentation equation, enabling the estimation of the spatiotemporal floc density distribution ߶(ݐ,  (ݖ

shown in Fig. 7. The neural network, parameterized by trainable weights ߠ, takes time and spatial coordinates as 

inputs, ݔ = ,ݐ) ݕ and outputs the floc concentration field ,(ݖ = ߶௣௥௘ௗ = ߶ேே(ݐ, ;ݖ  A key aspect of this .(ߠ

framework is that the training data are not solely obtained from direct measurements but are partially inferred 

from CNN applied to image data. Specifically, visual features extracted using CNN models (e.g., ResNet-50 and 

YOLOv8) are used to estimate the time-varying sedimentation velocity 𝑣0(ݐ) that obtain from CNN feature ݃( ௜݂௠௔௚௘(ݐ)), while also providing indirect information related to floc structure and degree of flocculation (DF). 

These CNN-derived features act as an intermediate bridge between raw visual observations and the physics-based 

model. 

The learning process is governed by a composite loss function that integrates physical constraints and 

observational consistency, defined as: 

 ℒ்௢௧௔௟ = ℒ௣ℎ௬(ߠ) + ℒௗ௔௧௔(ߠ) + ℒூ஼(ߠ) + ℒ஻஼(ߠ)                                          (2) 

 

where ߣ௣ℎ௬ , ௗ௔௧௔ߣ , ூ஼ߣ , ஻஼ߣ  are weighting coefficients that balance each component. The physics loss (ℒ௣ℎ௬) 

enforces the Kynch sedimentation equation by minimizing the residual of the governing partial differential 

equation: ܮ௣ℎ௬ = ௣ℎ௬௣ܰℎ௬ߣ ∑ |߲߶௣௥௘ௗ߲ݐ + ௣௥௘ௗ߶)ܨ߲ , ݖ߲(ݐ |(௧೔,௭೔)
2ே೛ℎ೤

௜=1                                                            (3) 

ensuring that the predicted solution satisfies mass conservation and sedimentation dynamics. The data loss (ℒௗ௔௧௔) 

incorporates experimental observations through: 

 



ℒௗ௔௧௔ = ௗ௔௧௔ௗܰ௔௧௔ߣ ∑ |߶௣௥௘ௗ − ߶ௗ௔௧௔(ݐ௜)|2         ே೏ೌ೟ೌ
௜=1                                            (4) 

 

which constrains the model at the observation boundary. The initial condition loss (ℒூ஼) is defined as: 

 ℒூ஼ = ூ஼௜ܰ௖ߣ ∑‖߶(0, (௜ݖ − 2ே೔೎‖(௜ݖ)0߶
௜=1                                                      (5) 

while the boundary condition loss (ℒ஻஼) enforces a no-flux constraint at the top surface: 

஻஼ܮ  = ஻஼௕ܰ௖ߣ ∑‖߲߶௣௥௘ௗ߲ݖ (𝑣0(ݐ)(1 − ߶௣௥௘ௗ)௡)‖2                                            (6)ே್೎
௜=1  

 

Through this multi-objective optimization, the PINNs framework simultaneously learns from data while 

adhering to first-principles physics, enabling robust reconstruction of internal floc density fields that are otherwise 

inaccessible to direct measurement. The incorporation of the time-varying sedimentation velocity 𝑣0(ݐ), inferred 

from visual feature extraction, further enhances the model’s ability to adapt to evolving floc characteristics. This 
formulation provides a physically consistent and data-efficient approach for modeling flocculation dynamics. 

 

 

Figure 7. Direct solution of flocculation process to approximate floc density distribution 

 

Fig. 8 presents the inverse modeling framework, where PINNs is employed to approximate the optimal 

coagulant dosage by learning the underlying physicochemical relationships governing flocculation–coagulation 

processes. In this formulation, the model takes as input a set of initial operational and water quality variables,  ܠ = ,ܪ݌} ܶ, ,ܩ ,0ߞ ܰܶ 0ܷ}, where  ܪ݌ is acidity, ܶ is temperature, ܩ is the velocity gradient, 0ߞ is the initial zeta 

potential, and ܰܶ 0ܷ is the initial turbidity.  

The network outputs multiple process-related variables, ܡ = ,(ܦ)ߞ} ,(ܦ)ܷܶܰ ݀௙௟௢௖(ܦ), 𝑣௦(ܦ)}, representing 

the evolution of zeta potential, turbidity, floc size, and settling velocity as functions of dosage (D). Unlike the 

direct problem, this inverse formulation aims to infer the optimal dosage condition by learning how system states 

evolve with respect to ܦ. 

 



 
Figure 8. Invers solution of flocculation process to approximate optimal dosing of coagulant 

 

To ensure physical consistency, the learning process incorporates governing equations derived from 

Langmuir-type adsorption kinetics and the Smoluchowski coagulation framework. The variation of zeta potential 

with dosage is constrained by: ݀ܦ݀ߞ = 1ߙ +  (7)                                                                                  ܦߚ

 

which captures the nonlinear adsorption behavior characterized by an initial rapid response followed by saturation. 

In parallel, turbidity evolution is modeled through the aggregation–breakup balance: 

ܦ݀(ܷܶܰ)݀  = −݇௔௚௚ ⋅ ܷܰܶ + ݇௕௥ ⋅ ܩ ⋅ ܷܰܶ                                                      (8) 

 

where ݇௔௚௚ and ݇௕௥ denote learning able aggregation and breakup rate constants, respectively. These physical 

relationships are embedded into the PINNs framework through mean squared error (MSE)-based residual losses: 

 ℒ఍ = ఍ܰ఍ߣ ܦ݀(ܦ)ߞ݀)]∑ − 1ߙ + ேഅ[2(ܦߚ
௜=1                                                             (9) 

 

ℒே்௎ = ௣ℎ௬௣ܰℎ௬ߣ ∑ [   
 ( ௔௚௚݇+ܦ݀((ܦ)ܷܶܰ)݀ ⋅ ௕௥݇−(ܦ)ܷܶܰ ⋅ ܩ ⋅ ((ܦ)ܷܶܰ

2
]   
                                                    ே೛ℎ೤

௜=1 (10) 

 

The total training objective combines data fidelity and physical constraints: 

 ℒௗ௔௧௔ = ௗ௔௧௔ௗܰ௔௧௔ߣ ∑ (௜ݐ)ௗ௔௧௔ݕ| − ,௜ݐ)௣௥௘ௗݕ 2ே೏ೌ೟ೌ|(ݔ
௜=1                                      (11) 

 ℒ௣ℎ௬௦௜௖௦ = ℒ఍ + ℒே்௎                                                            (12) 

 ℒ௧௢௧௔௟ = ℒௗ௔௧௔ + ℒ௣ℎ௬௦௜௖௦                                                      (13) 

 

where ℒௗ௔௧௔ measures the discrepancy between predicted and observed values, and ℒ௣ℎ௬ balances the 

contribution of physics-based regularization. Through this formulation, the model is guided to satisfy both 

adsorption-driven surface charge dynamics and aggregation–breakup mechanisms governing turbidity evolution. 

By jointly learning these relationships, the inverse PINNs framework is able to identify the optimal coagulant 

dosage corresponding to the equilibrium condition where aggregation and breakup are balanced. This approach 

not only improves prediction accuracy under limited or noisy data but also ensures that the inferred solutions 



remain physically interpretable. Consequently, the proposed method provides a robust and principled tool for real-

time coagulant dosage optimization in flocculation–coagulation systems. 

 

D. Training Details   

The model was trained using 10 independent experimental datasets, each comprising synchronized (ݐ)ܨܦtime 

series and corresponding image sequences. The dataset was partitioned into training and validation subsets with 

an 80:20 split based on experimental batches to preserve temporal and process consistency. To ensure adequate 

coverage of the solution space, Latin hypercube sampling was employed to generate collocation points, including 

2,000 physics points, 50 data points, 200 boundary condition points, and 200 initial condition points. The training 

process was conducted using the AdamW optimizer with an initial learning rate of 1 × 10−3, which was reduced 

by 50% every 5,000 iterations over a total of 20,000 training steps [41]. 

 

E. Performance evaluation methods and benchmarks 

The physical consistency of the proposed VI-PINNs model was evaluated by examining the convergence 

behavior of the physics-based loss term and analyzing the spatial distribution of partial differential equation (PDE) 

residuals across the solution domain, ensuring adherence to the governing physical laws. To further validate the 

internal mechanisms and enhance interpretability, the temporal evolution of the predicted sedimentation velocity 𝑣0(ݐ) was analyzed in relation to the auxiliary visual indicator cܸontrast(ݐ), providing insight into how visual 

features inform the physical model. Additionally, the plausibility of the inferred internal concentration field ߶(ݐ,  was assessed to confirm that the direct solution produces physically meaningful representations of floc (ݖ

distribution and settling dynamics. 

For the inverse solution, the predictive performance of the RTS-VG PINNs framework was benchmarked against 

several conventional machine learning models, including Random Forest (RF), Gradient Boosting (GB), Support 

Vector Machine (SVM), and Multilayer Perceptron (MLP). Model performance was quantitatively evaluated 

using standard regression metrics, including the coefficient of determination (ܴ2), root mean square error 

(RMSE), and mean absolute error (MAE). These metrics provide complementary perspectives on model accuracy, 

capturing goodness-of-fit, sensitivity to large errors, and overall prediction deviation. Comparative analysis 

enables a comprehensive assessment of the robustness and generalization capability of the proposed framework, 

particularly under conditions of limited and noisy data. 

 

III. EXPERIMENTAL RESULTS AND ANALYSIS 

A. Analysis degree of flocculation 

Fig. 9 presents the temporal evolution of turbidity and the corresponding degree of flocculation (DF) under 

varying coagulant dosages, obtained from real-time turbidity sensor measurements. As shown in Fig. 9(a), 

turbidity exhibits distinct dynamic behavior depending on the applied dosage. At lower dosages (e.g., 1–3 mL), 

turbidity reduction is relatively slow and incomplete, indicating insufficient particle destabilization and weak 

aggregation. In contrast, moderate dosages (approximately 4–7 mL) demonstrate a more pronounced and rapid 

decline in turbidity, particularly after the transition from slow mixing to the settling phase (around 10–12 minutes), 

suggesting effective floc formation and sedimentation. For higher dosages, the improvement becomes marginal 

or less stable, which may indicate overdosing effects such as charge reversal or restabilization of particles. 

The corresponding degree of flocculation, shown in Fig. 9(b), further highlights these trends. During the early 

stage (0–5 minutes), DF values remain relatively low or even negative, reflecting the dominance of mixing and 

initial particle interactions. As the process progresses, DF increases significantly for optimal dosage ranges, 

reaching peak values during the settling phase. Notably, coagulant dosages in the range of 2–7 mL yield the most 

consistent and stable increase in DF, confirming this interval as the effective operating window for flocculation. 

Beyond this range, DF improvement plateaus or exhibits fluctuations, indicating diminishing returns in 

aggregation efficiency. 

These observations demonstrate that real-time turbidity measurements provide a reliable proxy for quantifying 

flocculation dynamics and identifying optimal dosing conditions. The time-dependent behavior of DF also reveals 

a clear lag between initial mixing and observable clarification, emphasizing the importance of predictive modeling 

to anticipate process evolution. This experimental analysis forms the basis for subsequent model validation, where 

the RTS-VG PINNs framework leverages both temporal turbidity data and visual information to enhance 

prediction accuracy and enable proactive coagulant dosage optimization. 

 



 
Figure 9. Turbidity changes over time and degree of flocculation based on coagulant dosing 

 

B. Settling rate driven by visual information 

Fig.10 illustrates the performance of CNN models in classifying the evolution of floc density, which serves as 

a visual proxy for inferring sedimentation dynamics. The results are presented for two complementary 

architectures: ResNet50 (two-stage feature extractor) and YOLOv8 (one-stage real-time detector). 

The training and validation performance of the ResNet50 model are shown in Fig. 10(a) and Fig. 10(b). The 

loss curve in Fig. 10(a) demonstrates a consistent decrease over epochs, while the accuracy curve in Fig. 10(b) 

shows rapid improvement followed by stabilization at a high level. The relatively small gap between training and 

validation accuracy indicates good generalization capability, suggesting that ResNet50 effectively learns 

discriminative features related to floc density and structure. 

In contrast, the performance of the YOLOv8 model is presented in Fig. 10(c)–(e). As shown in Fig. 10(c), the 

training loss decreases steadily, indicating stable optimization behavior. The accuracy trend in Fig. 10(d) reveals 

that the model quickly converges and maintains consistent performance, demonstrating its suitability for real-time 

applications. The normalized confusion matrix in Fig. 10(e) further confirms the model’s classification capability, 
with high accuracy observed along the diagonal (e.g., above 0.90 for most classes). Misclassifications are 

primarily limited to neighboring classes, reflecting the gradual transition between flocculation stages rather than 

model instability. 

The combination of these two models provides complementary strengths. ResNet50 offers high sensitivity and 

robust feature extraction for capturing subtle variations in floc morphology, while YOLOv8 enables efficient real-

time detection and classification. Importantly, the visual features extracted from both models are subsequently 

mapped to the time-varying sedimentation velocity 𝑣0(ݐ), enabling the integration of visual information into the 

physics-based PINNs framework. As floc density increases, these models capture the structural evolution of flocs 

and translate it into physically meaningful settling behavior. 

The results demonstrate that visual information serves as a leading indicator of sedimentation dynamics, 

allowing earlier detection of floc development compared to turbidity-based measurements. This capability plays 

a crucial role in reducing measurement lag and enhancing the predictive performance of the proposed RTS-VG 

PINNs framework.  

Fig. 11 illustrates the ability of the vision-based model to quantify and track floc density evolution throughout 

the entire coagulation–flocculation process using confidence-level detection. As shown in Fig. 11(a), the CNN 

model assigns confidence scores to different floc density classes, effectively distinguishing between stages of 

dispersion, aggregation, densification, and settling. These confidence values reflect the model’s certainty in 
identifying the structural characteristics of flocs, such as size, compactness, and spatial distribution, across varying 

process conditions. 

Fig. 11(b) presents the temporal mapping of floc density based on the detected confidence levels over the full 

operational sequence, including rapid mixing (2 minutes), slow mixing (10 minutes), and settling (5 minutes). The 

raw and smoothed signals of the flocculation indicator demonstrate a clear progression through distinct classes, 

corresponding to different physical regimes of the process. During the rapid mixing phase, the confidence values 

remain relatively stable, indicating a predominantly dispersed state. As the system transitions into slow mixing, 

fluctuations in confidence reflect active particle collisions and the formation of initial aggregates. In the later 

stages, the confidence level increases and stabilizes, corresponding to the development of dense flocs and the 

onset of sedimentation. 

A key observation from Fig. 11(b) is the identification of the interface arrival time (ݐ௦), marked by a sharp 

transition in the confidence signal. This point signifies the moment when floc settling becomes dominant and the 

clarification front reaches the observation region. The ability to detect this transition from visual data provides a 



critical advantage over traditional turbidity-based measurements, which typically exhibit delayed responses. By 

mapping floc density evolution in real time, the model offers a more responsive and physically meaningful 

representation of process dynamics. 

These results demonstrate that confidence-based visual detection serves as an effective proxy for monitoring 

flocculation stages and identifying key transition points within the process. This capability plays a crucial role in 

informing the estimation of sedimentation velocity 𝑣0(ݐ) and enhances the integration of visual information within 

the RTS-VG PINNs framework for improved prediction and control of coagulant dosing 

 

 

Figure 10. Performance CNN model to classify the changing density floc 

 

 

Figure 11.  (a) Confidence level detection of floc density and (b) mapping the floc density based on confidence 

level detection in whole proses coagulation-flocculation (two-minute rapid mixing, ten-minute slow mixing, and 

five-minute settling) 

 

Fig. 12 presents the transformation of visually inferred floc density, obtained from CNN-based confidence 

levels, into a physically meaningful floc density distribution suitable for integration within the PINNs framework. 

As shown in Fig. 12(a), the degree of flocculation (ݐ)ܨܦ is first derived from the confidence scores associated 

with each flocculation class. These classes represent distinct physical stages of the process, ranging from dispersed 

particles (Class 0) to fully developed and settling flocs (Class 3). To quantify this relationship, a weighted mapping 



is employed, where the confidence level of each class is multiplied by a corresponding normalized turbidity 

degree. Specifically, the conversion is defined as: 

(ݐ)ܨܦ  = Confidence௖௟௔௦௦೙(ݐ) × NTU_degree௖௟௔௦௦೙                                            (14) 

 

where the assigned NTU degree reflects the relative clarity or turbidity associated with each flocculation stage 

(e.g., 0.1, 0.3, 0.8, and 1.0 for Classes 0–3, respectively). This formulation enables the conversion of qualitative 

visual classifications into a continuous quantitative indicator of flocculation dynamics. 

To reduce noise and enhance temporal consistency, the raw (ݐ)ܨܦ signal is further smoothed, as illustrated in 

Fig. 12(a). The resulting smoothed DF curve captures the progressive evolution of floc formation, including the 

transition from initial dispersion to aggregation and eventual settling. Subsequently, this DF signal is mapped into 

the solid volume fraction ߶(ݐ), as shown in Fig. 12(b), using the relationship between turbidity reduction and 

particle concentration. The mapped ߶(ݐ) exhibits a decreasing trend over time, reflecting the removal of 

suspended particles due to floc aggregation and sedimentation, with a sharp decline observed during the settling 

phase. 

This conversion process plays a critical role in bridging visual information and physical modeling. By 

transforming CNN-derived confidence levels into a physically interpretable concentration field, the approach 

enables seamless integration of image-based observations into the PINNs framework. As a result, the model is 

able to leverage visual data not only for classification but also for reconstructing internal system states, thereby 

enhancing the accuracy and responsiveness of flocculation process modeling and control. 

 

 

Figure 12. Result of conversion from density floc measured by confidence level to density distribution 

 

C. VG-PINNs prediction capability for internal spatiotemporal concentration field ϕ (t, z) 

Fig. 13 presents the performance of the direct solution PINNs solution in reconstructing the floc density 

distribution during the flocculation–coagulation process. The results demonstrate the ability of the model to 

achieve both numerical convergence and physical consistency while accurately capturing the underlying process 

dynamics. 

The training behavior of the model is illustrated through the evolution of loss components, where the total 

loss, physics loss (PDE residual), data loss, and initial condition loss all exhibit stable convergence over training 

iterations. Notably, the physics loss decreases to a very low magnitude, indicating that the predicted solution 

closely satisfies the governing Kynch sedimentation equation. This confirms that the model is not only fitting the 

data but also adhering to the underlying physical laws, which is a key advantage of the PINNs framework. 

The predictive accuracy at the observation boundary (ݖ =  is shown by comparing the PINNs output with (ܪ

experimental data. The model demonstrates strong agreement with the observed volume fraction derived from the 

degree of flocculation, successfully capturing key dynamic features such as the gradual decrease in particle 

concentration, transitional fluctuations during aggregation, and the sharp drop associated with the onset of settling. 

Minor deviations are observed during rapid transitions, which can be attributed to measurement noise and the 

inherent complexity of flocculation dynamics. 

Furthermore, the reconstructed spatiotemporal floc density field ߶(ݐ,  provides valuable insight into the (ݖ

internal behavior of the system. The predicted field shows a clear stratification pattern, with higher particle 



concentrations at lower depths and progressively lower concentrations toward the top, consistent with physical 

expectations of sedimentation. The movement of the interface over time is also captured, reflecting the downward 

progression of flocs and the clarification of the supernatant layer. 

These results demonstrate that the proposed direct PINNs solution is capable of accurately reconstructing the 

internal floc density distribution while maintaining strong physical consistency. This capability is particularly 

significant, as such internal states are typically inaccessible through direct measurement. The integration of 

physics constraints with CNN-informed inputs enables a robust and interpretable modeling framework, forming 

a solid foundation for subsequent inverse analysis and real-time coagulant dosage optimization. 

 

 
Figure 13. Performa of direct solution to approximation floc density distribution in flocculation-coagulation 

process 

 

D. Performance evaluation of VG-PINNs in approximate optimal dosing 

Fig. 14 presents the performance of the inverse solution PINNs in estimating the optimal coagulant dosage for 

the flocculation–coagulation process. The results demonstrate the capability of the proposed framework to achieve 

stable convergence while capturing the underlying physicochemical mechanisms governing dosage optimization. 

The training dynamics without uncertainty regularization are shown in Fig. 14(a), where the total loss and its 

components, including data loss, physics loss, charge neutralization loss (zeta potential), and aggregation loss 

(turbidity evolution), exhibit a consistent decreasing trend. This indicates stable optimization and effective 

learning of both data-driven and physics-based relationships. Correspondingly, Fig. 14(b) shows that the predicted 

optimal dosage rapidly converges after an initial transient phase and stabilizes within a narrow range, 

demonstrating strong convergence behavior and reliability of the inverse formulation. 

In contrast, Fig. 14(c) and Fig. 14(d) present the training results when Monte Carlo dropout is incorporated 

into the model. The loss curves in Fig. 14(c) show a more fluctuating pattern compared to the deterministic case, 

reflecting the stochastic nature of dropout during training. However, the overall downward trend confirms that the 

model still converges while benefiting from improved regularization. The corresponding optimal dosage evolution 

in Fig. 14(d) exhibits higher variability, capturing a distribution of possible solutions rather than a single 

deterministic estimate. This behavior reflects the model’s ability to account for uncertainty arising from noisy 
data and complex system dynamics. 

Importantly, despite the increased variability, the predicted dosage values remain within a physically 

consistent range, aligning with the experimentally observed optimal dosing window. The inclusion of Monte Carlo 

dropout enhances the robustness of the inverse PINNs framework by preventing overfitting and enabling 

uncertainty-aware predictions. This is particularly valuable in real-world water treatment systems, where 

measurements are often noisy and operating conditions are subject to variability. 



The results demonstrate that the inverse PINNs framework can reliably estimate optimal coagulant dosage 

under both deterministic and stochastic training settings. While the deterministic model provides stable point 

estimates, the Monte Carlo dropout-enhanced model offers additional insight into prediction uncertainty, making 

it a more robust and practical solution for real-time process optimization. 

 

 
Figure 14. Performa of invers solution to approximate coagulant optimal dosing in flocculation-coagulation 

process 

 

Fig. 15 presents a comprehensive evaluation of the proposed RTS-VG PINNs framework in approximating 

key physicochemical parameters, specifically turbidity (NTU) and zeta potential, in comparison with conventional 

machine learning models. The results highlight the advantages of incorporating physical constraints into the 

learning process. 

The training behavior under a curriculum learning strategy is shown in Fig. 15(a), where different loss 

components, including data loss, zeta potential loss, and aggregation-related physics loss, are progressively 

minimized. The staged reduction of loss indicates stable convergence and effective balancing between data fidelity 

and physics-based constraints. Notably, the physics-informed components guide the model toward physically 

consistent solutions, avoiding overfitting to noisy observations. 

The predictive relationships between coagulant dosage and process variables are illustrated in Fig. 15(b) and 

Fig. 15(c). For turbidity (NTU), the PINNs model captures the expected nonlinear behavior, including the initial 

decrease due to aggregation and the subsequent increase at higher dosages, reflecting overdosing effects. In 

contrast, traditional machine learning models such as Random Forest, SVM, MLP, and Gradient Boosting exhibit 

limited capability in capturing this complex trend, often producing oversimplified or biased predictions. Similarly, 

for zeta potential, the PINNs model successfully represents the nonlinear adsorption behavior, including the 

transition from charge neutralization to saturation, while other models fail to maintain physical consistency across 

the full dosage range. 

The parity plots in Fig. 15(d) and Fig. 15(e) further evaluate prediction accuracy by comparing model outputs 

with ground truth values. The PINNs predictions show a stronger alignment along the diagonal trend, indicating 

better agreement with experimental observations. Although some dispersion is present, particularly in NTU 

predictions due to inherent process variability, the overall trend demonstrates improved predictive reliability. 

A quantitative comparison using the coefficient of determination (ܴ2) is presented in Fig. 15(f). The proposed 

PINNs framework achieves the highest performance (ܴ2 = 0.498), outperforming Random Forest (ܴ2 = 0.484), 

Gradient Boosting (ܴ2 = 0.434), Support Vector Machine (ܴ2 = 0.285), and Multilayer Perceptron (ܴ2 =0.063). This improvement highlights the benefit of embedding physical knowledge into the learning process, 

particularly in scenarios with limited and noisy data. 

The results demonstrate that the RTS-VG PINNs framework provides more accurate and physically consistent 

predictions compared to purely data-driven approaches. By incorporating governing equations such as Langmuir 



adsorption kinetics and aggregation–breakup dynamics, the model achieves superior generalization and 

interpretability, making it a robust tool for coagulant dosage optimization in flocculation–coagulation systems. 
 

 
Figure 15. Accuracy of the learning parameter approximation compared to another Machine Learning model 

 

IV. LIMITATION AND FUTURE RESEARCH 

This study adopts a simplified one-dimensional Kynch partial differential equation (PDE) to represent the 

flocculation–sedimentation process. Although the model is enhanced through the incorporation of a time-varying 

sedimentation velocity 𝑣0(ݐ), real systems inherently exhibit complex three-dimensional hydrodynamics and spatial 

heterogeneity. Future research should therefore consider extending the current framework by integrating visual 

information with more advanced physical models, such as computational fluid dynamics (CFD), to better capture 

multidimensional flow behavior and particle interactions. 

In addition, the present formulation assumes that 𝑣0(ݐ) is the primary time-varying parameter linking visual 

features to physical dynamics. While this assumption provides a tractable and effective representation, it may not 

fully capture all visually observable phenomena associated with floc evolution. Further investigation is needed to 

determine whether additional time-dependent parameters, such as floc size distribution, porosity, or aggregation 

efficiency, should be incorporated, potentially through more flexible or higher-dimensional parameterization 

schemes. 

The experiments conducted in this study are limited to laboratory-scale conditions. Extending the proposed RTS-

VG PINNs framework to pilot-scale and full-scale industrial thickeners remains an important direction for future 

work. Such environments introduce additional complexities, including process variability, measurement noise, and 

operational disturbances, which may impact model performance. In particular, real-world conditions such as 

fluctuating lighting, weather variability, and electromagnetic interference from industrial equipment can degrade the 

quality of visual data acquisition, thereby affecting the reliability of the inferred 𝑣0(ݐ). 

Furthermore, future studies should explore the integration of mineralogical and physicochemical characterization 

to better understand aggregation mechanisms at the microscale. Incorporating advanced modeling approaches, 

such as population balance models (PBMs), could provide deeper insight into particle-level interactions, including 

aggregation and heteroaggregation phenomena. Such developments would enhance the interpretability and 

applicability of the proposed framework, supporting its deployment in more complex and realistic water treatment 

scenarios 

 

 

 

 

 



V. CONCLUSIONS 

This study presents a novel real-time sensor and visual information-guided Physics-Informed Neural Network 

(RTS-VG PINNs) framework for modeling and optimizing flocculation–coagulation processes. By integrating 

multimodal data, specifically real-time turbidity measurements and image-based features, with first-principles 

physical models, the proposed approach addresses a fundamental limitation of conventional monitoring systems, 

namely the inherent time lag in turbidity-based observations. The incorporation of visual information enables early-

stage detection of floc evolution, which is further translated into physically meaningful parameters such as the time-

varying sedimentation velocity 𝑣0(ݐ), thereby enhancing the predictive capability of the model. 

In the direct problem, the PINNs framework successfully reconstructs the spatiotemporal distribution of floc 

density ߶(ݐ,  demonstrating strong agreement with experimental observations while maintaining low PDE ,(ݖ

residuals. This highlights the model’s ability to infer internal system states that are otherwise difficult to measure 
directly. In the inverse problem, the framework effectively estimates optimal coagulant dosage by embedding 

Langmuir adsorption kinetics and aggregation–breakup dynamics into the learning process. Comparative results 

show that the proposed method outperforms conventional machine learning models, including Random Forest, 

Gradient Boosting, Support Vector Machine, and Multilayer Perceptron, particularly under conditions of limited and 

noisy data. 

The integration of visual perception with physics-informed learning not only improves prediction accuracy but 

also enhances interpretability and robustness. Furthermore, the incorporation of uncertainty-aware training (e.g., 

Monte Carlo dropout) demonstrates the model’s capability to handle variability and provide more reliable 
predictions. Overall, the RTS-VG PINNs framework offers a powerful and flexible approach for real-time 

monitoring and control of flocculation–coagulation systems. 

These findings suggest that combining data-driven learning with physical knowledge and visual information can 

significantly advance intelligent water treatment processes. The proposed framework provides a promising 

foundation for future development toward adaptive, real-time optimization and deployment in more complex 

industrial environments 
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