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Abstract: 

This study presents a modeling and optimization approach for electrostatic precipitator (ESP) collection 

efficiency using physics simulations, Taguchi design, gray relational analysis (GRA), and machine 

learning. A corona discharge and turbulent flow model simulated fluid velocity, electric field, charge 

density, and particle trajectories in a wire-to-plane ESP. Taguchi L27 simulation run  varied electrode 

radius, gas velocity, and applied voltage, showing voltage as the key efficiency factor, with lower gas 

velocities and larger electrode radii improving performance. GRA combined multi-size particle efficiencies 

into a single metric and determined optimal conditions. Machine learning models, Gradient Boosting and 

Artificial Neural Networks (ANNs), predicted collection efficiency with different strengths such as 

Gradient Boosting for fine particles and ANN for micron-sized particles. Both models showed limitations 

for ultra-fine and coarse particles, suggesting the need for expanded datasets. This framework provides a 

methodology for optimizing ESP performance. 

 

Keywords: Electrostatic Precipitators, Taguchi L27 orthogonal array, Gradient boosting, Artificial Neural 

network. 

 
1. Introduction: 

Electrostatic precipitators (ESPs) are widely employed for particulate matter removal in industrial gas 

streams because of their high collection efficiency and low operational costs (Li et al. 2019; Pannerselvam 

et al. 2021). Recent advances have focused on enhancing the ESP performance by integrating detailed 

physical modeling with data-driven optimization techniques (Zhai et al. 2022; Zheng et al. 2018). Studies 

have explored the coupling of corona discharge phenomena with turbulent flow dynamics to accurately 

simulate particle charging and trajectories, which are critical for predicting the collection efficiency across 

diverse particle size ranges (Yang et al. 2017).  

Advances in Physics-Based Modeling of ESPs have significantly enhanced the understanding and 

prediction of electrostatic precipitator performance by integrating detailed physical phenomena with 

computational techniques(Kawamoto 2020). Central to these advances is the coupling of corona discharge 

models with turbulent flow simulations, which enables the comprehensive characterization of the fluid 

mailto:asambare.ddukk@bamu.ac.in


velocity, electric field distribution, and space charge density within the ESP environment(Ning et al. 2024). 

This coupling captures the intricate interactions between charged carriers and fluid dynamics, which are 

critical for accurately modeling the particle charging and trajectory behavior(Zhang et al. 2026). 

Corona discharge modeling employs charge conservation equations coupled with Poisson's equation to 

describe the transport of charge carriers via drift in the electric field and convection with fluid flow(Chuan 

et al. 2020). While the model simplifies plasma physics by condensing plasma creation and maintenance 

effects into boundary conditions at the corona electrode, it utilizes Peek's law to impose realistic electric 

field values necessary for sustaining corona discharge. This approach allows for the predictive simulation 

of the electric potential and space charge distribution near the electrodes, which are key drivers of particle 

charging dynamics. 

Turbulent flow modeling within the ESP domain solves the Navier-Stokes equations by incorporating 

electrohydrodynamic forces arising from the interaction of charged particles and electric fields. The fluid 

velocity and pressure fields obtained influence the particle residence time and transport pathways, affecting 

the overall collection efficiency (Sonthalia et al. 2019). 

Particle tracing models integrate Newton’s second law to compute particle trajectories under the combined 

influence of drag and electric forces (Xu et al. 2024). Advanced drag force modeling incorporates 

rarefaction effects via the Cunningham-Millikan-Davis correction to account for small particle sizes, while 

particle charging dynamics are represented using the Lawless model, which calculates charge accumulation 

based on characteristic charging times and dimensionless charging rates from field and diffusion transport 

mechanisms.The researcher validated the electrostaic precipitator numerical model against an experimental 

setup to study current distribution and conducted an analysis on the electrostatic precipitator. However, the 

effects of operating parameters were not adequately explored using the design of experiments approach to 

determine the optimal operating point from an energy conservation perspective (Chen et al. 2019). 

Multi-response optimization approaches, such as grey relational analysis (GRA), have been increasingly 

adopted to synthesize performance metrics across multiple particle sizes, enabling the identification of 

optimal operating conditions that balance competing objectives (Sharma et al. 2024; Singh et al. 2024). 

Concurrently, machine learning techniques, including Gradient Boosting and Artificial Neural Networks 

(ANN), have shown promise in optimum operating conditions, with algorithmic strengths varying by 

particle size category (Ajala et al. 2025; Zhu et al. 2020). However, limitations remain in accurately 

modeling ultra-fine and coarse particle collection due to the complex underlying physics and limited data 

availability in case of electrostatic precipitators. This study integrates physics simulations, Taguchi design, 

GRA, and machine learning to optimize ESP collection efficiency, providing insights into operating 

parameter effects and size-specific predictive modeling from energy conservation point of view. 

 



2. Methodology: 

In this research we have modeled several aspects of an electrostatic precipitator using COMSOL 

Multiphysics 6.1. First, a simplified model for corona discharges coupled with the Turbulent Flow interface 

is used to compute the fluid velocity, electric field, and space charge density, which are necessary to 

compute the particle charging and relevant forces acting on particles. After, the Particle Tracing for Fluid 

Flow interface is used to compute the particle collection efficiency as a function of the particle radius. 

 
(a) 3D View of ESP 

 
(b) Interior View of ESP showing its electrode arrangement 

Figure 1: Electrostatic Precipitator Construction showing 3D view and Interior electrode 

arrangement 

 
2.2 Model Definition: 

Figure 1 shows the electrostatic precipitator's cross section in a wire-to-plane configuration. DC voltage is 

applied to inner electrodes with grounded walls. Particles released from the left inlet are transported with 



fluid, accumulate charge, and are deflected toward collecting plates. Table 1 presents the operation 

conditions. 

 
 

 

Table 1: Parameters for Simulation Run 

Name Expression Value Description 

H 0.1[m] 0.1 metres Height 

Rin 2[mm] 0.002 metres Electrode radius 

W 0.7[m] 0.7 metres Width 

Sp 15[cm] 0.15 metres Electrode separation 

muN 3e21[1/(V*m*s)] 3E21 1/(V*m*s) Reduced ion mobility 

 

 
Figure 2: Simulation domain of the electrostatic precipitator 

 
2.3 Corona Model: 



The corona model relies on current conservation by charged carriers. The model requires both potential and 

electric field to be given at the corona electrode, as it does not self-consistently determine the electric field 

needed for discharge from electron and ion transport principles. 

 

2.4 Domain Equations: 

The corona model solves charge carrier transport using charge conservation and Poisson's equations. 

Transport includes drift in electric field and convection. Without source terms the domain equations are 

∇ ∙ ۸ = 0۸ = ௤۳ߩߤ௤ݖ + 2ܸ∇0ߝ ܝߩ =  ௤ߩ−

where ۸ (A /m2 )is the current density, ݖ௤ is the charge number, ߤ ( m2/ V ⋅ s ) is the mobility, ߩq (C/m3 ) 

is the space charge number density, ۳ is the electric field, ܝ is the fluid velocity ( m/s ), ܸ is electric 

potential, and 0ߝ is the vacuum permittivity. This set of equations can be manipulated to obtain the following 

transport equation ߤ 0ߝ௤2ߩ) − ∇ܸ ∙ (௤ߩ∇ + ௤ߩ∇ ∙ ܝ = 0 

Assuming constant mobility, the domain equations contain no plasma creation information. All plasma 

physics is condensed in the inner electrode boundary conditions. 

 
2.5 Boundary Conditions: 

The normal electric field at the corona electrode serves as a boundary condition for Poisson's equation ܖ ∙ ۳ =  0ܧ

The other boundary conditions for Poisson's equation are ܸ = 0 at the collection plates and zero charge at 

the inlet and outlet. The boundary condition for above equation involves in finding the space charge density ߩ௤ at the corona electrode, using a Lagrange multiplier, so that the imposed potential 0ܸ is verified ܸ − 0ܸ = 0 

Both potential and electric field are imposed at the corona electrode. To obtain physical results, the field at 

the wire needs to match reality.  0ܧ = 3 × ߜ106 (1 +  (௜ݎߜ√0.03



where 0ܧ ( V/m ) is the breakdown electric field, ߜ is the gas number density normalized to the gas density 

at 760 torr and 293.15 K,  .௜ is the radius of the corona electrodeݎ

Turbulent Flow Model 

The Turbulent Flow interface is used to solve for the fluid velocity and pressure ܝ)ߩ ⋅ ܝ(∇ = ∇ ⋅ ۷݌−] + ܝ∇)ߤ + [(T(ܝ∇) + ۴ாு஽∇ ⋅ ܝ = 0  

where ߤ is the dynamic viscosity ( kg/(m ⋅ s) ), ߩ is the fluid density ( kg/m3 ), ݌ if the pressure (Pa ), and ۴ாு஽ is the electrohydrodynamic force define as ۴ாு஽ =  ௤۳ߩ

 
2.6 Particle Tracing Model: 

Particle positions are computed by solving second-order motion equations following Newton's second law. ݀ݐ݀ܙ = ݐ݀݀ܞ (݉௣ܞ) = ۴௧ 
where ܙ is the particle position (m ), ܞ is the particle velocity (m/s ), ݉௣ is the particle mass ( kg ), and ۴௧ 
is the total force (N) acting on the particle. In this example the forces acting on the particles are the drag 

force and the electric force. Rarefaction effects need to be included in the drag force because the particle 

radius become very small. Here, the drag force ۴஽ (N ) is described with the Cunningham-Millikan-Davis 

model ۴஽ = 1߬௣ܵ݉௣(ܝ −  (ܞ
where ߬௣ is the particle velocity response time (s) define as ߬௣ =  ஽Re௥ܥߤ௣݀௣23ߩ4

where ߩ௣ is the density of the particles (kg/m3 ), ݀௣ is the particle diameter (m ), ܥD is the drag coefficient, 

and Rer is the relative Reynolds number given by the expression Re௥ = ߩ ∥ ܝ − ܞ ∥ ݀௣ߤ  

and ܵ is the drag correction coefficient defined as ܵ = 1 + Kn(1ܥ + ⁡2expܥ (−  ((3Knܥ

where are dimensionless coefficients. 

The electric force ۴௘ (N) acting on the particles is defined as 



۴௘ = ܼ݁۳ 

where e (C ) is the elementary charge, and ܼ is the accumulated charge number on each particle. 

The charge accumulated on the particles is computed with the Lawless model ߬௖ ݐܼ݀݀ = { ௙ܴ + ௔݂ |௘ݒ|) ≤ ௦|)ܴௗݒ| ௔݂ |௘ݒ|) >  (|௦ݒ|
where ߬c is the characteristic charging time ߬௖ = k஻ߤ௤ߩߨ24݁ ௜ܶ 
where k஻ is the Boltzmann constant, and ܶ ௜ is the ion temperature. ܴ ௙ and ܴ ௗ are the dimensionless charging 

rates due to field and diffusion transport, respectively, defined as 

௙ܴ = 0ߝ௦4ݒ (1 − ௦)2ܴௗݒ௘ݒ = ௘ݒ − ௘ݒ)⁡௦expݒ − (௦ݒ − 1 

where ݒ௘ = ௣k஻ݎ0ߝߨ24ܼ݁ ௜ܶ 
 

 



 

 

Flowchart 1: Numerical Simulation Methodology for Electrostatic Precipitator 



3. Results and Discussion: 

Figure 3, 4, and 5 show fluid velocity, electrostatic potential, and space charge density from the corona 

model coupled with Turbulent Flow interface. Particle trajectories were computed using this data. The 

corona and fluid models were fully coupled, yet fluid velocity remains unaffected by electrohydrodynamic 

force, with drift velocity exceeding fluid velocity in key regions. Space charge density was higher near 

inner electrodes where corona discharge was luminous, causing faster particle charge accumulation due to 

large charge densities and electric fields. 

 

Figures 6-9 show particle trajectories and charges accumulated in particles of several radii. Particles are 

released at the left and transported toward the right outlet. The particles become charged along their 

trajectory, with electric forces deflecting them toward the wall. Particle radius influences the balance of 

drag and electric forces, affecting trajectory and precipitator collection efficiency. Figures 10-11 show 

particle collection efficiency and average charge at the last time step versus particle radius. Collection 

efficiency was higher at extreme particle dimensions. Larger particles are collected efficiently due to greater 

electric charge, while smaller particles are collected efficiently due to less drag force. Between these 

extremes, drag force dominates trajectories, resulting in lines parallel to collection plates and low collection 

efficiency. 

 

Partial charging becomes important in the small-particle branch. A model describing partial charging should 

capture the random nature of particles having charges of 1 or 0. In the present model, particles can be 

charged between 0 and 1, potentially causing inaccurate collection efficiency for small particles. These 

models reveal size-dependent behaviors: larger particles achieve higher collection efficiency through 

greater charge accumulation and electrostatic forces, while smaller particles benefit from reduced drag 

forces. Intermediate particles show lower efficiency due to dominant drag force limiting plate deflection. 

The models show limitations in capturing partial charging for ultrafine particles, where charge quantization 

is significant. The coupled corona and fluid models showed electrohydrodynamic forces minimally affected 

fluid velocity, suggesting future computational efficiency through model uncoupling. 



 
 

Figure 3: Velocity magnitude of the flow in electrostatic precipitator 

 

 
 

Figure 4: Electric Potential lines around electrodes in Electrostatic Precipitator 

 



 
 

Figure 5: Space Charge Density in Electrostatic Precipitator 

 

 
 

Figure 6: Particle trajectories with the charge number along the trajectory expressed in color for 

particles with a radius of 0.01 μm. 
 



 
 

Figure 7: Particle trajectories with the charge number along the trajectory expressed in color for 

particles with a radius of 0.2 μm. 
 

 
 

Figure 8: Particle trajectories with the charge number along the trajectory expressed in color for 

particles with a radius of 2 μm. 
 



 
 

Figure 9: Particle trajectories with the charge number along the trajectory expressed in color for 

particles with a radius of 5 μm. 
 

 
 

Figure 10: Particle collection efficiency as a function of the particle radius 

 



 
 

Figure 11: Average charge accumulated per particle at the last time step as a function of the 

particle radius 

 

 

 



 
Table 2:Taguchi L27 orthogonal array design matrix and collection efficiency responses for 

electrostatic precipitator simulation. The process parameters included the electrode radius (m), 

velocity (m/s), and voltage (V). The collection efficiencies were measured at four particle size scales: 

Eff₁₀⁻², Eff₁₀⁻¹, Eff₁₀⁰, and Eff₁₀¹. The maximum efficiency values for each particle size category are 

highlighted. 

 

The simulated results from the Taguchi L27 orthogonal array design are shown in Table 2, presenting 

collection efficiency responses for all parameter combinations across four particle sizes. The data showed 

efficiencies ranging from 0.040-1.000 based on electrode radius, gas velocity, and applied voltage 

combinations, demonstrating the importance of parameter optimization for maximum collection efficiency. 

Among the 27 experimental runs, Run 21 (electrode radius = 0.0020 m, gas velocity = 10 m/s, applied 

voltage = 50 KV) achieved perfect collection efficiency (η = 1.000) for both fine particles (Eff₁₀⁻¹) and 

coarse particles (Eff₁₀¹), as shown in Table 2. This configuration combines maximum radius and voltage 

with minimum velocity. Run 3 and Run 25 also achieved maximum efficiency (η = 1.000) for coarse 

particles (Eff₁₀¹), showing multiple parameter combinations can achieve excellent coarse particle collection. 

Analysis of the data showed voltage was the dominant controlling parameter. Collection efficiency 

increased with voltage across particle sizes when examining parameter sets with constant radius and 



velocity but varying voltage (Runs 1-3, r = 0.0005 mm, u = 10 m/s). For coarsest particles (Eff₁₀¹), efficiency 

increased from 0.150 at 10 KV to 0.630 at 30 KV to 1.000 at 50 KV, a 567% improvement. Electrode radius 

showed a secondary effect, with larger radii enhancing performance under favorable voltage conditions. 

Gas velocity had an inverse relationship with collection efficiency, with lower velocities (10 m/s) 

performing better than higher velocities (50 m/s) due to extended particle residence time. 

The collection efficiency showed strong particle size dependency across the four size fractions in Table 2. 

Coarse particles (Eff₁₀¹, dp = 10 μm) showed the highest mean collection efficiency (0.415 ± 0.263), with 

perfect collection (η = 1.000) in five runs. This aligns with electrostatic precipitation principles, where 

larger particles acquire greater charge and experience stronger forces. Ultrafine particles (Eff₁₀⁻², dp = 0.01 

μm) showed the lowest efficiencies (mean = 0.133 ± 0.097), ranging from 0.060 to 0.550, reflecting the 

challenge of capturing nanometer-sized particles where charging efficiency is limited.Statistical analysis of 

the 27 experimental runs showed significant performance variation across the design space. The coefficient 

of variation ranges from 60-73% across response variables, with Eff₁₀⁻² showing highest variability (CV = 

73%) and Eff₁₀¹ showing lower variability (CV = 63%). This variability confirms collection efficiency's 

sensitivity to parameter selection and validates using Design of Experiments methodology. The worst 

performance occurred in Run 4 (r = 0.0005 mm, u = 30 m/s, V = 10 V), achieving only 4-8% collection 

efficiency across particle sizes. 

Given the multi-response optimization problem with four competing efficiency objectives across particle 

sizes, gray relational analysis (GRA) was used to identify the optimal compromise solution. GRA converts 

the response variables into a single composite performance metric (Grey Relational Grade) to determine 

globally optimal operating conditions, as detailed in the following section. 



 
 

Table 3: Grey Analysis dataset for Taguchi L27 Simulation Run 

 



 
 

Figure 12: Comprehensive Grey Relational Analysis of Taguchi L27 optimization study. (A) 

Rankings: (a) GRG values for all runs with top three highlighted, (b) best vs. worst comparison, (c) 

GRG distribution. 

 



 
 

Figure 13: Parameter Effects: (a) main effects plot, (b-d) distribution by radius, velocity, and 

voltage. (D) 3D Analysis: (a-b) parameter space visualization, (c) contour map, (d) parallel 

coordinates. Color coding: green = high performance; red = low performance. Top performers 

(Runs 21, 3, and 25) were consistently marked. 

 



 
 

Figure 14: Effect of Electrode radius on Mean Grey Relational Grade 

 

 
 

Figure 15: Effect of Applied Voltage (KV) on Mean Grey Relational Grade 

 



 
 

Figure 16: Effect of Gas Velocity on Mean Grey Relational Grade 

 

 
 

Figure 17: Interaction between Applied Voltage and gas Velocity on Mean Grey relational Grade 

 



 
 
Figure 18: Interaction between Applied Voltage and gas Electrode radius on Mean Grey relational 

Grade 

 

 
 
Figure 19: Comparison of Simulated results with Gradient Boosting Model Performance Analysis 

 



 
 

Figure 20: Comparison of Simulated results with Artificial Neural Network Analysis 

 

 
 

Figure 21: ANN Vs Gradient Boosting Model Comparison 

 

Machine learning models were utilized to predict collection efficiency across four particle sizes using 

Taguchi L27 data. Gradient Boosting and Artificial Neural Network approaches were used, with model 

effectiveness evaluated on a test set (n=6) distinct from the training data (n=21). Figure 19 shows the 

Gradient Boosting model's performance, with excellent accuracy for fine particles (Eff₁₀⁻¹: R² = 0.75) and 

strong performance for micron-sized particles (Eff₁₀⁰: R² = 0.72). However, the model failed for ultra-fine 

(Eff₁₀⁻²: R² = -7.56) and coarse particles (Eff₁₀¹: R² = -2.81), with negative R² values indicating worse 

predictions than mean-based forecasts. The ANN models (Figure 20) exhibited complementary 

performance. The optimal ANN (50-25 neurons, 2 layers) achieved excellent predictions for micron-sized 

particles (Eff₁₀⁰: R² = 0.75), slightly exceeding Gradient Boosting. However, ANN performance declined 

for fine particles (Eff₁₀⁻¹: R² = -0.46), a 264% loss compared to Gradient Boosting. A direct comparison 

(Figure 21) revealed model-target interactions. Gradient Boosting was superior for fine particles (+264% 

advantage), while ANN had a marginal advantage for micron particles (+4%). Both models were inadequate 



for extreme sizes (Eff₁₀⁻², Eff₁₀¹), but ANN showed better accuracy in these failure modes (67-91% 

improved R² despite remaining negative). These results show that algorithm selection for multi-response 

optimization must be target-specific. For fine-particle collection, Gradient Boosting models provided 

reliable predictions (R² = 0.75). For micron particle optimization, either algorithm is acceptable, with a 

slight preference for ANN. Predictions for extreme sizes remain unreliable with current data (n=21), likely 

requiring datasets over 100 samples to capture the complex physics of diffusion-dominated (ultra-fine) and 

inertia-dominated (coarse) collection mechanisms. 

 

4. Conclusion: 

This study formulated a unified model amalgamating physics-based simulations, Taguchi experimental 

design, grey relational analysis (GRA), and machine learning to optimize ESP collection efficiency 

across multiple particle sizes. The coupled corona discharge and turbulent flow model quantified fluid 

velocity, electric field, and space charge density, permitting evaluation of particle charging dynamics 

and trajectories. Taguchi L27 simulation identified applied voltage as the principal component 

affecting collection efficiency, with larger electrode radii and lower gas velocities enhancing 

positively. GRA synthesized multi-size particle efficiencies into a single performance metric, steering 

identification of optimal operating conditions. Machine learning models exhibited target-specific 

predictive capabilities such as Gradient Boosting outperformed in fine particle prediction, while 

Artificial Neural Networks performed better for micron-sized particles. Both models exhibited 

limitations for ultra-fine and coarse particles, indicating the need for expanded datasets to encapsulate 

complex collection physics. The Outcomes provide a framework for ESP performance optimization, 

linking physical processes with data-driven approaches and furnishing insights for future experimental 

and modeling studies aimed at improving particulate matter removal efficiency. 
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