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Abstract: In air conditioning systems, air curtains play a crucial role in reducing the exchange of
hot and cold air between the interior and exterior environments. Nevertheless, the majority of
current air curtains suffer from limited airtightness and real-time performance due to their complex
jet trajectory, relying on traditional control methods. Thus, this paper introduces an angle control
algorithm for air curtains based on a GA-optimized quadratic BP neural network. Initially, the BP
neural network is trained using the Hayes dataset to develop the prediction model for temperature-jet
angle. Subsequently, the optimization model for jet angles-windshield angle is constructed, and
the optimal angles set meeting the fitness function is identified using GA global search. Later, the
prediction model and the optimal angles set are once again trained using the BP neural network
to generate prediction model for temperature-jet angles and windshield angle. Following CFD
simulation, the airtightness indicator demonstrated a 26.5% improvement with the proposed control
method compared to traditional ones, highlighting the superior airtightness. In comparison to
other algorithms, the proposed algorithm demonstrates a remarkable 89% enhancement in real-time
performance and stronger robustness. This study presents a novel approach for the intelligent control
of air curtains, holding significant importance in advancing the intelligent development of air curtain
technology and facilitating energy efficiency and emission reduction.

Keywords: BP neural network; genetic algorithm; air curtain; control system; CFD simulation

1. Introduction

The airconditioning equipment system produces greenhouse gas emissions due to
direct or indirect energy consumption worldwide, which has deep impacts on global
climate change. Frequent exchange of hot and cold air caused by long operation hours
and constant entry and exit significantly increases the load on the air-conditioner. Based
on statistics, the penetration of warm outside air through doorways accounts for more
than half of the total cooling load [1]. Therefore, commonly used to address the require-
ment for balancing personnel access and temperature control, air curtains play a vital
role in reducing energy consumption and carbon dioxide emissions by facilitating heat
exchange [2]. Studies have shown that they can reduce energy consumption by up to 80%
and carbon dioxide emissions by up to 60.5% [3]. Nevertheless, commercially available air
curtains still rely on traditional control methods, which generate complex nonlinearities,
time-varying uncertainties that are becoming increasingly prominent, and cause limitations
in airtightness and realvtime performance. Thus, developing an intelligent control system
with real-time optimization and control capabilities for air curtains holds paramount sig-
nificance in advancing the intelligent evolution of air curtain technology and promoting
energy conservation initiatives.

The performance of air curtain devices, in terms of blowing forms and other designs,
has been the subject of relatively extensive and theoretical research by many researchers [4-6].
In 2000, Guyonnaud et al. [7] synthesized earlier findings and introduced an equation for
air curtain dynamics, incorporating variables such as tunnel height, air curtain jet angle,
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jet velocity, and turbulence intensity. Advances in computer technology have facilitated
the development of more complex modeling and validation capabilities. Foster and his
team [8,9] rectified the insufficient lateral modeling information in 2D models through the
application of Computational Fluid Dynamics (CFD). Gongalves et al. [10-12] applied the
CFX module to determine air infiltration at varying jet velocities. Despite the ability of
advanced transient models to accurately depict real-time losses under various factors, the
emphasis on factor analysis and jet dynamics has limited practical application due to the
complexity and inefficiency of simulations.

Recently, scholars worldwide have been conducting more research on the airtightness
of air curtains. Ashika Rai [13-15] examined the influence of the jet angle and found that
adjusting it to 10° outward, as opposed to 0°, resulted in better control due to natural con-
vection, thereby achieving energy savings of 17.6%. Nevertheless, optimization strategies,
including methods for adjusting and controlling the exhaust angle, have received limited at-
tention and analysis. Sun Jining and his team [16] conducted a comprehensive study on the
relationship between the performance of vertical multilevel refrigerated demonstration cab-
inets and various configurations of air-guiding strips. Japanese scholar Shih-Heng Lee [17]
assessed the safety factor of deflection modulus for both non-circulating and circulating
air curtains by correlating up-fed and side-fed air curtains and determined their optimal
jet velocity through transient numerical simulations. However, these studies primarily
focused on optimizing the air supply system, which complicates the implementation of
real-time monitoring of heat losses.

Significant advancements have been made in exploring the structural design, influ-
ential factors, and testing related to air curtain airtightness. In the research of some fire
and dust proof air curtain systems, the control system was mainly concerned with airflow
and structure [18-21]. For example, Cheng Shen and his team [22] have proposed a novel
dual Swirl Wind Curtain (DSAC) dust suppression system from the perspective of jet flow.
However, the unexplored potential of data-driven deep learning intelligent algorithms for
monitoring air curtain angles and airtightness remains untapped. Only in the literature [23],
the feasibility of PID control of air curtain is discussed, and the calculation method of PID
control parameters is defined.

Therefore, this study aims to introduce an angle control algorithm for air curtains
based on a GA-optimized quadratic BP neural network (BP-GA-BP) to significantly enhance
airtightness and real-time performance. The highlights of this paper include:

1.  The introduction of a novel BP-GA-BP neural network algorithm addresses the limi-
tations of current theoretical methods and simulation models by achieving the best
performance of both real-time monitoring and high accuracy. It enables real-time
calculation and adjustment of multiple angles with changing working conditions.

2. The proposed algorithm demonstrates improved airtightness compared to traditional
control methods. The approach also requires fewer iterations, offers high computational
efficiency, and achieves high fitting accuracy compared to other intelligent algorithms.

3. Utilizing the BP-GA-BP algorithms to bridge the gap in intelligent real-time control
of air curtain angles enhances the accuracy of the computational model, laying the
groundwork for future research in this domain.

The structure of this paper is as follows: Section 2 describes the structure and principles
of the angle control system. The thorough construction of the novel BP-GA-BP algorithm is
introduced in Section 3. In Section 4, the presentation of the CFD experimental procedure
and airtightness indicator is provided. In Section 5, the CFD simulation results are analyzed
and discussed. The paper is concluded in Section 6.

2. Architecture of the Angle Control System

Focusing on addressing the challenges related to airtightness and real-time control
in air curtains, this paper introduces an angle control algorithm for air curtains utilizing
a GA-optimized quadratic BP neural network. An accurate angle control model is devel-
oped utilizing a substantial amount of data from Hayes air curtain model tests [4] and
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the mathematical relationship governing jet binary divergence at the windshield. In this
scenario, an angle solution with high airtightness can be obtained by inputting both the
internal and external temperatures measured by the sensors. The schematic of the angle
control system is depicted in Figure 1.

e N\
(a) Data é (b) Angle control model N
Dm-a(jet angle) (i) BP neural networks (ii) Genetic algorithm
: z‘:ées Pl wlil = wil — ”A[ll(l = Alll)AIOJTwlZJE Fit(X) = fit(X)
) w2l = w2l _ g +Mxp
Bl = Bl _ pali)(1 — AUy E2lg === 2 &
B0 o B _ £ G xi;(L—ﬁcusﬂ-#&—A(i,tur D)y
7 3
D, = Zf’ObOuO _ +Z(A(i,mrt)—L+%cosﬁ+5)2
gh* e =pw)  gp2 (;_o_TT_o)/
AW Pn O (x0y0) 26 e
|, =
@ T - ™ y ¢
(c) CFD Simulation e O a x
Tii « <78
(L,0)
Convergence Curves of the Fitness
I Function for Mall Conditions
& " - i .
jet generation
ir curtain - airflow di d ea
air curtainairflow diverte i) Angles Fesults §
L e The 1st BP training yields
the Improved Hayes
; alculation Model.
) Calculation Model
G f GA optimization yields the
; 5] Untrained Angles
e 1 Relationship Model
P ¢} Airtightness indication "N The 2nd BP training yields
@ J— s the Trained Angles
Q= 04226A(gl‘l)o‘s(u)os(l_'_(3W)1-5 Improved Hayes Calculation Model Angles Relationship Model Relationship Model
P1 P1/P2)™
N U\ 4

Figure 1. The architecture diagram of the angle control system.

1.

Data Characterization. To achieve real-time control of the angle, a prediction model
for the temperature-jet angle is initially established. The first BP neural network based
on the gradient descent algorithm, designed for predicting the jet angle, is developed
using Hayes air curtain model data [4].

Angle scheme optimization. However, traditional BP neural networks are incapable
of accurately predicting the windshield angle based on the available dataset during
training. To address this limitation, the study further involves the analysis and
optimization modeling of the jet binary divergence problem at the windshield. The
primary objective of the model is to minimize the fitness function associated with jet
angles and windshield angles, aiming to closely align the performance target with the
divergence target point.

Angle scheme training. Following the acquisition of the optimal solution set for jet
angles and windshield angles through GA global search, the predictive model and
optimal solution set are retrained using the BP neural network to develop the neural
network model for temperature-jet angles and windshield angle.

Airtightness verification by CFD simulation. Moreover, the airtightness under varying
control strategies and the efficacy of diverse neural network algorithms are evaluated,
and the enhancement in airtightness and real-time performance is confirmed through
CFD simulation.

The subsequent sections will delve deeply into the construction of the BP neural

network, the analysis of the angle optimization problem, and the GA global search based
on the angle control system’s architecture outlined in this section.

3. BP-GA-BP Neural Network Modeling
3.1. Quadratic BP Neural Network Modeling

During the modeling process, following the initial BP neural network training, the

GA-solved optimization problem of jet divergence, and the subsequent second BP neural
network training, the temperature-angle model is developed, and the technology roadmap
is presented in Figure 2.
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Figure 2. The technology roadmap BP-GA-BP algorithm.

A BP neural network constitutes a prevalent artificial neural network model that
effectively approximates intricate, non-linear functional dependencies through its architec-
ture, which comprises multiple layers of interconnected neurons. The back-propagation
algorithm is employed to train and optimize the neural network. In this study, for the
BP neural network, Hayes model dataset consists of three labels, flexural modulus Dy,
(see in Figure 1a), width-to-diameter ratio H/dp and jet deflector Angle «. Dy, is deter-
mined by temperature and jet velocity. Under the condition of isothermal environment, the
relationship among the three parameters is that, the air curtain jet reaches the floor.

Initially, the structure of the BP neural network consists of a single input layer, one
hidden layer, and one output layer [24]. In the initial neural network configuration, there
are two input nodes (D;, and H/dy) and two output nodes («; and «;) corresponding to the
upper and lower jet angles. The second neural network configuration includes two input
nodes representing internal and external temperatures (T. and Ty,), with the output nodes
comprising a¢, a;, and 8 (representing the windshield angle).

In this study, the method of optimizing the number of hidden layer neurons was
adopted. The algorithm first sets an initial value and then linearly increases the number
of neurons in order to find a hidden layer structure that minimizes the mean square error.
During the training process, if the predicted performance is always unable to meet the
requirements, consider increasing the number of hidden layers. The empirical Equation (1)
for determining the number of hidden layer nodes was employed, setting an initial value
of 3 as a starting point for optimization [25]. Subsequent testing revealed that when the
number of hidden layer nodes n equals 5, the model’s mean square error is minimized,
suggesting optimal training performance, surpassing 85%.

where, 1; denotes number of input nodes and 7, denotes number of output nodes.
Computing the error between the predicted output and the desired output, the weights
and biases in the network are adjusted based on this error to enable a progressive conver-
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gence of the network output towards the desired output. The Equation (2) provided outline
the error function and the process for adjusting weights and biases.

wil — wil — qA[l] (1— A[l])A[O]Tme

w2 — wi2 _ ﬂA[Z]E

Bl = Bl — yAlll(1 — AllyWRIE

B2 = BRI _E )

where, Wl denotes the weight of all neural nodes in the hidden layer. B/l denotes the
threshold of all neural nodes in the hidden layer. E denotes the error. 77 denotes the learning
rate. A denotes output of each layer.

However,the initial BP neural network faces challenges in accurately predicting the
windshield angle using the current dataset. Therefore, the research delved into analyzing
and resolving the jet binary divergence issue at the windshield, leveraging training from
a subsequent BP neural network.

3.2. Structure and Flow Analyse

The mechanical configuration of the air curtain system primarily comprises two modules:
the jet device and the arc-type windshield device, with the structural design and centerline
trajectory coordinate depicted in Figure 3.
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Wind deflector

1 [
bo |_
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Figure 3. Air curtain mechanical structure.

Several essential components are also present, notably the fans that serve as jet genera-
tors grouped in sets of six from top to bottom. The wind deflector at the jet port is bifurcated
into upper and lower parts (¢; and «;), allowing independent adjustments upon air ejection,
and ensuring comprehensive jet coverage across the air curtain doorway. A pivotal element
is the rotatable curved windshield, constituting a one-sixth arc, responsible for directing
jet at the closure of the air curtain boundary. The  can be adjusted as per the air curtain
configuration to facilitate smooth circulation of internal and external separated jet sources.

Joao et al. [26] analyzed the momentum characteristics of the plane jet between the
polluted and non-polluted regions, but did not take into account the momentum of the
lateral force brought by the wind speed and pressure. But the assumption that the velocity
and flow of the air on both sides are the same gave us an idea. The study of Claudio [27,28]
uses the air-tightness index related to the mass transfer rate, and the mass transfer rate is
related to the density, velocity, and cross-section area of the gas

Therefore, combining with the mechanical design structure in the manuscript, we set
the binary divergence of the jet at the windshield as the optimization target of the genetic
algorithm. In more detail, we express the central track line of the jet so that it intersects
with the windshield, as depicted in Figure 3.

3.3. Optimization Problem Modeling

Optimization problems represent a subset within the domain of mathematical prob-
lems that necessitate the identification of optimal values for variables, the evaluation of
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an objective function, and the satisfaction of constraints. The manipulation of these op-
timization variables is central to the process of minimizing or maximizing the objective
function’s value. This section is dedicated to the development of optimization models
pertaining to air curtain configurations, and the application of the genetic algorithm for
their resolution, considering the absence of windshield angles § in the Hayes dataset and
the mathematical relationship between angles.

In stable working conditions, the indoor environment remains practically isothermal
and the air jet is roughly at the nominal indoor temperature T.. As metioned above, the
chromosome can be expressed as the Equation (3):

X = {at, a;, B} 3)

Six jet velocities and two jet angles yield six center trajectory lines, and the equation is
given in Equation (4) [29].

C, T.w?

2
e t 4
8Twu2by cosa” +atana @)

fry=
where, w is the outside wind speed, generally taking 3.5 m/s; C; is the constant coefficient,
taking 0.5.
The expression of the windshield curve is shown in Equation (5):

for (= (L= T cos(p+ 50))+ (y — e sin(p+ 5)7 =2 ®)
where, L is the width of door. 7, is the radius of the windshield arc. f§ is the anlge
of windshield.

The point on the windscreen curve f; closest to the Y-axis is defined as the reference
target point(RTP), which is expressed as:(xo, yo) = (L — % cos f3, % sin B). The intersec-
tion of the windshield curve and the center trajectory lines is defined as the actual target
point(ATP). Theoretically, when the ATP coincides with the RTP, our optimization goal:
binary divergence at the windshield can be achieved. However, there are chances for ATP
of falling in the side region. Thus, to prevent instances of such a problem, as well as to
conserve computational resources and time, a virtual straight line segment parallel to the
X-axis is established, as depicted in Figure 4. This line segment, with (xg, o) at its midpoint,
is expressed as Equation (6)

lp:x € (xo—06,x0+9),y=1yo (6)

where, J is half of the length of the virtual straight line segment.

(x0,Y0) Ly

Figure 4. Binary divergence of the flow.

If the center line trajectory equation has no intersection with the virtual straight line
segment, the angles at, a; and B need to be recalculated and calibrated. The proximity
to the target point could only be calculated when there exists an intersection point. In
summary, the constraints consist of inequality and equation conditions are obtained to
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define the feasible solution space of the problem.The objective function is defined as
a measure of the overall proximity of the six ATPs to the RTP in the X -axis direction, as
shown in Equation (7).

. k 2ry, T 2
min : {;xi—kx (L—ﬁcos(ﬁ+3))} (7)

where, k is the number of ATP.

The fitness of an individual refers to the measure of the degree of superiority of
an individual in the survival of a population, which is calculated using the fitness function.
Then, the equation constraints are brought into the objective function so that the objective
function is transformed into a fitness function (8) containing only the input variables X.

fit(X) = — {A(1L ) + AQ2,1) + AG, 1)
+AM41) + A(5,1) + A(6,1)

—6X (L—%COS,B)}Z (8)

where, for ease of presentation, A(i, t) is a shorthand for the following Equation (9), and
A(i, 1) is the same.

Cp T, w?r, sin B

2 _ _~n-tc®W Tpot Y
‘ tana; + \/tan oy 2Tyu;2/3bg cos
A(Z/ t) = CnTcw2 (9)

4Ty u;2bg cos ay

The optimization problem studied in this paper incorporated inequality constraints,
necessitating the use of a penalty function approach to address them. By transforming
these constraints into a properly defined composite function and incorporating it into the
original objective function, a new fitness function (10) is derived.

Fit(X) =fit(X) + M x m

x{i%L—J%amﬁ+5—A@wﬂ»2
2

3
L (A(i, torl) — L + % cosp+0) } (10)

where, M is initial penalization factor. m is external electric penalty function, the iteration
point is then outside the feasible domain for the inequality constraints to work [30].

The genetic algorithm is a guided stochastic search method designed for solving opti-
mization problems with robust global search and optimization capabilities. The program
initiates with a population individuals undergoing iterations. During the crossover opera-
tion and mutation operation, two individuals exchange parts of their genetic material or
random changes happen in an individual’s gene composition.

Thus, the overall training architecture is presented in Figure 5. The blue bullet in the
figure highlight the output of the newly added windshield Angle B during the second
neural network training process.

1
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Figure 5. BP-GA-BP architecture.

4. CFD Simulation Procedure
4.1. Airtightness Indication

When assessing the effectiveness of an air curtain, various key performance indicators,
such as service life, isolation capabilities, energy efficiency, noise levels, among others,
must be taken into account to guarantee that its practical implementation can deliver the
desired outcomes.

The pioneering empirical equation for the infiltration rate algorithm was introduced by
Brown and Solvason [31]. Subsequently, many researchers [32-35] refined the coefficients.
Finally, the refined Equation (11) is presented as follows.

_ 0.5 2 1.5
Q = 0.226A(gH)*> (PL—P2)™( )0,333)

P1 1+ (5

(11)

where, A is the area of the door with the air curtain installed. p; and p, are the average
densities of the inside and outside air in kg/m?, respectively.

Gongalves et al. [10] computed the sealing efficiency of air curtains using two distinct
methods based on the mass and heat of the air entering the freezer, respectively. To ensure
consistency in metric measurements under isothermal and non-isothermal environmental,
the air infiltration rate is employed as a benchmark for evaluating air curtain performance
in terms of efficiency metrics [9]. The equation for efficiency calculation (12) is provided
as follows.

Q1 —Q

E==———% (12)
Q1
where, E is the airtightness of the air curtain. Q; is space air infiltration rate without air
curtain installation. Qy is space air infiltration rate after installation of air curtain.

4.2. Simulation

The BP-GA-BP neural network algorithm will be implemented on the CFD model
by ANSYS Fluent software (ANSYS 2022 R1). Its creator is ANSYS, Inc. in Canonsburg,
Pennsylvania, United States. With the help of CFD, it is simple and low-cost numerically
solve the differential equations controlling fluid flow to obtain a discrete distribution of the
flow field over a continuous region of the fluid flow, which provides an approximation of
the actual fluid flow situation.

During the meshing phase preceding the simulation, local mesh refinement was
conducted on the nozzle of the air curtain device under investigation. Consequently, the
mesh was divided into a refined section of 5 mm and a coarser section of 20 mm, enabling
a more detailed recording of the jet dynamics near the inlet. The simulation duration was
set at 30 s, and a mesh size of 1 mm was selected. The k-epsilon model was used to simulate
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fluid viscosity behavior, and the energy field simulation was activated. Furthermore, the
air model was defined as a real gas with a gravitational acceleration of 9.8 m/s? considered.
The indoor Y-direction boundaries and the air curtain windbreak positions were treated
as wall boundary conditions to emulate realistic wall effects. The outdoor X-direction
planes and the middle area of the air curtain opposite to the Z-direction were designated
as velocity_inlet boundary conditions, while the velocity inlet opposite to the Z-direction
was positioned based on various simulation predictions. The remaining planes were then
defined as pressure-out boundary conditions to simulate external ambient pressure.

The study outlines two application scenarios based on the operational conditions
of a cold storage and a shopping mall. These scenarios share the same environmental
parameters, including the height (2000 mm) and width (3000 mm) of the door, the width
of the air curtain (200 mm), and wind speed (3.5 m/s), but differ in temperature.The
temperature of the cold storage, T, is 255.15 Kelvin, and the temperature of the warm
storage, T, is 293.15 Kelvin. The temperature of the shopping mall, T, is 298.15 Kelvin,
and the temperature of the warm storage, Ty, is 313.15 Kelvin.

5. Verification and Discussion
5.1. Airtightness Verification
5.1.1. Proposed BP-GA-BP Algorithm

Simulation verification is carried out based on the angle control system proposed
in this paper to characterize the thermal insulation effect of the air curtain in terms of
airtightness. In the two conditions, simulations are conducted for three groups of control
schemes at four key time nodes: the initiation state (t = 0.5 s), the unsteady states (t =1.0s
and t = 1.5 s), and the steady state (t = 5.0 s). The simulation effect diagrams for these
conditions are depicted in Figure 6.
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Figure 6. Simulation effect diagram.

The simulation results, along with the analysis of the air curtain efficiency data pre-
sented in Table 1, indicate that the BP-GA-BP algorithm’s control scheme effectively cap-
tures the jet device’s incidence angle, ensuring that the wind baffle directs a portion of the
outflowing wind away from the interior. Consequently, the occurrence of tail deflection
is significantly mitigated. The calculated airtightness values, by Equation (12), are 86%
and 82% for the respective cases. Thus, it is demonstrated that the angle control scheme
proposed in this study exhibits enhanced airtightness performance.
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Table 1. Airtightness calculation value for simulation.
Airtightness (%) Improvement (%)
Condition
CONTROL X CONTROL Y CONTROL Z Zvs. Y
Cold storage 0 68 86 26.5
Shopping mall 0 57 82 439

5.1.2. Comparison with Other Control Schemes

This study also evaluates the airtightness of the proposed algorithm in contrast to
conventional control strategies. The simulation outcomes for three distinct control schemes
are illustrated in Figure 7. These include CONTROL X, which models natural convection
conditions; CONTROL Y, a conventional algorithm with a selected jet angle « of 5°; and
CONTROL Z, which employs the BP-GA-BP algorithm developed in this research.

" 4
Cold Temperature
Contour 1
storage s
311.8
311.0
309.4
307.8
307.0
(S 3054
304.6
r 32
3014
300.6
299.8
298.9
298.1
Shopping [K]
mall
CONTROL X CONTROLY CONTROL Z

+ CONTROL X: Natural commute (without air curtains).
= CONTROL Y: Conventional algorithm.
+ CONTROL Z: air curtain with BP-GA-BP algorithm.

Figure 7. Simulation outcomes for three distinct control schemes.

Observation can be made regarding the thermal behavior of different controls. Initially,
heat transfer through natural convection started at 0.5 s at both the hot and cold temperature
junctions at the gate entrance. Subsequently, in CONTROL X, thermal jet continued to enter
the gate at 1 s and 1.5 s, with certain sections approaching a steady state by 3 s. Additionally,
in CONTROL Y, thermal jet reached the distal end at 1 s and 1.5 s, causing a deflection
in the jet field direction. There was a marked reduction in jet velocity for the air curtain,
with the doorway nearing a steady state by 5 s. In contrast to CONTROL Z, a pronounced
deflection of the tail occurred at this point.

The airtightness of CONTROL Y was measured as 68% under cold storage conditions
and 57% in mall conditions. Consequently, the efficiencies of the air curtains improved by
26.5% and 43.9%, as indicated in Table 1. Therefore, it can be inferred that the intelligent
control scheme proposed in this study surpasses conventional methods in enhancing air
curtain efficiency.

5.1.3. Comparison with Experimental Results

On the basis of the previous simulation analysis, further experiments are conducted to
verify the proposed control scheme of improving the airtightness. The size parameters and
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temperature settings of the experimental device is consistent with the simulation model. In
order to ensure a better resultsncomparison between the experimental and the simulation,
two periods of time when the average ambient temperature outside the library was close to
293.15 Kelvin and 313.15 Kelvin were selected for startup test during the test. After the air
curtain device runs stably, the average temperature was measured and compared with the
set temperature. The experiment was repeated three times, and the results of each group
were shown in the Table 2.

Table 2. Airtightness calculation value for experiment.

Airtightness (%) Improvement (%)
Condition
CONTROL X CONTROLY CONTROL Z Zvs. Y
Cold storage 0 63.6 80.3 26.3
Shopping mall 0 51.2 724 414

The experimental results show that the proposed control scheme can effectively im-
prove the air tightness compared with the traditional control scheme, which is consistent
with the simulation results and conclusions. Comparing the air-tightness results of simu-
lation and experiment, it is found that the former is always slightly higher than the latter.
This may be attributed to the parameter measurement error of the experimental device,
and the control error makes the air tightness deviation. And the effect of actual conditions
on air flow and temperature is not taken into account. Based on the above factors, the
conclusion of consistency between simulation model and experiment can still be drawn.

5.2. Algorithm Performance Verification
5.2.1. Proposed BP-GA-BP Algorithm

To verify the accuracy and effectiveness of our proposed BP-GA-BP neural network
model, test data from a structural air curtain is collected as an example for experimental
evaluation. Based on the theoretical calculation model proposed by Hayes [4] and the
windscreen optimization model mentioned above, the test data set is obtained, and its size
is 1125, which is determined by the temperature difference between inside and outside and
the step size. Each test data point contains one input variable (T1, T2) and three output
variables (al,a2,b). 80% of these points are used for training, while 20% are reserved for
testing. As mentioned above, a three-layer neural network with a structure of 1-5-3 is used
in this experiment, with a maximum number of iterations set to 1000 and an objective error
target of 0.001. The genetic algorithm program begins with a population of 60 individuals
and runs for 200 iterations. In crossover, there is an 80% chance that two individuals will
exchange some of their genes, while in mutation, there is a 10% chance that a gene will be
randomly altered. Epochs, Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
R-squared (R2), and Mean Absolute Error (MAE) are chosen as our evaluation metrics to
evaluate the performance of the neural network.

The prediction results and performance of the BP-GA-BP algorithm are visualized in
Figures 8 and 9, illustrating good convergence and robustness. Analysis of the training
performance graphs for the BP neural network indicates that the algorithm efficiently
fits data from the training, validation, and test sets, owing to its gradual convergence
and strong generalization capabilities throughout the training process. Additionally, the
GA demonstrates robust convergence with the fitness function across iterations, with no
abnormalities observed in the crossover and mutation processes.
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5.2.2. Comparison with Other Algorithms

In this study, real-time performance refers to the computational efficiency of updating

the model when factors such as external pressure and jet velocity change. Due to the lack of
research on air curtain intelligent control, the proposed algorithm is horizontally compared
with other BP neural network algorithms. The experiments in this study are categorized
into four groups (labeled as No. 1-No. 4) based on the data feature processing for the
first BP neural network and angle scheme optimization for GA algorithms. Performance
metrics are compared by conducting neural network model training, and the outcomes of
the comparison are presented in Table 3.

The comparison results demonstrate that the BP-GA-BP neural network algorithm out-
performs other BP neural network algorithms across all performance metrics. Compared to
the standard BP neural network (No. 1), the BP-GA-BP algorithm reduced the number of
epochs by 89%, and it notably decreased MSE, RMSE and MAE by 97.8%, 86.4%, and 85.2%,
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respectively. Similar to the findings of previous studies, the R2 values were slightly im-
proved, although not significantly, and all the BP algorithms exhibited superior goodness of
fit. The use of BP neural networks for data feature processing (No. 2) significantly enhanced
the performance metrics of MSE, RMSE, and MAE, leading to a substantial improvement in
computational accuracy compared to traditional fitting methods, Polynomial Curve Fitting.
Concurrently, the genetic algorithm was employed to optimize the perspective scheme of
the BP neural network model, thereby preventing convergence to local optima. Analysis of
the experimental results after incorporating the genetic algorithm (No. 3) for optimization
revealed a substantial reduction in the number of epochs, suggesting a marked improve-
ment in computational efficiency and a minor enhancement in computational accuracy.
In conclusion, the BP-GA-BP neural network algorithm presented in this study exhibits
advantages over other BP neural network algorithms in terms of reduced iterations and
enhanced real-time performance.

Table 3. Comparison results with other algorithms.

No. Algorithm Epoch MSE MAE RMSE R?
1 Polynomial Curve Fitting + Newton’s method + BP 879 0.119900 0.09122 0.109541 0.9927
2 BP+Newton’s method + BP 864 0.070589 0.06951 0.084088 0.9987
3 Polynomial Curve Fitting(PCF) + GA + BP 256 0.004161 0.01404 0.020397  0.9959
4 BP + GA + BP 122 0.002691 0.01239 0.016097 0.9987

The bolded numbers highlight the maximum value of the indicator.

Further, algorithms No. 3 and No. 4 are selected and their parameter robustness is
compared and analyzed. These factors, the number of samples, the number of hidden
layers and the number of nodes, can directly or indirectly affect the performance of neural
network algorithms [36]. The results of the algorithm are shown in Table 4.

Here, the number of samples is selected as a factor to explore its influence on the
algorithm running time and R-square value. When the number of training samples increases
from 50 to 3000, the running time of algorithm No.4 (BP + GA + BP) changes within 1s.
However, algorithm No.3 (PCF + GA + BP) takes longer running time and increases
significantly with the increase of sample size. For R-square values, both algorithms have
a significant improvement, reaching their maximum values at 1500 and 2000, respectively.
Therefore, the algorithm proposed in this paper is more robust.

Table 4. Number of samples results.

PCF + GA + BP BP + GA + BP
Number of Samples
Time (s) R? Time (s) R?

50 4.7877 0.9578 8.5258 0.8432
100 4.855 0.9740 9.1545 0.8661
500 4.9448 0.9831 11.6454 0.9234
1000 4.9672 0.9928 12.4534 0.9464
1500 5.0352 0.9970 13.0576 0.9831
2000 5.3171 0.9929 13.5678 0.9959
3000 5.2788 0.9928 13.5678 0.9942

6. Conclusions

This paper proposes an angle control algorithm for air curtains, which is based on
a GA-optimized quadratic BP neural network and aims to enhance airtightness and enable
real-time control. Initially, a BP neural network based on gradient descent is developed
for predicting the injection angle. Subsequently, the issue of minimizing the jet divergence
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at the windshield is modeled, and an optimization model is established to fulfill the
performance requirements. Additionally, GA’s global search capabilities are employed
to identify the optimal solution set for the jet angle-windshield angle, followed by the
training of the BP neural network to yield the final angles control model. Furthermore, the
benefits of the proposed control scheme, including improved airtightness and real-time
performance, are confirmed through CFD simulations. The primary contributions of this
study encompass:

1.  The introduction of an innovative BP-GA-BP neural network algorithm, which ex-
hibits enhanced airtightness, surpassing both conventional control strategies and
existing intelligent algorithms. The proposed algorithm yielded 26.5% and 43.9%
improvements under two distinct operational scenarios.

2. Resolution of limitations in existing theoretical methodologies and simulation models
for air curtains, enabling real-time monitoring and more precise adjustments in multi-
ple angle calculations. The BP-GA-BP algorithm, in comparison to the conventional ap-
proach, achieved an 89% reduction in Epoch, and significant decreases in MSE, RMSE,
and MAE by 97.8%, 86.4%, and 85.2%, respectively, as well as a stronger robustness.

3. The application of artificial intelligence algorithms bridges the gap in intelligent real-
time control of air curtain angles, offering a novel approach to advancing air curtain
technology and contributing to energy conservation and emission reduction. This
study sets the stage for future research in the field.

Based on the mechanical design structure of the air curtain proposed in this paper,
the intelligent control of the air curtain is realized by using neural network algorithm. It
is innovative in its algorithm and structure. Theoretically, the algorithm is suitable for air
curtains with different structural parameters. For air curtains of other structures, such as
circulating air curtains and non-circulating air curtains, they cannot be directly applied
due to different airflow characteristics and structures. However, the algorithm architecture
proposed in this paper can provide ideas and references for other structural air curtains.
In the future, the team will also continue relevant research in the two aspects of structural
design and algorithm universality.
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