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This study conducts an experimental and modeling investigation on the
optimization of the glass fiber filter diversion structure. Addressing the
critical issue in air filtration systems of enhancing the service life and
performance of filter devices, this research rationally designs and optimizes
the structural parameters of the diversion structure. Numerical simulation of
the filter device was established through airflow organization experiments of
glass fiber filters to explore the impact of various guide vane structure
parameters on the system's air distribution uniformity and service life.
Furthermore, machine learning was employed to optimize the guide
structure of the filtration device based on the results of numerical
simulations. The study demonstrates a good agreement between numerical
simulation results and experimental outcomes, with an error of less than
10%. The optimal length and angle of the guide plate predicted by machine
learning are 163.2 mm and 38.5° respectively. This research not only
injects new momentum into the continuous advancement of air filtration
technology but also shows significant potential in energy efficiency and cost
control.
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1. Introduction

In light of the escalating environmental contamination and industrialization, coupled with the
recurrent influenza epidemics, air pollution has emerged as a critical issue of the 21st century [1, 2].
With the majority of human activity, an estimated 80-90%, confined to indoor settings, indoor air
quality (IAQ) has risen to become one of the top three public health hazards [3]. Therefore, the
deployment of effective air filtration systems is paramount in the strategy to ensure public health by
achieving in-depth air purification and maintaining optimal IAQ.

At present, effective air filtration devices are used in medical [4, 5], transportation [6, 7] as well
as residential [8, 9] or industrial applications. However, the continuous operation of air filters is prone
to accumulate dust cakes, resulting in increased resistance and energy waste [10]. To promote the
concept of green sustainable development and effectively balance filtration performance and energy
consumption, scholars in related fields have explored scientific pathways to improve indoor air quality
from perspectives such as air purification technology, pollution source simulation experiments and
optimized design of air supply systems.



The reduction of pollutant concentration can be effectively managed with the help of diversified
purification technologies [11], such as traditional dry filtration [12], ultraviolet irradiation [13],
photocatalytic degradation [14], dynamic plant filtration systems [15], and air purification systems
such as plasma [16]. Among them, traditional dry filtration, such as fibre filtration [17], is widely used
due to its low cost and ease of production.

To enhance the efficiency and service life of dry filtration systems, the current research mainly
focuses on the optimization of filter elements and the design of diversion structures. Initially, First of
all, the optimal design of the filter element is closely related to its material, pleat number, geometric
characteristics and other factors [18]. Antuo Wang et al. [19] improved filtration performance by
controlling the porous structure on the surface of fibers through the fabrication of PTFE porous fibrous
membranes. Li et al. [20] analyzed the impact of pleat geometry on the filtration and cleaning
characteristics of filter media, highlighting that the effective filtration area is predominantly influenced
by the pleat ratio. Alilou et al. [21] explored the influence of pleats on the air velocity field within
HEPA filters by using CFX and GeoDict. Guangping Teng et al. [22] further explained the advantages
of U-shaped filters in filtration performance by establishing a pressure drop model during the dust
loading process. However, compared to the substantial achievements in filter element optimization,
research on the optimization of flow-guiding structures remains limited, with only a few scholars
making preliminary progress in this area. Zhang et al. [23] pointed out that adding flow-guiding
devices can improve the uniformity index of the airflow field by over 5%. Zhuang et al. [24] used a
comprehensive evaluation metric of thermal efficiency and effective efficiency to analyze the impact
of V-shaped perforated baffle structures, which incorporate solar air heaters, on performance,
identifying the optimal structural parameters for the guiding plates. Menni et al. [25] studied the
effects of different flow guide plate shapes on the steady-state turbulent forced convection behavior
within air heater channels, concluding that the V-shaped guiding plate represents the best design, with
a thermal enhancement factor increased by 13.542% compared to a simple baffle. Therefore, the
addition of guiding plates and the optimization of their structures can significantly enhance the
uniformity of the airflow field and effectively improve the performance of related equipment.

The structural parameters of diversion devices are diverse, and their effects on filters are
complex, leading to high economic and technical costs for experiments [26]. Therefore, researchers
have turned to developing precise numerical models to explore the uniformity of airflow fields. For
instance, Li et al. [27] utilized numerical simulations to investigate the flow and heat transfer
characteristics of turbulent fluid in channels with multiple V-shaped baffles. Luo et al. [28] derived
optimal folding distance and height parameters for HEPA filters under different wind speed conditions
based on Computational Fluid Dynamics (CFD). Cheng et al. [29] constructed a model of V-shaped
pleated air filter media and employed a CFD-Discrete Element Method (DEM) coupling approach to
simulate the deposition process on particle model surfaces. Xu et al. [30] conducted a comprehensive
evaluation of flow performance and filter utilization in air purifiers by selecting various filter
structures and adding inlet diversion features, using Fluent software. Although these studies have
achieved certain results in numerical simulation, they generally lack sufficient experimental
validation. The limitations in the selection of operating conditions often mean that the proposed
optimal design solutions are applicable only under specific circumstances, making broader
implementation challenging.



Machine learning, as a significant branch of artificial intelligence, demonstrates immense
potential in handling complex data, optimizing decision-making processes and achieving automation
[31]. The models it establishes rely on vast amounts of data for training and learning, continuously
optimizing themselves through feedback mechanisms [32]. Bayesian-based machine learning methods
effectively utilize historical data during the search process, gradually narrowing the search space for
optimal solutions, thereby enhancing search efficiency. Although numerical simulation and machine
learning each have their advantages, there is limited research on the application of coupling these two
methods for optimizing model parameters. Additionally, there is currently a lack of relevant
experimental and theoretical validation regarding the efficiency and lifespan of dry filtration in the
context of flow structures.

The purpose of this study is to enhance the efficiency and longevity of air filtration systems by
optimizing the glass fiber filter diversion structure, with the main work involving experimental
analysis of the effects of diffuser dimensions on airflow distribution, simulation modeling using
COMSOL software to assess air uniformity and filter utilization, application of machine learning to
predict optimal structural parameters, and the development of broadly applicable models that could
significantly improve energy efficiency and cost-effectiveness in various sectors.

2. Experimental work

2.1. Materials
The experiment utilized an H14-grade high-efficiency air filter produced by Xingyue

Purification Equipment Co., Ltd., with dimensions of 200 x 400 x 45 mm and an initial resistance
maintained below 150 Pa. The filter media consists of fiberglass filter paper, designed with a wedge-
shaped pleat that is folded on both sides. The frame is made of aluminum alloy and equipped with dual
protective grids, resulting in a compact and lightweight structure, as illustrated in the Fig.1. The
airflow velocity of the high-efficiency filter, which is the air velocity passing through the filter surface
per unit time, is one of the key indicators for assessing its performance and has a direct impact on both
filtration effectiveness and resistance. In this experiment, the airflow velocity of the filter was set at
0.45 m/s. To effectively extend its service life, the filter employs a special hot-melt adhesive to
separate the filter papers, ensuring uniform and reasonable spacing between them, thereby achieving
consistent airflow and low resistance. All components are made from materials with extremely low
chemical volatility, meeting the requirements for conventional clean rooms and air filtration
equipment.

Fig.1 H14-grade high-efficiency air filter.
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The micro-flow within the pore space is uniformly distributed on a macroscopic scale. Porosity,
as a crucial parameter in materials science, is defined as the ratio of the volume of pore space within a
material to its total volume, which ultimately determines the apparent average flow rate [33]. This
parameter is vital for understanding the macroscopic behavior of materials, such as fluid flow and
mass transport. To accurately quantify the porosity of the filter core, high-resolution scanning images
were obtained using the Phenom XL G2 desktop scanning electron microscope (SEM) from four
randomly selected regions of the filter core. Using ImageJ image processing software, threshold
algorithms were applied to binarize the images, clearly distinguishing between porous and non-porous
areas. The scanning electron microscopy images and their corresponding binarized images are shown
in Fig.2.
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Fig.2 The SEM imaging of the filter element and its binarized images.
After processing, the ratio of the pore area to the total area for each image is presented in Tab. 1.
Statistical results indicate that the average porosity of the studied filter core is approximately 0.27.
Tab 1. Image Pore Data.

Image 1 Image 2 Image 3 Image 4 Average
Pore area (px) 260937 261450 268133 265260 -
Total area (px) 1024x960 1024x960 1024 X960 1024 X960 -
Porosity 26.54% 26.60% 27.28% 26.98% 26.85%

2.2. Experiment

To investigate the impact of deflector structure parameters on the airflow distribution
uniformity within the purifier chamber, this study constructs a physical model containing an air
purification module, as shown in Fig.3. The model is made of acrylic material with dimensions of 400
mm in length, 600 mm in width, and 200 mm in height. An H14 high-efficiency air filter is selected to
ensure consistent and reasonable spacing between filter media, thereby optimizing the airflow path to
achieve uniform velocity distribution and lower flow resistance. The distance from the filter element
to the inlet is set at 300 mm. To accurately assess the airflow distribution within the model, five
velocity sampling points are established along the model's sidewalls, corresponding to five cross-
sections located at 0 mm, 100 mm and 200 mm in front of the filter's windward face, as well as at 0
mm and 150 mm in front of the filter's leeward face, with all sampling points positioned 50 mm above
the bottom of the chamber. To reflect the airflow distribution under different deflector structure
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parameters, a 120W, 200-2P-220V floor-mounted axial fan is utilized, with airflow rates of 1100-2000
m*h. Wind speed measurements are conducted using a Testo hot-wire anemometer at the five cross-
sections, taken at lateral distances of 50 mm, 100 mm, 150 mm and 200 mm from the sidewall,
yielding a total of 20 precise wind speed data points.

Acrylic panel test box

Blower

Fig.3 The schematic diagram of the experimental setup.

The study employs an isosceles triangle as the geometric configuration of the deflector,
designating the angle a and length h has the key structural parameters. Four distinct angle values (10°,
20°, 30° and 40°) and three different lengths (50 mm, 100 mm and 150 mm) were selected for
comparative analysis. To comprehensively evaluate the performance of the deflector, a baseline
condition without a deflector was also established. In total, the experiment encompasses 13 different
comparative conditions, as shown in Tab.2.

Tab.2 The comparative working conditions.

o

h 0° 10° 20° 30° 40°
Omm Case 1 - - - -
50mm Case 2 Case 3 Case 4 Case 5 -

100mm - Case 6 Case 7 Case 8 Case 9
150mm - Case 10 Case 11 Case 12 Case 13

3. Modeling approach

3.1. Sublimation kinetics model of dry ice

Based on the physical model configuration, this study utilizes COMSOL Multiphysics software
for modeling, solving, and analyzing the problem, which has demonstrated significant advantages in
exploring the complexities of porous media [34]. To comprehensively and thoroughly investigate the
optimal configuration and flow performance of the flow guide plates, a series of combinations of
structural parameters for the plates were established. The length of the flow guide plates was set to 10-
200 mm (increasing by 10 mm increments), while the angle was set to 10-100° (increasing by 10°
increments), resulting in a total of 200 simulation experiments. The results of the numerical
simulations form a rich and detailed dataset that will provide a solid foundation for the subsequent
learning and optimization of neural networks.

3.1.1 Fundamental Principles of Numerical Simulation

The Reynolds number is a core concept in fluid dynamics, expressed by the following formula:



Re =" ()

where, p [kgm™®] is the fluid density, v [ms™] is the fluid velocity, u [Nsm?] is the dynamic viscosity
of the fluid, L [m] is the characteristic length.

The flow of fluid within the purifier adheres to the continuity equation and the momentum
equation [35]. The continuity equation, which is based on the principle of mass conservation, states
that the net mass of fluid exiting the control volume per unit time is equal to the mass reduced within
the control volume over the time interval due to changes in density. The differential form of the
continuity equation can be derived as follows:

dp 0(pw) d(pv) _dp

at dx dy at
where, u. v [ms™] is respectively the velocity components of the fluid in the x and y directions, p
[kgm™] is the fluid density, u is the The velocity vector of the fluid, ¢ [s] is time.

When the fluid flows within the purifier, the flow space remains fixed. In this case, the fluid
motion adheres to the conservation of momentum equation, as indicated in Eq. (3), where the rate of
change of momentum to time is equal to the sum of various external forces acting on the infinitesimal
element [36].
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where, p [P,] is the pressure on the infinitesimal body.
To better capture the dynamics of the process, this experiment utilizes the Realizable k-& model
for simulation, with the turbulence kinetic energy equation as follows [37] :

The transport equation for turbulence kinetic energy is:

d(pk) Jd(pku;) 0 u;_ ok
@, 1= = ——[(u+ =) 7= + G + Gy — pe — Yy + S 4)
o~ 0x;

ot ox;  0x;
The transport equation for the turbulent dissipation rate is given by:
2
I "“g’,j‘f) - aix] [ +5 ;—Z] +pCiSe — pLas— =+ e CasC +5: (6)
where, u; is the turbulent viscosity, o, and o, are the turbulent Prandtl numbers corresponding to
the turbulent kinetic energy k and the dissipation rate &, with values of 1.0 and 1.3, respectively, Gy
is the turbulent kinetic energy generated by the laminar velocity gradient, Sy and S, are user-defined
turbulent kinetic energy and turbulence dissipation source terms, both set to 0, C;¢, C,. and Cs. are
constants with values of 1.44, 1.9, and 1.92, respectively.

The establishment of the porous medium model satisfies the fluid flow equations with
momentum sources, adhering to Darcy's law [38]. Once the fluid domain is defined as a porous
medium, resistance coefficients can be artificially specified in each direction to account for the
resistance of the solid phase to the fluid in the porous medium. The porous medium used in this
experiment is assumed to be homogeneous, described by the following expression:

Si = —(Duv; + Coplvivy) (6)
where, S; is the source term in the momentum equation for the i(x. y. z). D is the viscous
resistance coefficient, defined as i a is the permeability; C, is the inertial resistance coefficient.



3.1.2 Fundamental Principles of Numerical Simulation

To simplify the calculations, a two-dimensional planar simulation model was established based
on the cross-section of the measurement points, with relevant boundary conditions set as shown in
Fig.4. The model dimensions were designed according to the experimental setup, measuring 400 mm
in length and 600 mm in width. The filter thickness is 45 mm, and a porous medium model was
utilized with an average density of 1.2 kg/m? and a porosity of 0.27. An air inlet channel measuring
100 mm x 10 mm was created at the outlet position. To reduce the computational load while ensuring
the accuracy of the simulation results, a steady-state solver was employed, with a maximum of 1000
iterations and a relative tolerance set to 0.1. Finally, the model's accuracy was verified by varying the
length and angle of the guiding plates, followed by multiple numerical simulations.
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Fig.4 The schematic diagram of the two- Fig.5 Grid independence analysis.

dimensional simulation model.

3.1.3 Grid Independence Analysis

Theoretically, an increased number of grid cells enhances grid quality. However, an excessive
number of grid cells can consume computational resources and extend computation time. Conversely,
having too few grid cells may adversely affect the accuracy of numerical results. To mitigate the larger
errors that could arise from grid-related issues, this study selected six different numerical models with
varying grid counts under the same operating conditions (with a deflector angle of 10° and a length of 10
mm) for numerical simulation. Based on the velocity calculations at a specific point, an appropriate grid
count was determined. According to the results in Tab.3 and Fig.5, a model grid with 50,075 elements was
chosen, balancing computational efficiency and result accuracy.

Tab.3 The velocity at a specific point under the same conditions with different grid resolutions.

Mesh Quantity 2483 5052 7806 11805 50075 183592

Velocity (m/s) 2.166 2.525 2.688 2.743 2.766 2.758

3.2. Machine Learning Methods

Previous studies have demonstrated that the gas flow within air purification models is complex,
and its flow characteristics are influenced by the geometric structure of the guiding plates. However,
existing research largely focuses on the effects of single variables under predefined conditions for
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specific structures, revealing clear methodological limitations. Although some scholars have attempted
to broaden their research scope through comprehensive numerical simulations or experimental
analyses, these approaches are often time-consuming, labour-intensive, and costly. Furthermore, when
faced with large parameter spaces, it becomes challenging to effectively explore global optimal
solutions. Additionally, optimization design selections based on limited experimental or simulation
results often struggle to accurately assess the potential performance improvements. To address these
issues, this study proposes employing a machine learning approach that integrates genetic algorithms
to optimize neural network parameters, facilitating collaborative optimization of the objective function
within its continuous domain [39]. The optimized neural network will be able to learn the structural
parameters of the guiding plates and subsequently analyze the impact of the guiding plate dimensions
on the usage rate of air purifier filters.

3.2.1 Principles of Machine Learning

In recent years, machine learning methods have been widely utilized in various research areas
for predictive purposes, achieving significant results [40]. Neurons are the basic units in neural
networks, which receive multiple input signals, generate output signals through certain calculations
and transmit the output signals to other neurons. The formula of neurons can be expressed as:

a=g(Zwixl-+b> (7)
i=1

g(z) = max(0, z) 8)

where, a is the output of the neuron, w; is the weight of the i — th input signal, x; is the i — th input
signal, b is the bias, g(z)is the ReLU activation function, which is used to map the input z of
neurons to a specific output value for nonlinear transformations.

The core of this approach lies in employing multilayer neural networks for data modeling and
feature extraction. Through its hierarchical structure, machine learning can automatically learn and
extract multiple levels of abstract features from raw data, enabling efficient and accurate predictions
and classifications in complex tasks [41]. This study aims to leverage this advanced technology to
accurately predict the velocity non-uniformity coefficient and filter usage rate of a specific air
purification model.

3.2.2 Selection of Machine Learning evaluation Indicators

Careful selection of the structural parameters of the guide vane can effectively alleviate the
issues of uneven air supply and insufficient filter usage efficiency, thereby extending the filter's
lifespan and maximizing its performance. In fluid dynamics, the distribution of flow field velocities
can be assessed using uniformity indices based on area-weighted average velocity and mass-weighted
average velocity [23, 42]. To further optimize the uniformity of air supply and the utilization
efficiency of the purifier, this study employs the velocity non-uniformity coefficient K and filter
usage rate as the primary evaluation metrics, reflecting the fluid velocity distribution characteristics
across the entire flow cross-section and analyzing the impact of guide vane dimensions on the air
purifier's filter usage rate. The calculation method for the velocity non-uniformity coefficient is as
follows [6]:

_¢



(10)

(11)

where, K the velocity non-uniformity coefficient, & the root means square deviation of the
velocity at the windward surface measurement points of the filter element, ¢ is the weighted average
velocity at the same measurement points. A smaller K value indicates better airflow distribution
uniformity.

The calculation method for the filter element utilization rate § is as follows [43]. It
characterizes the degree of deviation between the observed values at the windward surface
measurement points and the maximum value. A larger § indicates better filter utilization and a longer
lifespan.

n Qmax — Qi
§=1-— i=1( Qmax ) (12)
n

where, Q; [m*h™]is the airflow through each filter section, Quq [m*h™] is the maximum airflow
through the filter section.

When both the velocity non-uniformity coefficient is minimized and the filter utilization rate is
maximized, it signifies that the structural parameters of the guide vanes have the most significant
impact on promoting airflow uniformity in the purifier and extending the filter’s lifespan. Therefore, a
comprehensive evaluation index g is introduced to further refine the optimal selection of guide vane
structural parameters.

B = (13)

6
K
4. Results and discussion

4.1. Experimental Results on the Impact of Baffle Structural Parameters on Air Purifier
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The influence of various baffle structural parameters on air purifier performance is primarily
assessed through the analysis of data from the areas in front of the windward surface, specifically the
test results from measurement points 1 to 12. However, under certain conditions with longer baffle
lengths or larger angles (conditions 8 to 13), the physical constraints limit the ability of the hot-wire
anemometer to penetrate the baffle structure, preventing effective data collection from measurement
points 1 to 4 (flow cross-section 1). In light of this limitation, this experiment organizes the data from
measurement points 5 to 12 (flow cross-sections 2 and 3) for each condition, as illustrated in Fig.6.

Based on Fig.6 (a) and (b), it can be observed that the air velocity decreases as the distance from
the wind opening increases, and the overall trend of the two cross-sections is relatively consistent
across most cases. Specifically, cases 9 to 11 exhibit relatively low average wind speeds; at cross-
section 2, case 12 has the highest average wind speed, followed by cases 1 and 3. On the windward
side, case 1 has the highest average wind speed, followed by cases 2 and 8. Fig.7 provides a detailed
illustration of the wind speed variance for each condition at cross-sections 2 and 3. The data presented
in the Fig.7 indicate that case 5 has the smallest wind speed variance at cross-section 2, at 0.0029,
while case 9 shows the lowest variance on the windward side, approximately 0.0002.
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Fig.7 The variance of wind speed in the wind speed sampling plane.
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4.2. Numerical Model Validation

This study conducts simulation experiments using COMSOL Multiphysics software, focusing
on Condition 6 with the corresponding parameter settings. The velocity vector diagram is shown in
Figure 8 (a). To validate the model's effectiveness, the results obtained are compared with the
simulated velocity vector diagram from other researchers under the same conditions, as illustrated in
Figure 8 (b) [44]. Analysis reveals that the error between the two sets of results remains within a
reasonable range, strongly supporting the accuracy and validity of the simulation model developed in
this study.

By varying the length and angle of the deflector plates, this study conducted a total of 200
simulation experiments, resulting in a comprehensive dataset that encompasses multiple deflector plate
configuration scenarios. The non-uniformity of velocity and filter utilization rates are as follows:

Filter Element Utilization Rate

Velocity Heterogeneity

—
&

Fig.9 Filter element utilization and velocity uniformity under various operating conditions. (a) Filter
element utilization (b) Velocity uniformity

Fig.9 (a) shows that when the length of the deflector plates is between 10 and 110 mm, an
increase in the angle of the deflector plates generally leads to a gradual decrease in filter utilization
rates, although a significant spike occurs at angles of 40° or 50°. In contrast, when the length of the
deflector plates is between 120 and 200 mm, the filter utilization rate exhibits a trend of initially
increasing, then decreasing, and subsequently increasing again as the angle increases. These results
indicate that deflector plates with smaller angles facilitate fluid diversion, while longer deflector plates
tend to direct the fluid closer to the windward side. Therefore, a deflector plate angle of 10° with a
length between 150 and 200 mm results in higher filter utilization rates.

According to Fig.9 (b), when the length of the guide plate remains constant, an increase in the
angle of the guide plate generally leads to a rising trend in velocity uniformity. In this case, the
optimal angle is found to be evenly distributed around 10° or 20°. Conversely, when the angle of the
guide plate is fixed, increasing the length of the guide plate results in a complex variation of velocity
uniformity, initially increasing, then decreasing, and finally increasing again. This phenomenon
indicates that the length of the guide plate must be appropriately moderate; when the guide plate is too
short, its guiding capability is limited, rendering it ineffective in directing the fluid toward the
windward side. Conversely, if the guide plate is too long, although its guiding capability improves, it
also increases the resistance to fluid flow, leading to a decrease in overall efficiency. An optimal
performance is observed when the guide plate length is between 80 and 120 mm.
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In scenarios with high filter utilization and low-velocity non-uniformity, the design of the guide
plate structure significantly enhances airflow uniformity and prolongs filter life. Fig.10 illustrates the
scatter distribution of the two evaluation metrics along the central axis. By focusing on data-dense
regions, the central axis is set with a horizontal coordinate of 0.5 and a vertical coordinate of 0.7; data
points closer to the upper left corner indicate superior performance. The first quadrant contains 30 data
points, with the optimal configurations marked by the red dashed line representing five conditions.
Based on Eq.(13), a comprehensive evaluation metric for different conditions is presented in Fig.11.
The region with favorable metrics is defined within the range of 10° < a <40°,80mm <h <
200mm, resulting in a comprehensive evaluation metric range of 2.0 < < 2.8.

Filter Element Utilization Rate
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Fig.10 Evaluation metric axial scatter distribution. Fig.11 Comprehensive evaluation metric.

Figure 12 presents a comparison of experimental and simulation values for all detectable
measurement points under 13 different operating conditions, totaling 132 valid data points. Among
these, 70.45% of the simulation values closely match the experimental values, with 10% of the data
having an error within 1%. Additionally, 28% of the data maintains an error within 5%, while 37% of
the data shows an error of no more than 10%.
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Fig.12 Experimental and simulation values at all measurement points under all operating conditions.

4.3. Machine Learning Predictions

In this study, a five-layer neural network structure (2-100-20-5-1) is constructed using
PyTorch. The length and angle of the glass fiber filter's baffle plate serve as input features for the two
neurons in the input layer. Additionally, this network structure includes three hidden layers with 100,
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20 and 5 neurons respectively, which are responsible for extracting abstract features from the input
data and learning complex nonlinear mappings. Ultimately, the output layer contains one neuron used
to predict the velocity uniformity coefficient and filter element utilization rate of the glass fiber filter.
The network adopts a fully connected architecture, allowing the model to capture complex nonlinear
relationships between input features and output targets for optimal performance [45].

The ReLU activation function is employed to generate sparse activation patterns, enhancing the
neural network's nonlinear fitting capability [46]. Subsequently, the data is split into a training set and
a test set in a ratio of 0.8 : 0.2. The Adam optimizer is employed with a total of 1000 iterations, and
the data splitting method follows the same approach as the width learning dataset, allocating 80% to
the training set and 20% to the testing set. After training the model on the training set, the predictions
for the coefficient of velocity uniformity and filter element utilization on the testing set are illustrated
in Fig.13. The results indicate that the predicted values closely align with the actual values, suggesting
that the proposed predictive model demonstrates a high level of accuracy.

- - - Predicted Values 0.80 L - - - Predicted Values
0.70 b —— True Values . —— True Values
0.60 | 075
8 )
= =
g 0.50 g 0.70 F
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Fig.13 The predictive performance of the neural network model for the coefficient of velocity non-
uniformity and the filter element utilization rate. (a) Coefficient of Velocity Non-uniformity (b) Filter
Element Utilization Rate

The advantage of Bayesian optimization lies in its ability to reduce the number of evaluations
required to find the optimal solution by intelligently selecting evaluation points, particularly in
scenarios where the evaluation cost is high [47]. This approach applies to various machine learning
algorithms and models, enhancing model performance and improving generalization capabilities on
validation data. Furthermore, it significantly simplifies the complexity of the parameter-tuning
process, demonstrating broad applicability [48]. In this study, a surrogate model was constructed using
the Bayesian optimization method, which effectively identifies the global optimum by iteratively
selecting the best parameters. This method automatically generates expected optimal parameters and
iteratively adjusts them within the neural network model until a superior combination is found, thereby
achieving the dual objectives of minimizing the coefficient of velocity non-uniformity and maximizing
the filter element utilization rate.

The predictive results indicate that when the velocity non-uniformity is minimized (0.3), the
corresponding length and angle are 163.2 mm and 38.5°, respectively. Conversely, when the filter
element utilization rate is maximized (0.77), the length and angle are 123.4 mm and 39.8°.
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Additionally, when the angle of the guide plate is 61° and the length is 105.25 mm, the overall
performance of the air purification model is optimal. Based on the numerical set of comprehensive
evaluation indicators, the predictive results from the Bayesian optimization method show that the air
purification model performs best when the guide plate angle is 11° and the length is 81 mm. In total,
four sets of predictive results are presented, as shown in Tab.4.

Tab.4 The prediction results of machine learning.

Result 1 Result 2 Result 3 Result 4
Length (mm) 163.2 1234 105.25 81
Angle (° ) 38.5 39.8 61 11
Velocity heterogeneity 0.277586638 0.335766851 0.422923889 0.352624431
Filter element utilization rate 0.768055395 0.655666185 0.637977379 0.658176039

After comparative analysis, the structural parameters of the four groups of baffles are closely
aligned with the five optimal operating conditions described in Section 4.2. Reintroducing these
parameters into the simulation yields specific values for the velocity uniformity coefficient and filter
usage rate, as shown in the table. Notably, result 1 indicates the minimum velocity non-uniformity and
the maximum filter usage rate. Therefore, the optimal baffle structural parameters can be selected as a
length h of 163.2 mm and an angle a of 38.5°, yielding a comprehensive evaluation index of
approximately 2.767, the highest value across all simulated conditions.

5. Conclusions

This study provides a comprehensive analysis of how diffuser structure parameters impact the
performance of air filtration systems, thereby enriching the theoretical framework of airflow control
and filtration efficiency optimization. Through a combination of experimental measurements and
numerical simulations, we have systematically examined the mechanisms through which diffuser
structural parameters influence the air delivery system's uniformity and lifespan. Furthermore, we have
developed a machine learning-based predictive model for diffuser performance, which accurately
delineates the interplay between structural parameters, airflow uniformity, and filter lifespan, yielding
optimal parameters that offer substantial theoretical and technical insights for related industries. The
main conclusions are as follows:

(1) A strong correlation between experimental and simulation results, with 10% of the data
exhibiting a 1% error, 28% within a 5% error margin, and 37% with errors not exceeding 10%.

(2) The determination of an optimal range for diffuser structures based on simulation outcomes,
establishing a comprehensive evaluation index range.

(3) The application of Bayesian optimization has significantly improved the neural network
model's performance, enabling more precise predictions of diffuser structural parameters. The optimal
parameters identified were a diffuser length of 163.2 mm and an angle of 38.5°, corresponding to a
comprehensive evaluation index of approximately 2.767.
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