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Abstract: Flow past one or multiple bluff bodies is almost ubiquitous in nature and industrial
applications, and its rich underlying physics has made it one of the most typical problems in fluid
mechanics and related disciplines. The search for ways to control such problems has attracted
extensive attention from both the scientific and engineering fields, as this could potentially bring
about benefits such as reduced drag, mitigated noise, suppressed vibration, and enhanced heat
transfer. Flow control can be generally categorized into passive and active approaches, depending on
whether there is an external energy input to the flow system. Active control is further divided into
open-loop approaches and closed-loop approaches, depending on whether the controller depends on
feedback signals extracted from the flow system. Unlike in many other applications of passive flow
control and open-loop active flow control, theoretically advantageous closed-loop controls are quite
rare in this area, due to the complicated features of flow systems. In this article, we review the recent
progress in and future perspectives of flow past a single or multiple bluff bodies using model-free
closed-loop control so as to outline the state-of-the-art research, determine the physical rationale, and
point to some future research directions in this field.

Keywords: active flow control; flow past a bluff body; machine learning

1. Background

Flow past a single or multiple bluff bodies is among the most typical flow types of fluid
mechanics and is almost ubiquitous in nature and engineering applications [1,2]. In general,
bluff bodies produce a stronger separated flow, have a broader wake with low pressure
and complicated vortical structures, and have higher drag compared with streamlined
bodies. Extensive studies have been carried out, using theoretical, computational, and
experimental approaches to explore the very rich physics of such flows, including flow
transition, flow instability, flow separation, and diverse vortical structures, as well as to
provide engineering solutions [1-4]. Taking the flow past a finite-length circular cylinder
with one free end and one fixed end as an example, as shown in Figure 1, very complicated
flow features can be observed, such as the horseshoe vortex that appears in proximity
to the fixed end, tip vortices, shear layers, an alternately shedding Karman vortex street,
and time-mean vortices [5,6]. These flow features exert complicated forces on the bluff
body, which play a crucial role in engineering applications. For instance, in the case of an
underwater vehicle, reducing hydrodynamic drag not only saves energy but also improves
cruising speed and range [7,8].

In addition to these pure flow systems, flow past a bluff body is also accompanied
by flow-induced vibrations [9-12], flow-induced noise [13-15], heat transfer [16-18], etc.,
making the problem more complicated and challenging. For example, vortex-induced
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vibration (VIV) is one of the most typical flow-induced vibrations that occurs when asym-
metrical vortex pairs shed from a bluff body that is immersed in a uniform flow and is
elastically mounted [9,11]. For different combinations of vibration amplitude and wave-
length, the phase diagram (Figure 2) shows diverse wake patterns, where vortex shedding
and structural motion are synchronized; these are categorized as the “mS + nP” mode. In
this mode, during one vibration cycle, m single vortices and n vortex pairs are shed from
the vibrating body and convect downstream [9]. In many engineering scenarios, VIV and
other flow-induced vibrations are often unwanted, as they can induce mechanical fatigue
or even structural damage [12,19]. Conversely, the mechanical energy that is generated can
also be harnessed and exploited as green energy.

The noise generation and radiation accompanied by flow past a bluff body are also
a key issue [13,15,20]. As reviewed and summarized by [13], fluctuations at the wall,
viscous shear stresses at the wall, and turbulent velocity fluctuations are identified as
the apparent sources of boundary-layer noise, which are closely related to the near wake.
Figure 3 demonstrates the far-field dilatation of flow past a circular cylinder at Re = 3900
and Ma = 0.4, as well as the near-field wake [20]. It is straightforward to note that
sound pressure waves are closely related to vortex shedding. In laminar cases, noise is
primarily generated by vortex formation and shedding, where a negative pressure pulse
is produced on one side of the cylinder surface from which a vortex is shed, while a
positive pressure pulse is produced on the opposite side [21]. In turbulent cases, the
mechanism becomes more complex, involving the effects of turbulent fluctuations [15,20].
The generation and propagation of noise play a significant role in the field of aeronautics,
where environmental noise is a key factor influencing passengers’ experience [15]. Flow-
induced noise is particularly important for underwater vehicles, as it reduces the signal-to-
noise ratio of communication and navigation devices that primarily rely on sound, thereby
increasing the likelihood of detection.

Tip vortex structures

Free end

Cylinder

Kérmin vortex
formation
Shed Karman
vortices

Shear layer

Boundary layer
separation on cylinder

Ground plane boundary
er separation

Figure 1. Schematics of flow features past a circular cylinder with one free end and the other end
mounted on the wall. This figure is reproduced from the work of Sumner [5], with permission.
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Figure 2. Map of vortex synchronization patterns of vortex-induced lateral (cross-flow) vibrations of
a circular cylinder in a uniform stream. This figure is reproduced from the work of Williamson and
Roshko [9], with permission.

Separation

PO arated shear

= Votex-shedding

Figure 3. Instantaneous snapshots of flow past a circular cylinder in the turbulent regime: (a) far-field
dilatation field, and (b) near-field wake and dilatation field. This figure is reproduced from the work
of Li et al. [20], with permission.

Controlling flow past a bluff body can provide many benefits, such as drag reduc-
tion, noise mitigation, and vibration suppression [22,23]. Control strategies can generally
be categorized into two main types: passive approaches and active approaches [3,12,22,24].
In recent years, as technologies such as micro-electro-mechanical systems (MEMS) have
been developed [25], many advanced actuators have been invented [26], including blow-
ing/suction jets, synthetic jets, sweeping jets, pulse jets, plasma actuators, and rotating
rods. A properly chosen actuator can yield significant control effects. For example, Dong
et al. [27] used the windward-suction-leeward-blowing (WSLB) actuator and successfully
eliminated the Karman vortex street. The pulse jet modulated by Abdolahipour et al. [28]
can use both high and low frequencies [29], which can then control flow past an airfoil in
a highly deflected flap and at high angles of attack [30], as well as controlling the vortex
shedding [31]. Mirzaei et al. [32] also proved that the plasma actuator is efficient in control-
ling the vortex shedding. However, even with well-designed and manufactured actuators,
it is often challenging to exert the precise amount of forcing needed to mediate the flow
dynamics and achieve optimal performance [26].
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Closed-loop flow control exerts a certain amount of energy on the flow system in a
self-adaptive manner, according to the feedback signals sampled from the dynamically
varying flow system and the adopted controller [33]. In scenarios where the flow system is
linear, weakly linear, or moderately linear, a linear control design can usually be utilized
[33,34], such as optimal control methods including the linear—quadratic regulator (LQR)
and linear—-quadratic-Gaussian (LQG) method. Researchers have also developed methods
that rely on a model reduction in the flow systems [35,36], such as flow control methods
based on proper orthogonal decomposition (POD), dynamic mode decomposition (DMD),
resolvent analysis, etc. In contrast, there are also model-free methods of designing the
controller that are independent of the mathematical modeling of the flow system, instead
relying on methods such as parameter tuning or optimization or data-driven dynamic
optimization. In the engineering field, flow systems always share nonlinear and high-
dimensional features; for example, a turbulent flow and separation flow. Therefore, even
though there are many successful examples of closed-loop flow control, designed using
rigorous mathematical models, there is still an urgent demand for a general solution for
closed-loop control that is effective, efficient, and robust, representing an ongoing research
challenge [23,33].

It is thus worth reviewing previous studies in which researchers apply model-free
closed-loop control strategies to address specific problems related to flow past a bluff
body, especially the key elements involved therein, such as the control method, the control
objective, the sensors, and the actuators. It would be interesting to lead readers to further
consider what can one expect from closed-loop AFC, such as an excellent control perfor-
mance or physical insights. It is also necessary to mention that, with the rapid development
of machine learning, two quite promising ideas and effective tools, such as genetic pro-
gramming (GP) and reinforcement learning (RL), were provided to guide the closed-loop
AFC in a data-driven and model-free manner. These have attracted extensive attention in
the field of fluid mechanics, especially from researchers working on flow control [37-40].
Reviewing the research cases and emerging trends can help to identify existing problems
in this specific field and future perspectives. In the remaining sections of this manuscript,
we categorize the current model-free closed-loop control into four types, i.e., model-free
PID control, GP-based control, RL-guided control, and cluster-based control. In Table 1,
some examples of model-free and closed-loop control strategies are summarized, including
their methods, objectives, and the sensors and actuators they utilize.

Table 1. An overview of the methods and typical applications of closed-loop control of flow past a
bluff body.

Method Objective Sensor Actuation Reference
Stabilize wake Transverse velocity Synthetic jets Park et al. [41]
Reduce vortex sjtren.gth Ve10c1.ty and vibration Piezoelectric ceramic Zhang et al. [42]
and suppress vibration displacement actuators
Mitigate lift fluctuations Lift Self-rotation Lu et al. [43]
Reduce noise Lift Self-rotation Du and Sun [44]
. Spanwise-averaged . L
PID control Stabilize wake velocity Blowing/suction jets Yun and Lee [45]
Suppress vibration Transverse velocity WHSLB jets Wang et al. [46]
Mediate vibration . Vibration . Self-rotation Vicente-Ludlam et al. [47]
displacement/velocity
Suppress vibration Vibration velocity Damping force Song et al. [48]
Suppress vibration Lift Self-rotation Hasheminejad et al. [49]

Suppress vibration

Vibration displacement

Control force

Rabiee and Esmaeili [50]
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Table 1. Cont.

Method

Objective

Sensor

Actuation

Reference

GP-based control

Mitigate separation
Reduce drag
Stabilize wake and
reduce drag
Stabilize wake and
reduce drag

Skin friction
Wall pressure

velocity

Velocity

Active vortex generator

Pulsed jets

Self-rotation

Self-rotation

Debien et al. [51]
Lietal. [52]

Raibaudo et al. [53]

Raibaudo and
Martinuzzi [54]

Suppress vibration Vibration displacement Blowing/suction jets Ren et al. [55]
Reduce drag Velocity Blowing/suction jets Castellanos et al. [56]
Reduce drag Velocity array Blowing/suction jets Rabault et al. [57]
Reduce drag Velocity array Blowing/suction jets Ren et al. [58]
Reduce drag Velocity array Blowing/suction jets Paris et al. [59]

Suppress vortex . . Lo .
shedding Velocity array Blowing/suction jets Li and Zhang [60]
Reduce drag Velocity array Blowing/suction jets Varela et al. [61]
Mitigate lift Velocity array Self-rotation Zhao et al. [62]
Reduce drag Wall pressure Blowing/suction jets Wang et al. [63]
Mitigate lift Velocity array Self-rotation Ren et al. [64]
Reduce drag Wall-pressure Blowing/suction jets Chen et al. [65]
RL-guided control Achieve ;Z:ﬁ?ldynamm Velocity array WSLB jets Ren et al. [66]
Reduce drag Force Rotary rod Fan et al. [67]
Reduce drag Force Rotary rod Wang et al. [68]
Suppress vibration Velocity array Blowing/suction jets Zheng et al. [69]
Suppress vibration Velocity array Self-rotation Ren [70]
Reduce vibration Velocity array Blowing/suction jets Chen et al. [71]

Suppress vibration
Enhance vibration

Enhance heat transfer

Sensorymotor cues
Velocity array
Sensorymotor cues
Vibration displacement

Self-rotation
Blowing/suction jets
Blowing/suction jets

Ren et al. [72]
Mei et al. [73]
Ren et al. [74]

Suppress vibration and velocity Blowing/suction jets Zheng et al. [75]
Reduce drag Velocity Blowing/suction jets Castellanos et al. [56]
. Reduce power .
Cluster-based control Control flow separation Force consumption Nair et al. [76]
Reduce drag Velocity field Self-rotation Wang et al. [77]

2. Model-Free PID Control

In classical control theory, controllers are typically designed based on linear assump-
tions. The AFC also follows this principle [34]. PID control is perhaps the most classical
control approach and is extensively utilized in engineering fields. In the closed-loop AFC of
flow systems, the interpretation of PID control differs slightly from that in classical control
theory. In our view, PID control is primarily considered a model-free approach. By tuning
the control parameters, certain control performance can be achieved.

The PID control has been proven to be effective and efficient in controlling flow past a
bluff body. For example, Park et al. [41] applied a proportional control strategy to stabilize
the Kdrman vortex street at Reynolds numbers lower than 100, where a pair of synthetic jets
is deployed near the separation point, and the transverse velocity at a selected downstream
position is used to provide feedback signals. With this relatively simple strategy, vortex
shedding is completely suppressed at Re = 60. Zhang et al. [42] performed an experimental
study of PID control for the vortex shedding and vibration of an elastically supported
square cylinder in the turbulent flow regime. They investigated different feedback signals,
including turbulent velocity, structural vibration displacement, and combinations thereof,
showing that feedback from both flow and structural vibrations can remarkably reduce
vortex strength as well as vibration amplitude. Lu et al. [43] applied proportional control
to suppress the transverse lift of a circular cylinder at low Reynolds numbers, where
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the rotational velocity of the cylinder is proportional to the instantaneous lift coefficient
exerted on the cylinder. It was found that the control performance is closely related to
the proportional control parameters, and the optimal control parameters vary with the
Reynolds number. Using the same method but different flow conditions and a different
control objective, Du and Sun [44] applied proportional control to reduce noise in a circular
cylinder at Re = 1000, showing that the noise generated by the cylinder can be reduced
by 10 dB due to the suppression of vortex shedding. Figure 4 shows the instantaneous
vortical structures with and without control. Based on Curle’s acoustic analogy [78], the
noise generated by the solid wall is primarily attributed to force fluctuations. Thus, the
objectives of lift suppression and noise reduction would lead to similar physical attributes.
Yun and Lee [45] applied proportional control to turbulent flow over a circular cylinder
with a similar blowing/suction jet configuration to that in Ref. [41], while the feedback
transverse velocity was averaged along the spanwise direction.

1,=03 1,=092D

0.1

paes = = oo0e
W,/ D=2219 0.04
C,=0324 0

1, =0.66D

1,/ D=2589
C,=0837

W,/ D=251.0

€.=0443

Figure 4. Instantaneous vortical structures of flow past a circular cylinder at Re = 1000:
(a) uncontrolled case, and (b) a case with proportional control. This figure is reproduced from
the work of Du and Sun [44], with permission.

Controlling the VIV using the PID controller is of great interest. Wang et al. [46]
carried out a systematic parametric study on the effects of proportional and PI control,
where two groups of WSLB actuators are used to mediate the flow dynamics near the
cylinder, and a transverse velocity feedback signal in the near wake is utilized. Within
certain control parameter ranges, VIV can be effectively suppressed. Vicente-Ludlam et al.
[47] studied rotary control to manage the VIV of a circular cylinder in an experimental
environment within a Reynolds number range of 1500 to 10,000. The rotation rate was
made proportional to either the cylinder’s vibration displacement or its vibration velocity,
similar to the concepts of proportional control and proportional-derivative control. Both
control laws resulted in reduced or enhanced oscillations. A recent study by Song et al. [48]
applied PID control to suppress VIV with two degrees of freedom and demonstrated that
PI or PID control can significantly reduce the vibration range in both the streamwise and
transverse directions by 68.4% to 97.1%.

In PID control, determining the control variables is usually a difficult task, especially
when the flow system involves turbulence or fluid-structure interaction (FSI), or when
the controller has multiple inputs and/or multiple outputs (MIMO). In the field of control
theory, there are also problems when the system to be controlled is regarded as a black box
whose transfer function cannot be directly obtained. Feasible solutions include adaptive
control methods, fuzzy control, sliding mode control, and others. Researchers working
on closed-loop AFC have also used this idea. For example, Hasheminejad et al. [49]
applied fuzzy proportional control for the VIV of a circular cylinder under laminar flow
conditions. Three different proportional controllers were studied, all of which outperformed
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the representative open-loop control with the prescribed rotational oscillations. Rabiee and
Esmaeili [50] further applied fuzzy PID control to control the flow-induced vibrations of two
circular cylinders in tandem configuration with the aid of a fuzzy logic system. A schematic
diagram of the coupling framework of the controller and the numerical environment is
demonstrated in Figure 5, where the desired control force is determined using the feedback
signals from vibration displacement.

Because the flow system is nonlinear in nature, while PID control theory is developed
based on linear approximations, the effectiveness and robustness of PID control may
be limited to flow systems with weak nonlinearity, primarily in the laminar regime. In
turbulent conditions, special treatments must be implemented, such as using the spanwise-
averaged sensing signal Yun and Lee [45]. Due to the gap between linear control theory and
nonlinear flow systems, PID control must be systematically studied before being applied in
practical scenarios.

Control System (MATLAB/SIMULINK)
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System 1
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Figure 5. Schematics of the coupling framework between the fuzzy PID controllers and the CFD
model. This figure is reproduced from the work of Rabiee and Esmaeili [50], with permission.

3. Genetic Programming-Based Control

Compared to the aforementioned PID control, control methods that are independent
of prior knowledge of the flow system are attractive, as they can provide a general solution
for closed-loop flow control, especially when addressing the challenging task of modeling
complicated flows and determining appropriate parameters to adjust control performance.
Among these model-free methods, machine learning has attracted increasing attention
from the flow control community. Most machine learning approaches share data-driven
features, making their application in problems in fluid mechanics feasible due to the large
amount of data available from experiments and numerical simulations. The applications of
machine learning in fluid mechanics were reviewed previously [39,79-81].

In this section, GP-based control is reviewed. GP stems from the genetic algorithm
(GA), which is usually used to optimize one or multiple values. In GP, symbolic expressions
are involved in the evolution process, with the aid of the locator/identifier separation
protocol (LISP) language. Because these symbolic expressions can naturally function as
explicit control laws, GP can be used to generate and select the optimal control law, similarly
to the way in which optimal parameters are determined by the GA. Both GP and GA share
an evolutionary algorithm. Here, a group of individuals participate in the natural selection,
and only a few individuals are selected to generate the next generation through crossover,
replication, mutation, etc. Figure 6 shows the mutation of an individual and the crossover
between two individuals Gautier et al. [82].
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Figure 6. An example of mutation of an individual (left subfigure) and an example of
crossover between two individuals (right subfigure). This figure is reproduced from the work
of Gautier et al. [82], with permission.

Gautier et al. [82] were perhaps the first to apply GP to closed-loop AFC, where the
backward-facing step is controlled by blowing/suction jets deployed near the step corner.
Using a similar method and idea as those of Gautier et al. [82], Debien et al. [51] conducted
a closed-loop control of flow over a sharp edge ramp, targeting separation mitigation
and early re-attachment. Active vortex generators were used to mediate the flow, and
downstream skin-friction sensors provided feedback information. Comparisons with the
open-loop control experiments show that the open-loop system utilizes the lock-on effect,
while the GP-based control accelerates shear layer growth with a lower energy. Li et al. [52]
carried out a closed-loop control of flow past the blunt-edged Ahmed car model based
on linear GP. Multiple pulsed jets at all trailing edges were utilized as actuators, which
were also combined with a deflection surface to exploit the Coanda effect. A group of wall
pressure sensors deployed at the rear side was then used to provide feedback signals. In an
unsupervised manner, the linear GP-based control achieved an approximately 22% drag
reduction rate.

Raibaudo et al. [53] performed experiments in which linear GP was utilized to sta-
bilize the wake of a fluidic pinball and reduce drag. The velocities from three hot-wire
sensors were used to provide feedback signals and the constant rotational velocities of three
cylinders were used to mediate the flow dynamics. The results show that the GP-based
strategies reveal unanticipated solutions or parameter relationships. To account for the
effects of unsteady actuation, Raibaudo and Martinuzzi [54] conducted further experimen-
tal studies in which each cylinder of the fluidic pinball was controlled independently and
could vary periodically. The results indicate that the GP-based control was more efficient
than traditional methods at optimizing within a large parametric space and was also more
robust than open-loop control. Ren et al. [55] used the GP to actively control the VIV of a
circular cylinder under lock-in conditions. Figure 7 shows the schematics of the GP-based
control, where the upper module represents the dynamic FSI system and the lower module
represents the GP agent. The converged control law suppresses the VIV amplitude by
94.2% and achieved a 21.4% better overall performance than the best proportional control
at a Reynolds number of Re = 100. In robustness tests across a Reynolds number range
of 100 to 400, the GP-based control law remains highly effective, while the proportional
control, which is suitable for Re = 100, fails the test.
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ical environment based on the LBM. This figure is reproduced from the work of Ren et al. [55],
with permission.

In a numerical environment, the evolutionary algorithm typically utilizes hundreds or
thousands of individuals until the control performance converges. Therefore, it is crucial to
employ a computationally efficient simulation tool. For example, in the aforementioned
study by Ren et al. [55], a lattice Boltzmann solver accelerated on a graphics processing
unit device [83,84] is used, allowing for a single case initialized with a fully developed flow
field to be completed in 20 min or less.

In an experimental environment, an individual trial can usually be completed within
just a few minutes, which is more advantageous than the numerical approach. The hard-
ware costs in terms of real-time signal recording and a fast actuation response, as well
as the uncertainties during the experimental study, are other crucial issues that need to
be addressed.

4. Reinforcement Learning-Guided Control

RL is an important branch of machine learning. In RL, an agent interacts with a
dynamic environment, perceives the environment’s state, and learns actions through trial
and error in order to gain a high reward [85]. RL is usually combined with deep neural
networks for decision-making and performance evaluation, and is then referred to as DRL.
RL is applied to environment-interactive tasks such as the game of Go [86], where the
RL agent learns from scratch rather than relying on the human knowledge that AlphaGo
adopts [87]. RL has also been applied to train a simplified glider model to exploit upward
plumes in sunny weather to soar higher [88]. Verma et al. [89] applied RL to train a fish to
swim efficiently. These successes have inspired researchers in the field of fluid mechanics
to tackle the closed-loop AFC problem. Thorough reviews of the use of RL in AFC can be
found in the previous literature [79-81,90,91].

Unlike conventional approaches to constructing a controller, which rely heavily on
prior knowledge of the system, the RL agent does not have any prior knowledge of fluid
dynamics, and is thus regarded as a model-free approach. Diverse RL algorithms and their
associated framework can be applied to AFC [92]. Herein, we use the popular proximal
policy optimization (PPO) [93] as an example. In the interactive framework, effective control
strategies are learned through interactions between the RL agent and the flow-related
environment. Initially, the RL agent interacts with the environment using randomized
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actions. Through trial and error, it learns how to exert a specific action when the system is
in a particular state. Simultaneously, it learns how to predict the long-term reward based on
this state information. The state of the environment can be represented by velocity probes,
wall normal and/or shear stresses, sensory-motor cues in flow-induced vibration problems,
etc. The model’s actions can include adjustable jet velocity, rotary motion, and body force.
During the training, the reward is evaluated and fed back to the RL agent, providing a
baseline for the agent to learn how to assess control performance and encouraging it to
achieve a greater reward. Figure 8 shows the schematics of RL-guided AFC for enhancing
thermal convection from an elastically mounted circular cylinder, which involves the basic
interactive relationship between the RL agent and the flow environment [74]. In this setup,
the agent receives the state of the flow system, determines the action, and judges whether
the current action earns a good reward. The control strategy is updated after sampling a
state-action-reward chain within one episode.

RL agent Environment

Policy network State (y, y, ) .

*®u

Action (U,)

D

Reward (Vi)

Figure 8. Schematics of RL-guided AFC for enhancing the thermal convection of a circular cylinder
undergoing VIV. This figure is reproduced from the work of [74].

Before being applied to AFC, RL is utilized to maneuver the motion of a gliding bird
to achieve higher altitudes by taking advantage of rising plumes in sunny weather [88], as
well as to guide fish-swimming to exploit wake vortices and save energy [89]. In the more
straightforward applications of RL in AFC, Rabault et al. [57] were perhaps the first to apply
RL to obtain a closed-loop AFC strategy for drag reduction in a circular cylinder confined
to a channel. In this pioneering work, two synthetic jet actuators were deployed at the top
and bottom stagnation points of the cylinder and operated in a one-blowing—one-suction
mode. A group of sensors was placed both around the cylinder and in the wake. The final
converged strategy achieves an approximately 8% drag reduction rate at a fixed Reynolds
number of 100. Ren et al. [58] extended intelligent flow control in laminar situations to
weakly turbulent conditions where the Reynolds number was 1000, and the baseline flow
exhibited many chaotic features. With a similar control setup to that of Rabault et al. [57], an
approximately 30% drag reduction rate was achieved, along with mitigated lift fluctuations.
Moreover, through a sensitivity analysis, it was noted that only a subset of the 151 velocity
sensors play key roles in the converged control strategy. This finding provides a simple yet
promising solution for reducing the number of sensors and optimizing the sensor layout.
Paris et al. [59] applied RL to reduce the drag of a cylinder under laminar conditions while
focusing on the efficiency and robustness of the identified control strategy, and proposed an
improved RL algorithm to optimize the sensor layout. The obtained control strategy was
shown to be robust within a Reynolds number range of [100,216] and to measurement noise.
Li and Zhang [60] applied RL to suppress vortex shedding from a wall-confined cylinder
by embedding the physical information of the flow into the RL-based control. Global
linear stability and sensitivity analyses based on the time-mean flow and steady flow were
conducted across a range of blockage ratios and Reynolds numbers, which were then used
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to design RL-based control policies that can outperform the gradient-based optimization
method. Varela et al. [61] explored the use of an intelligent AFC of a circular cylinder
over a wide range of Reynolds numbers and identified different control strategies using
DRL as the Reynolds number increased. For Re < 1000, the control strategy was mainly
based on classical opposition control relative to wake oscillation. For Re = 2000, the agent
applied a high-frequency actuation that energized the boundary layers and the separation
zone, further modulating flow separation and reducing drag in a manner similar to that
of the drag crisis. Zhao et al. [62] used DRL-guided AFC to mitigate the lift fluctuations
in a circular cylinder placed in the wake of an upstream, equal-size cylinder in a tandem
configuration. Through an analysis of the flow structures, it was revealed that the learned
policy accelerates the shear layer development in the rear cylinder, subsequently adjusting
its interaction with the wake of the front cylinder. Wang et al. [63] proposed a self-learning
algorithm for reducing drag and mitigating lift fluctuations in a cylinder based on DRL. By
transforming the sensor signals into dynamic features that can predict future flow states,
the performance of RL-guided control can be significantly improved. Ren et al. [64] carried
out intelligent controls aiming to mitigate the fluctuations in a single circular cylinder and
a wake-interfered circular cylinder, respectively. With six feedback velocity signals placed
near the wake, a lift mitigation rate of larger than 90% was achieved for both scenarios.
In addition to the velocity sensors, many researchers used this method to study feedback;
Chen et al. [65] used wall pressure, monitored at the surface of a circular cylinder, and
achieved both drag reduction and lift mitigation for Re € [100,400].

The RL can also be used to realize unconventional AFC objectives. Ren et al. [66]
proposed the concept of hydrodynamic stealth and provided an RL-based solution. In
this concept, five pairs of WSLB jets are used to eliminate the velocity deficit, while a
velocity rake consisting of 33 velocity sensors placed in the near wake provides feedback
signals. Figure 9 shows the learning process, which consists of 1000 episodes. As the
learning proceeds, the wake signature gradually vanishes. Ultimately, the wake signature
disappears, and the downstream velocity profile at a distance of two diameters from the
cylinder becomes almost identical to the clean stream in front of the cylinder.
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Figure 9. Training process of the reinforcement learning guided closed-loop control to achieve
hydrodynamic stealth. Four subplots denote the instantaneous wake patterns and measured ve-
locity profiles at four selected stages. This figure is reproduced from the work of Ren et al. [66],
with permission.

The applications of RL-based AFC in complicated environments, such as turbulent
flows, have attracted considerable attention. Fan et al. [67] demonstrated the effectiveness of
RL in bluff body control through experiments, aiming to maximize power gain efficiency by
adjusting the rotational speed of two small cylinders located parallel to and downstream of
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the main cylinder. By properly defining rewards and designing noise reduction techniques,
the RL agent discovered a control strategy that is comparable to the optimal strategy found
through systematically planned control experiments. Wang et al. [68] considered the canonical
flow past a circular cylinder, whose wake is controlled by two small rotating cylinders. The
trained DRL agent, developed from inexpensive simulations at low Reynolds numbers, is
transferred to cases at Reynolds numbers of up to 1.4 x 10, leading to successful control
strategies that are feasible for high-Re conditions.

In the aforementioned work [66], the hydrodynamic stealth in the VIV scenario is
also tested, which clearly shows that the VIV is almost fully suppressed alongside an
almost vanished wake signature. It is thus quite natural to apply the RL-guided AFC
to control classical flow-induced vibration problems. Zheng et al. [69] applied RL to
control the VIV of a circular cylinder and made comparisons with an active learning
approach, where a Gaussian process regression surrogate model is used to predict the
VIV amplitude, combined with a Bayesian optimization algorithm for specified control
actions. The RL agent was found to be able to suppress the VIV by 82.7%, outperforming
the active learning approach, which reduced the VIV amplitude by only 28.3%. Ren [70]
studied VIV control using feedback signals consisting of an array of velocity sensors. The
final VIV suppression rate was 89%, achieving a slightly better control performance than
that shown in Ref. Zheng et al. [69] while using far fewer sensors. Chen et al. [71] used
DRL-based AFC to mitigate the VIV of a square cylinder, reducing the vibration amplitude
by 86%, 79%, and 96% for three jet positions deployed at the front, middle, and back sides
of the square cylinder, respectively. Using a state space that consists solely of sensory—
motor cues, Ren et al. [72] employed DRL-guided AFC for VIV control, highlighting the
interpretability of the exploration path. It was found that different state spaces yield
different trajectories, as illustrated in Figure 10. Furthermore, by analyzing the phase
diagram recorded during training, three distinct stages were identified, which can be
interpreted from physical perspectives.
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Figure 10. Trajectories of the (a) mean drag, (b) root-mean-square (RMS) of the vortex force, and
(c) absolute value of the transverse displacement against the AFC forcing strength during training.
Four training processes with different combinations of sensory-motor cues are shown in the four
columns. The scattered points are colored according to the episode number. This figure is reproduced
from the work of Ren et al. [72], with permission.
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In contrast, increasing the VIV amplitude is sometimes advantageous; for example,
Mei et al. [73] applied RL-guided jet control to enhance the energy-harnessing efficiency of
a circular cylinder undergoing VIV. The jets on the cylinder were found to destabilize the
vortex shedding and enhance the VIV, leading to a net energy output increase of 357.63%.
Ren et al. [74] applied RL to enhance the heat transfer from a circular cylinder undergoing
VIV. Unlike the typically adopted state space, which consists of high-dimensional state
representations using velocity feedback signals, this study utilizes the sensory—motor cues
of the cylinder, specifically the cross-flow displacement, velocity, and acceleration. The
learned strategy ultimately achieved a remarkable improvement in the heat transfer rate
of 76.7%.

A reliable flow environment is the basis of successful RL-guided AFC, whether numer-
ical or experimental. The low efficiency of data acquisition and data sampling has attracted
a lot of attention. Until now, most applications using numerical simulations were based on
the finite element method [57] combined with the Python TensorForce package. Developing
the DRL framework with open-source software [94] or commercial software [95] is also
quite constructive for the community. Other approaches, such as LBM [58,66,72] or its
variants [74], coupled with the Python TensorFlow library, also provide powerful solutions
for RL-guided AFC due to the high-fidelity features of the LBM and its superior parallel
efficiency with GPU devices. More recent studies [96,97] provide even more effective
and efficient numerical tools for flow past a bluff body and are capable of simulating the
flow field, structural vibrations, and acoustic field simultaneously. This is believed to
provide more solutions, enabling efficient data acquisition to be achieved using numerical
approaches. Rabault and Kuhnle [98] further proposed an accelerating method utilizing
multiple environments to learn in a distributed configuration. Because the environments
can be simulated in a parallel manner, the learning efficiency can be greatly improved.
Other approaches, such as expert demonstrations that rely on a simplified mathemati-
cal modeling of the system and model optimization [75], also provide very promising
directions to explore.

Comparisons of RL-based control with other existing approaches have also attracted
attention. Pino et al. [99] performed a comparison of GP-based control, RL-guided control,
and global optimization methods, including Bayesian optimization and Lipshitz optimiza-
tion, along with an in-depth analysis. The difference in exploration versus exploitation,
as well as in model capacity and required complexity, were comprehensively illustrated.
Furthermore, the authors point out that the hybridization of these methods for flow control
is a promising field. In the study of Castellanos et al. [56], both the DRL and the linear GP
were applied to control the laminar flow past a circular cylinder, with a few velocity sensors
providing feedback. Straightforward comparisons were provided using this well-designed
setup, which implied that DRL is more robust with respect to its initial conditions and
observation noise while linear GP is more efficient, requiring less sensor data.

Finally, with the emergence of the successful applications of RL-guided AFC in com-
plicated flow systems and the elucidation of more rationales for these successes, it is
anticipated that RL-guided control will become a general and reliable solution for the
closed-loop control of flow past a bluff body and beyond.

5. Cluster-Based Control

Based on the methods from statistical mathematics, as well as a physical understand-
ing of the flow system, other data-driven approaches are emerging, with one of the most
representative being cluster-based control. Cluster-based control stems from cluster analy-
sis, where the feature space is partitioned into groups sharing similar attributes (clusters),
which correspond to coarse-grained characteristic phases in a low-dimensional (typically
two-dimensional or three-dimensional) feature space [76,100]. The system dynamics are
then represented as linear and probabilistic Markov chains, and transitions between clusters
are considered transitions between flow states [76,100]. Active control is then established
on the low-dimensional representations of the flow system in a model-free and relatively
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low-cost manner. The framework of cluster-based AFC for flow past a post-stall airfoil is
shown in Figure 11.

Nair et al. [76] proposed a cluster-based control strategy for the feedback control of
post-stall separated flows past an NACA 0012 airfoil in the turbulent regime, utilizing
a limited number of force sensor measurements to reduce power consumption during
aerodynamic flight. Wang et al. [77] presented a cluster-based control strategy for model-
free feedback drag reduction with multiple actuators and full-state feedback, which was
demonstrated in the case of flow past a fluidic pinball using three flow regimes: symmetric
periodic, asymmetric periodic, and chaotic vortex shedding. The net drag reductions for
these cases amounted to 33.06%, 24.15%, and 12.23%, respectively, highlighting the distinct
advantages of robust control under varying flow conditions.
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Figure 11. Overview of the cluster-based control framework. This figure is reproduced from the
work of Nair et al. [76], with permission.

6. Future Prospects and Challenges

In this article, we reviewed progress in the use of model-free closed-loop control for
flow past a bluff body. From the presented applications, closed-loop control is shown to be
quite promising in effectively and efficiently managing flow past a bluff body. Although
it has attracted attention from multiple disciplines, challenges in closed-loop active flow
control also exist, such as the following:

¢ In numerical approaches, the problem of low-efficiency data acquisition and sam-
pling still needs to be addressed. This area of research is quite promising given the
rapid development of computational algorithms and hardware. For experimental
approaches, due to the uncertainty in perturbed flows and measurement devices, the
need for reliable data acquisition still needs to be addressed. Regarding these efforts,
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it is quite promising to see the increase in the applications of closed-loop control in
realistic scenarios.

The effectiveness of the control performance is always the first priority. With the aid
of advanced control methods, such as machine learning-based approaches, further
improving effectiveness in tasks such as flow past a circular cylinder in the laminar
regime is no longer challenging. However, in complicated situations involving turbu-
lent flow, multiphysics fields, chemical reactions, etc., more efforts are essential. In
our view, machine learning, especially reinforcement learning, is the most promising
approach to provide a general solution to these complicated problems.

Efficiency is a significant requirement due to the demands in the practical engineering
field. Net energy savings are essential when viewing the system as a whole. For
instance, it is usually not a good choice to reduce the drag of an object at the cost of
increased energy consumption.

Robustness is a special and vital topic. For the AFC, robustness involves the control
responses when certain levels of perturbations are applied or when the system condi-
tions are altered. In our view, to achieve better robustness, the process through which
the final control strategy is derived should involve sufficient randomness and/or take
into account a wide range of realistic perturbations.

For data-driven, machine learning-based approaches, the interpretability of the evo-
lution or learning path, as well as the physical rationale behind the final converged
strategy, can be significant obstacles. Elucidating both issues requires knowledge of
statistical mathematics, stability analyses, sensitivity analyses, resolvent analyses, etc.
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The following abbreviations are used in this manuscript:
DMD  Dynamic mode decomposition

FSI
GA
GP
GPU
LBM
PID
POD
RL
DRL

Fluid-structure interaction

Genetic algorithm

Genetic programming

Graphic processing unit
Lattice-Boltzmann method
Proportional Integral and Differential
Proper orthogonal decomposition
Reinforcement learning

Deep reinforcement learning

WSLB  windward-suction-leeward blowing
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Abstract: The valveless micropump based on dual synthetic jets is a potential fluid pumping device
that has the ability to transport fluid continuously. In order to improve the performance of this
device, a novel valveless continuous micropump based on dual synthetic jets with a Tesla structure
was proposed by combining a double Tesla symmetrical nozzle and a dual synthetic jets actuator.
The mechanism of the novel micropump and its flow field characteristics were analyzed, combined
with numerical simulation and a PIV experiment. The performance of the novel micropump was
compared with that of a dual synthetic jet micropump based on a traditional shrinking nozzle. The
novel micropump achieved continuous flow with a larger and more stable flow rate in one cycle. The
maximum pump flow speed reached 12 m/s. Compared with the traditional type, the pump flow
rate was increased by 5.27% and the pump flow pulsation was reduced by 214.93%. The backflow
and vortex inside the nozzle were prevented and inhibited effectively by the Tesla structure. The
velocity and influence range of the pump flow increased with the intensification of driving voltage in

a certain range.

Keywords: dual synthetic jets actuators; Tesla structure; valveless micropump; continuous jet flow

1. Introduction

The microfluidic system holds immense potential for a wide range of applications, in-
cluding drug delivery [1-3], biochemical applications [4-8], robotics [9,10], micro-electronics
cooling [11-13], and more. As the core of this system, micropump plays a crucial role in
its overall functionality. It can be used for energy conversion, directional and quantitative
fluid transfer, and even as a power source for micro-robots. Without the micropump, the
whole system would not work properly. Micropumps can be classified into two categories:
mechanical and non-mechanical [14]. Non-mechanical micropumps can generate con-
stant/steady flows (compared with oscillatory pumping). Their performance, however, is
often limited by the properties of the selected fluid. Mechanical micropumps often use the
motion of a solid (such as a gear or diaphragm) or liquid to generate the pressure difference
needed to move fluid. The motion often causes an unsteady flow. The piezoelectric pump
is a type of non-mechanical micropump that utilizes the inverse piezoelectric effect of
piezoelectric materials. The application of alternating current excitation can deform the
piezoelectric material, thereby driving the fluid. The piezoelectric pump has the advan-
tages of a compact structure, low energy consumption, a flexible control mode, and fast
response times. Valveless piezoelectric pumps are particularly noteworthy as they enable
the directional transport of fluid by optimizing the pump structure. This design avoids the
hysteresis of the mechanical valve under high-frequency conditions and the problem of
fatigue damage.
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Conventional valveless pumps, such as contract/expansion tube valveless pumps, are
not widely applicable in microfluidic systems due to their shortcomings, such as their in-
ability to continuously discharge and large outflow pulsation. In 1998, Glezer, A. et al. [15]
developed the first piezoelectric synthetic jet actuator (SJA) with superior working charac-
teristics, which has been extensively studied by researchers and introduced into the field
of micropump research [16]. Luo, X.B. et al. [17] first applied synthetic jets to a microp-
ump in 2002. The feasibility of a synthetic jet micropump was verified through numerical
simulation, providing a novel approach for valveless micropump design. Building on this
foundation, Luo, Z.B. et al. [18] designed a valveless micropump based on synthetic jets
with a filter by employing two piezoelectric diaphragms in 2005 that avoided the blockage
caused by impurities from the outside and significantly increased the flow rate of the pump.
Dau, V.T. et al. [19], Choi, J.P. et al. [20], He, X.H. et al. [21], Munas, ER. et al. [22], and
Van, L.L. et al. [23] developed different structures for valveless piezoelectric micropumps
based on synthetic jets, such as the planar [19,20,22,23] and vertical [21] structures, and
carried out a large number of numerical simulations and experimental studies on them.
Through excellent structure design, these researchers enabled the micropump to have the
ability of directional fluid transport and improved the directivity of fluid flow. Some of
them achieved a continuous pumping flow of the micropumps [21-23]. However, these
micropumps had some drawbacks, such as a less compact structure, insufficient develop-
ment space for synthetic jets, low pump flow, and large pulsations. Tran, C.D. et al. [24]
proposed a micropump based on synthetic jets with a Tesla coupled nozzle in 2020 on the
basis of these predecessors. Through the novel Tesla coupled nozzle, the energy contained
in the vortices on either side of the synthetic jet was utilized during the blowout phase.
During the suction stage of the pump, the main stream stagnated, causing the cavity to
only absorb air from the side roads. However, this design still has some drawbacks, such
as unstable pump flow and an inability to withstand high ballasts.

In summary, although the valveless micropump based on synthetic jets can generate a
continuous jet flow through the structure design, there are some issues such as unsteady
pump flow, ballast invalidation, and low energy utilization rate. The fundamental reasons
for this are that the synthetic jet actuators cannot pump fluid continuously and the envi-
ronment on both sides of the diaphragm is inconsistent. In 2006, the piezoelectric dual
synthetic jets actuator (DSJA) was invented by Luo, Z.B. et al. [25,26], which solved the
above problems by sharing one PZT diaphragm with two cavities. Building on this innova-
tion, Luo’s team developed a continuous micropump based on dual synthetic jets [27] and
conducted numerical simulations and performance analyses on it. The simulation results
showed that the micropump had the characteristics of continuous flow and low pulsation.

In order to further improve the performance of the continuous micropump based on
dual synthetic jets, this paper designed a novel valveless continuous micropump based
on dual synthetic jets with a Tesla structure. This micropump combined the novel double
Tesla symmetrical nozzle with a dual synthetic jets actuator. The mechanism and flow field
characteristics of the novel micropump were analyzed through numerical simulation and
particle image velocimetry (PIV) experiments, which laid a theoretical foundation for the
engineering application of a valveless continuous micropump based on dual synthetic jets.

2. Structure and Numerical Methods
2.1. Structure and Mechanism

The structure and specific parameters of the novel micropump designed in this paper
are shown in Figure 1. The micropump was composed of a nozzle and actuator cavity. The
actuator cavities featured two shrinking outlets. The interior of the nozzle contained a
flow guide baffle, two suction channels, and a Tesla symmetrical structure. The idea of this
structure was inspired by the Tesla principle of preventing undesired backflow. The outlet
area of the nozzle measured 3 mm x 30 mm.
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Actuator Cavity

Nozzle

Diaphragm
(a) (b)

Figure 1. Structure of the novel micropump: (a) the interior structure and specific parameters; (b) the
appearance of the material object.

The working mechanism of the valveless continuous micropump based on dual
synthetic jets is illustrated in Figure 2. The piezoelectric diaphragm underwent an inverse
piezoelectric effect under the external alternating current excitation, vibrating in the actuator
cavity along the normal direction of the diaphragm. In the first half cycle, as shown
in Figure 2a, when the piezoelectric diaphragm vibrated to the left, the left cavity was
compressed, while the right cavity expanded. The compressed air in the left cavity formed
a jet in the left outlet of the actuator cavity. Under the action of the Coanda surface
at the bottom of the flow guide baffle, the jet flowed into the main channel along the
curved surface. The jet was in the forward flow state and was directly expelled through
the nozzle contraction outlet and stabilization section, unaffected by the Tesla backflow
channel through which it flowed. At the same time, the right cavity expanded and formed
a low-pressure region. Since the Tesla structure only allowed the fluid to pass through in
one direction, it could obstruct the reverse flow of the main channel. Therefore, the right
cavity could only take in air from the outflow field through the suction channel. In the
second half cycle, the diaphragm vibrated to the right; thus, the flow field was contrary to
the above description. The left cavity provided the main flow in the first half cycle, while
the right cavity did so in the second half cycle, resulting in a continuous flow within one
cycle at the nozzle.

Nozzle
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Section \—!‘ )
Nozzle ‘ ; ‘ ‘
LS - \\

/

Tesla Backflow

Channel
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Figure 2. The working mechanism of the micropump: (a) first half cycle; (b) second half cycle.
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2.2. Numerical Model and CFD Method

The established two-dimensional numerical model of the valveless continuous mi-
cropump based on dual synthetic jets is shown in Figure 3. The numerical model used was
the X-L model [28]. The velocity inlet boundary condition was given directly in terms of its
time-dependent displacement. The calculation expression was as follows:

Uy = 270 f Ay sin(27tft + Do), uy (1, 1) = 0 1)
where ux(1,t) and (1, t) are, respectively, the axial and radial components of the velocity
at any point on the surface of the diaphragm (x1, 1), where A, is the amplitude of the center

point of the diaphragm.

Pressure Outlet

Velocity Inlet

0
X(mm)

Figure 3. Two—dimensional numerical model.

In this study, the UDF file was imported to define the velocity inlet. The diaphragm
vibration amplitude was specified as A;;, = 0.01857 mm and the frequency was specified as
f =600 Hz. Then, the formulas were as follows:

u1x = 0.7 sin(271-600-1) @
upy = 0.7 sin(271-600-t + 77)

where 11, and 1 are the normal velocities of the left and right diaphragm, respectively.
The simulation software used in this study was Ansys Fluent 2021R2. The SST k-w
turbulence model was selected for numerical calculation. The vibration diaphragm adopted
the velocity inlet boundary while the wall adopted the non-slip wall boundary, and the
surrounding outlet was set as the pressure outlet. The fluid medium was an incompressible
gas. The pressure-based solver was chosen for calculation as it requires a small amount
of memory and has a high degree of resilience in solving, making it suitable for a wide
range of flow systems, from low-speed incompressible flows to high-speed compressible
flows. The Semi-Implicit Method for Pressure Linked Equations (SIMPLE) was used for the
pressure and velocity coupling, and the momentum and energy equations were discretized
using the second-order upwind scheme. Structured grids were employed throughout
the computational domain, which was locally encrypted inside the nozzle and at the exit.
The number of grids was 244,666. A cycle of the actuator was divided into 80 steps for
calculation, that is, the time step At = 1/80T = 1/(80 x 600)s = 2.08333 x 10 5s.
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2.3. Grid Independence Verification

The numerical calculation was carried out on the two-dimensional models, with the
number of grids being 60,000, 130,000, 240,000, and 400,000 by learning a considerate
method [29]. After calculating for 50 cycles, the instantaneous flow rate curve in the nozzle
outlet within two cycles was obtained, as shown in Figure 4. The instantaneous flow
rate results calculated by the four grid quantities had few differences. The difference and
average flow rate are shown in Table 1. The flow rate decreased slightly with the increase
in the number of grids and gradually tended to be stable. Compared with the calculation
results where the number of grids was 400,000, the errors in the calculations with the other
numbers of grids were, respectively, 4.74%, 2.15%, and 0.92%. In order not to compromise
the calculation accuracy and efficiency, this paper adopted a model with a grid number of
240,000 for numerical calculation.
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Figure 4. Instantaneous flow rate curves under different mesh quantities.

Table 1. Grid quantity and average flow rate.

Number of Grids Average Flow Rate (m3/s) Difference from 400,000 Results (%)
60,000 0.02632 4.74
130,000 0.02567 2.15
240,000 0.02536 0.92
400,000 0.02513 R

2.4. PIV Experimental Method

The composition of the PIV experimental system is shown in Figure 5. The PIV
system mainly included a high-energy dual-channel laser, three-dimensional light
guide arm, 24 mm F/2.8 long lens, 532 4= 5 nm narrow-band filter, cross-frame CCD
camera (2456 x 2056), synchronous frequency-locking controller, image acquisition
card, and MicroVec V3 system PC software. The micropump was placed in a plexiglass
chamber (200 mm x 200 mm x 600 mm), which was filled with smoke particles less
than 4um in diameter as PIV tracer particles. Two signals with the same frequency
and phase were generated by the signal generator, one of which was provided to
the actuator by the piezoelectric ceramic driving power supply, and the other was
used as the external trigger signal of the synchronous controller to realize the phase-
locked measurement of the flow field. In the experiment, the image magnification
was 21.3136 pm/pixel. The operating frequency of the time-averaged flow field image
acquisition was 7 Hz. The images taken at this frequency could be traversed through
the whole cycle of the valveless duel synthetic jet micropump. A total of 50 pairs of
images were taken, and the mean value of the images was taken as the velocity vector
of the time-averaged flow field. A cycle of the valveless dual synthetic jet micropump
flow field was divided into 16 phase points by using synchronization and phase-locked
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technology, and 10 pairs of images were taken for the flow field at each phase point.
The mean value was taken as the velocity vector of the phase point. The laser light
was located at the middle section of the micropump, and the nozzle exit pointed to the
laser light.

Plexiglass
Light Guide Arm\‘{.' ) Chamber

A

Dual-channel /
Laser .

Laser Light

Micropump

Synchron

Controller piezoelectric ceramic

driving power

Generator
Computer

Figure 5. Composition of PIV experimental system.

3. Results and Analysis
3.1. Instantaneous Flow Field

A cycle could be divided into four stages according to the diaphragm vibration regularity
(taking the left cavity as the research object): accelerated blowing stage, 0 < t < 1/4T (the first
stage); deceleration blowing stage, 1/4T <t < 1/2T (the second stage); accelerated suction
stage, 1/2T <t < 3/4T (the third stage); and deceleration suction stage, 3/4T <t < T (the
fourth stage).

Figure 6 shows the velocity and streamline of the flow field in the simulation and
the PIV diagram of the operation of the valveless micropump based on dual synthetic
jets in one cycle. When t = 1/4T, as shown in Figure 6a, the left cavity of the micropump
was at the end of the accelerated blowing stage. At this stage, the entire micropump was
manifested as accelerated blowing in the left cavity and accelerated suction in the right
cavity. The air in the left cavity was constantly compressed and ejected from the left cavity
outlet. Under the action of the Coanda effect, the jet flowed into the left main channel along
the curved surface at the bottom of the flow guide baffle. The jet then continued to develop
downstream and was expelled after flowing through the nozzle contraction outlet and
stabilization section. During the accelerated blowing stage, the air at the edge of the cavity
outlet experienced strong shear action from the jet stream, leading to the formation of a
vortex inside the suction channel. The vortex sucked up part of the main stream, resulting
in an overflow shunt at the upper end of the channel. The vortex also drove the overflow
shunt to move back into the main stream to avoid flow loss. The jet in the contraction outlet
deflected towards the center at the end of the flow guide baffle and collided with the wall
of the contraction outlet, causing some of the air to separate from the main stream and flow
into the Tesla backflow channel. The air in the Tesla backflow channel flowed along the
channel and collided with the air in the right main channel, forming a mass of large and
small whirlpools that prevented the right cavity from inhaling air in the right main channel.
Therefore, the right cavity outlet could only inhale air from the outside through the right
suction channel. This entire process also elucidated the working mechanism of the Tesla
structure, specifically, how it functioned to impede the reverse flow.
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Figure 6. The velocity and streamline of the flow field in the simulation and the PIV diagram of the

operation of the valveless micropump based on dual synthetic jets in one cycle: (a) 1/4T; (b) 1/2T;
(c) 3/4T; (d) 1T.
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The PIV diagram shows that there was a clear air inhalation phenomenon around the
right suction channel, which was asymmetric in comparison to the left side. This suggested
that the right cavity was currently inhaling air from the outside through the right suction
channel. In the left suction channel, some air was observed escaping from the channel,
confirming the presence of a vortex in the left channel. The flow field around the left and
right suction channels was consistent with the simulation results.

When t = 1/2T, as shown in Figure 6b, the left cavity of the micropump was at the end
of the deceleration blowing stage. At this stage, the left cavity was still being compressed,
but the degree of compression was constantly decreasing, as was the intensity of the jet
from the left cavity. The jet ejected in the previous stage developed into the left main
channel. The high-speed flow generated low pressure in the left main channel, allowing
external air with relatively high pressure to enter the left main stream via the left suction
channel due to the pressure difference. There was also a pressure difference between the
main jet in the contraction outlet and the relatively static air in the right main channel.
Additionally, the main jet had an ejection effect on the air in the right main channel, making
the air flow into the main jet. Since it was then at the end of the deceleration blowing stage,
the right cavity no longer inhaled air. The air inhaled from the outside during the previous
period had no time to stagnate and flowed directly into the right main channel under the
guidance of the structure, supplementing the air in the right main channel. These figures
illustrate the complete jet flow phenomenon from the exterior into the main jet.

As observed in the PIV diagram, the air speed near the right suction channel at this
stage was significantly reduced compared with the previous stage. This indicated that the
right cavity was at the end of the deceleration suction stage, and the suction speed was
greatly reduced. During this time, the inhaled air was added to the right main channel, and
the left suction channel was slightly inhaling air. This action, which was contrary to the
previous stage, also confirmed the phenomenon described in the simulation: the outside
air was replenished in the left main channel due to the pressure difference.

Figure 6¢,d, respectively, show the flow conditions of the micropump when t =3/4 t
and t = T. In these periods, the left cavity was at the end of the accelerated suction stage and
the deceleration suction stage, respectively, and the flow conditions were exactly opposite
to those when f =1/4T and t = 1/2T. In the first half cycle, the micropump was characterized
by left blowing and right suction, while in the second half cycle, it was characterized by
left suction and right blowing. Consequently, the micropump exhibited continuous flow at
the jet nozzle within a single cycle.

3.2. TimeMean Flow Field

Figure 7 shows the time-mean flow field of the micropump in one cycle. Within a cycle,
the micropump continuously inhaled air from the outside. The air flowed successively
through the suction channel, the flow guide baffle, and the main channel, and was finally
ejected through the nozzle, showing a shape similar to the steady jet outside the nozzle.
This process realized the micropump function of directional transport air. In addition,
the time-mean flow field had a clear dividing line at the throat outlet of the cavity, which
indicated that the cavity did not eject or inhale air in one cycle, and the total mass flow rate
of the cavity in one cycle was still zero, although there was a mass exchange between the
cavity and the outside surroundings.

The velocity distribution and maximum velocity magnitude at different altitudes
(0 < Hy < 18is equal to 16 mm < Y < 34 mm) are given in Figure 8a, showing the
law of velocity distribution in a downstream flow. At position Hy = 0, the velocity
presented unimodal symmetry, with lower magnitude on both sides of the center and
a large velocity gradient in the X direction. At position Hy = 3, the central maximum
velocity magnitude and the velocity on both sides of the center increased. For the
velocity gradient in the X direction, the gradient decreased on both sides of the center
but increased in the middle. As Hy continued to grow, the peak magnitude of the
unimodal symmetric velocity distribution gradually decreased; this was accompanied
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by a larger range on both sides of the center and a flatter distribution. Due to the
wall boundary layer on both sides of the nozzle stabilization section at Hy = 0, the
velocity magnitude here was close to 0. The jet was compressed and ejected at the nozzle
contraction section. The closer the jet was to the center, the higher the energy was. The
energetic central jet formed strong shear with the stationary air in the boundary layer,
thus showing a unimodal symmetric velocity distribution. When Hy increased, the
wall limit disappeared, and the jet gradually expanded to both sides. The expansion
became clearer with the increase in altitude. After expansion, the energy concentrated
in the middle of the jet was dispersed to both sides, resulting in the development of
velocity distribution from unimodal symmetry to flat. The velocity (maximum velocity)
of the flow field center at different altitudes was obtained, as shown in Figure 8b.
As the distance increased, the maximum velocity magnitude first increased and then
decreased, reaching a maximum at approximately 12 m/s at position Hy = 3, and was
approximately linear at the velocity decay stage.

AverageV: 1 2 3 4 56 7 8 910111213141516

Figure 7. The velocity and streamline time—mean flow field of the micropump in one cycle: (a) overview
of time—mean flow field; (b) partial view of time—mean flow field.

T T T T T —— —— T
12 ——— H=0mm - 12F 4
———— H,=3mm
———— H,=6mm
10f e s ]
— ———— H,=15mm £
0 ———— H,=18mm =
£ 8F g 2 8F g
s 8
g I
E’ o -~ b |
] )
z s
< 4 o 4F E
>
<
2 2| §
9 —’4 q s i 05 5o 20
X(mm) H,(mm)
(a) (b)

Figure 8. Average velocity in the nozzle downstream: (a) velocity distribution of the downstream at
different positions (—5 < X < 5,0 < Hy < 18); (b) average velocity in the center line (X =0, 0 < Hy < 18).

The PIV experimental system was used to photograph the real flow field downstream
of the micropump. Time equalization processing was carried out and the simulation flow
field was compared, as shown in Figure 9. At this time, the diaphragm driving voltage was
150 V and the driving frequency was 660 Hz. The real flow field diagram shows that the jet
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flowed out continuously from the nozzle, and there was no backflow at the nozzle exit. The
downstream velocity field was similar to that of the steady jet flow and was in agreement
with the simulation results. Outside the suction channel, the suction velocity shown in
the PIV diagram was not clear. This was because as the momentum during the suction
process was smaller than that during the injection process, the disturbance caused by the
suction process was weaker. Additionally, after the air had flowed into the suction channel,
the camera of the PIV device was unable to capture the particles, resulting in inaccurate
shots of the flow field in this region. Figure 10 compares the velocity distribution of the
real flow field with the simulation result at Hy = 3. The velocity distribution of the real
flow field also presented a form of unimodal symmetry, which was in high agreement with
the simulation result.

A
AverageV(mis): 1 3 5 7 9 111315 AverageV(m/s): 1 2 3 4 56 7 8 9101

(@) (b)

Figure 9. Comparison of time—mean flow field: (a) simulation results with streamline; (b) PIV experiment.
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Figure 10. Comparison of velocity distribution between PIV and simulation results (=5 < X <'5,
Hy = 3).

3.3. PIV Results Analysis

By changing the driving voltage amplitude, the micropump performance and down-
stream flow field changes were investigated. The PIV system was used to photograph the
time-mean flow field of the micropump under different driving voltage amplitudes, as
shown in Figure 11. As shown in the figure, the shape of the downstream jet did not change
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as the driving voltage amplitude increased, but the influence range of the jet expanded.
Here, the angle between the two rays was used to measure the influence range of the jet.
Table 2 shows the relationship between voltage amplitude and the angle.

Average V(mis): 123 456 7 8 91011 AverageV(m/s): 12 3 4 56 7 8 910111213 Average V(mis): 1234 56 7 8 910111213 Average V(mis): 12 3 4 56 7 8 910111213
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Figure 11. Time—mean flow field of the micropump under different driving voltage amplitudes:
(a) Casel; (b) Case2; (c) Case3; (d) Case4.

Table 2. Experimental voltage amplitude and angle parameters.

Experimental Serial Number  Driving Voltage Amplitude (V) Influence Area Size (°)

Casel 150 38.5
Case2 180 40.5
Case3 210 43.1
Cased 240 422

At Y = 40 mm, which was 24 mm downstream of the nozzle, the influence range of
the jet increased from 38.5° (in voltage 150 V) to 43.1° (in voltage 210 V), representing an
increase of 11.95%. When the driving voltage amplitude was 240 V, the influence range
was slightly reduced to 42.2°. Although the range of influence decreased somewhat, it may
have been caused by the shooting error. Thus, with the further increase in driving voltage
amplitude, the range of influence gradually tended to stabilize.

The velocity magnitude of the flow field center (X = 0 mm) in the range of Y = 17~40 mm
was extracted and compared, as shown in Figure 12b. When the voltage was 150 V, the
velocity reached its maximum at approximately Y = 20 mm and decayed with the increase in
distance. When the voltage was increased to 180 V, the velocity generated by the diaphragm
increased, and the velocity of the downstream flow field also increased significantly. The
maximum velocity magnitude grew from 11 m/s to approximately 13.5 m/s. The local
velocity of the corresponding position also integrally increased by approximately 1-2 m/s,
and the penetrability of the jet was enhanced. As the driving voltage continued to rise, the
maximum velocity of the jet decreased slightly by approximately 0.5 m/s, but the velocity
at the same position still increased. Moreover, the position of the maximum velocity moved
downstream constantly. The maximum velocity was near ¥ = 18 mm at 180 V, Y = 20 mm at
210V, and Y =22 mm at 240 V. It is known from previous studies that the influence range of
jets increases with voltage amplitude. Since the jet developed downstream in an “S” form, the
larger influence range meant that the jet was “getting fatter”. Although the velocity generated
by the diaphragm increased after the voltage rose, the “fatter” jet led to a dispersion of energy
in the jet center. Thus, the maximum velocity of the jet was reduced, which also indicated that
the penetrability of the micropump had reached the threshold.
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Figure 12. The velocity magnitude of the flow field under different driving voltage amplitudes:
(a) schematic diagram of line location; (b) velocity of flow field center (X =0,17 <Y < 40); (c) velocity
distribution (-5 < X < 5,Y =32).

Figure 12c shows the velocity distribution at Y = 32 mm under different driving
voltage amplitudes. With the growth in voltage, the velocity magnitude presented an
overall upward trend, which was reflected in the increase of the maximum velocity and
both sides. The area enclosed by the velocity distribution curve and the coordinate axis
became larger, which meant that the larger the flow rate, the more gas could be transported
and the stronger the transport capacity. Therefore, although increasing the voltage could not
effectively improve the penetrability of the micropump jet, it could enhance the transport
capability of the micropump.

3.4. Comparison with the Traditional Shrink Nozzle

In order to reflect the advantages of the novel Tesla symmetrical nozzle over the
traditional shrink nozzle, a simulation investigation of the shrink nozzle was carried out.
The structure is shown in Figure 13, which adopted the same CFD method. The number of
grids was 173,428.
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Figure 13. Structure of nozzle: (a) Tesla symmetrical nozzle; (b) shrink nozzle.

Figure 14 shows the flow field inside the shrink nozzle in one cycle. In the first stage,
large vortices were formed on both sides inside the nozzle. Part of the main jet flowed
into the right vortex under attraction, taking away the energy. At the same time, attracted
by the vortex, the main jet deflected to the right at the end of the flow guide baffle and
impinged on the wall of the contraction outlet, further consuming the energy of the main
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jet. The figure also shows that at the bottom of the right vortex, some air flowed out of the
vortex and was sucked into the right cavity along with the gas in the suction channel. This
phenomenon is called “self-absorption”. This phenomenon hinders the jet from developing
downstream, affecting the speed of the jet, and can even cause the jet to continuously
circulate in the nozzle. Therefore, the occurrence of the “self-absorption” phenomenon
should be avoided as far as possible. In the second stage, the two vortices were still in
existence. At this time, there was no energy being continuously added to the main jet. The
main jet, which had not yet developed downstream, could not resist the attraction of the
right vortex and was sucked into it, increasing the energy of the right vortex.

V(m/s): 1 3 57 9111315171921

Figure 14. Flow field and streamline of the shrink nozzle in one cycle: (a) 1/4T; (b) 1/2T; (c) 3/4T;
(d)1T.

Throughout the whole cycle, vortices always existed on both sides due to the nozzle
that had no Tesla structure. This carried several disadvantages. Firstly, the energy of the
main jet was weakened by the vortices, which reduced the strength and flow rate of the
downstream jet. Secondly, the attraction effect of the vortex made the main jet deflection
angle excessive at the end of the flow guide baffle, resulting in the poor directivity of the
jet in the downstream direction. Finally, the vortex inside the nozzle made the flow field
more complicated, resulting in large and irregular flow rate fluctuations at the nozzle outlet.
Figure 15 shows the instantaneous volume flow rate curves of the two structures. The
instantaneous volume flow rate of the shrinking nozzle was slightly greater than that of
the nozzle with the Tesla structure in some moments, but most times, it was not. From
the perspective of average volume flow rate, the average volume flow rate of the shrink
nozzle within two cycles was 0.02409 m®/s and that of the Tesla symmetrical nozzle was
0.02536 m?/s, an increase of 5.27%. From the perspective of flow rate stability, the flow
rate of the shrink nozzle was not periodic, and the difference between the maximum and
minimum instantaneous flow rate was as high as 0.00907 m3/s. Although the flow rate
of the Tesla symmetrical nozzle also fluctuated, the maximum difference in instantaneous
flow rate was only 0.00288 m3/s. Compared with the contraction nozzle, the fluctuation
degree was greatly reduced by 214.93%. In addition, the flow rate of the Tesla symmetrical
nozzle was also periodic, which means that the value of the flow rate at any time could be
obtained according to the periodic law.
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Figure 15. Instantaneous flow curves of the two structures.

This shows that the Tesla symmetrical nozzle was superior to the contraction nozzle
in all aspects. First of all, the Tesla structure inside the nozzle could play a directional
diversion role on the shunt generated by the main jet impinging on the wall surface of
the contraction outlet. This allowed the shunt to be re-injected into the main jet through
the Tesla backflow channel, and this energy could be reused to avoid waste. Secondly, the
Tesla structure could eliminate the vortex, which improved the flow rate and made the flow
fluctuation small and periodic. Finally, the Tesla structure could also effectively stagnate
the backflow, and its unique unidirectional conduction function prevented the jet in the
nozzle from being sucked into the cavity again; thus, the “self-absorption” phenomenon
did not occur.

4. Conclusions

In this paper, a novel valveless continuous micropump based on dual synthetic jets
with a Tesla structure was designed. Numerical simulations and PIV tests were carried out.
The following conclusions were obtained:

(1)  The novel valveless continuous micropump based on dual synthetic jets with a Tesla
structure could realize the directional transport of fluid. Through the reciprocating
vibration of the diaphragm, the micropump could periodically inhale fluid from both
sides and alternately eject the jet from the nozzle. It was able to continuously eject the
fluid within one cycle and the pumping flow rate was relatively stable.

(2) The numerical simulation results showed that the downstream time-mean flow field
of the micropump presented a unimodal symmetry pattern. The maximum velocity
on the center line of the flow field increased first and then decreased as the distance
from the nozzle outlet grew. It appeared at a distance of 3 mm from the nozzle outlet
and reached 12 m/s. Even at a distance of 24 mm, the velocity reached 6 m/s.

(3) The PIV results showed that the influence range of the micropump jet could be
effectively enlarged by increasing the driving voltage amplitude within a certain
range (+£150 V~+210 V), and the maximum influence range was 43.1°. With the
increase in driving voltage amplitude, the maximum velocity of the micropump jet
first increased and then remained at a stable value. At 180 V driving voltage, the
maximum velocity reached 13.5 m/s. Although the increase in the voltage could not
effectively improve the maximum velocity of the jet, it could enhance the transport
capability of the micropump.

(4) Compared with the traditional shrinking nozzle, the double Tesla symmetrical nozzle
could eliminate the internal vortex and enhance the flow rate by 5.27%, making the
flow rate more stable and periodic.
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Abstract: Combined blowing was performed on a Hybrid Wing Body (HWB) aircraft through wind
tunnel testing at a Reynolds number of 1.75 x 10°. The full cycle of separation and reattachment under
the control of combined blowing was implemented using Computational Fluid Dynamics (CFD),
and the mechanism of combined blowing inhibiting separation was analyzed. The aerodynamic
characteristics of the baseline and the independent effects of the blown deflected trailing edge
(TE), blown leading edge (LE), and combined blowing on the TE and LE were investigated. The
results clearly show that combined blowing can inhibit the development of cross-flow, reduce the
accumulation of a boundary layer at the tip, and inhibit the flow separation effect. The effect of using
seamless simple flaps alone to increase the lift is limited; blowing control is required to enhance the
lift further. Applying the blown deflected TE can improve the lift linear segment, so that 30° flap
achieves the lift gain of 40° flap without control, while the drag coefficient is approximately 0.02
smaller, but the stall gradually advances. Using the blown LE can significantly increase the stall angle
from 12° to 18°. However, the lift linear segment remains unaffected. In particular, combined blowing
can achieve the control effect of improving the lift linear segment, delaying stall, and decreasing drag.
Moreover, the maximum lift coefficient is approximately 0.19, and the lift-to-drag ratio increment in
the control state with a 30° flap deflection angle is above 2.2 in the angle of attack range of 4° to 12°
compared to the uncontrolled state with a 40° flap deflection angle.

Keywords: Hybrid Wing Body; wind tunnel force test; lift enhancement; blowing flow control

1. Introduction

Compared to conventional configurations, the Blended Wing Body (BWB) or Hybrid
Wing Body (HWB) layout significantly reduces the wetted area. It has more significant
advantages in terms of drag and noise reduction [1-6]. However, limited longitudinal
control authority due to the short lever arm of the BWB layout is a critical challenge. This
issue is usually solved by lengthening the body, adding a horizontal tail, or using active
flow control [3]. The HWB layout developed by the Lock Martin (LM) company keeps
the characteristics of the BWB, with a smooth transition between the wings and the body.
The remaining part retains the longer cylindrical fuselage of the traditional layout and the
“T-shaped” tail to enhance longitudinal control authority [7]. This design not only has the
same load distribution advantages as the BWB, but the wing and fuselage transition section
also helps to prevent sudden changes in inertial loads, and the rounded fuselage in the rear
half supports the internal structural arrangement [1].

The LM-HWB configuration uses the same leading edge slats and Fowler flaps as
conventional aircraft [8]. This conventional lift enhancement method requires complex
working mechanisms for safe operation, usually covered by fairings and protruding under
the wings, creating detrimental drag [9].

Seamless, simple flaps do not involve complex drive mechanisms, but the airflow
on the flap surface is easily separated, resulting in limited lift. The concept of a seam-
less, simple flap based on blowing flow control, which can significantly suppress airflow
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separation, has been revived [10] and is receiving increasing attention in research [11-14].
Applying internal-blown flaps can significantly increase lift and cause earlier stalls [15].
Therefore, the deployed slat increases the stall angle, as in the case of the HWB STOL
(Short Take-Off and Landing) model applied in the LaRC (Langley Research Center) sub-
sonic wind tunnel by Collins et al. The model uses a combination of deployed slats and
internal-blown flaps to achieve STOL [16]. The FAST-MAC (Fundamental Aerodynamics
Subsonic/Transonic-Modular Active Control) wing-body-composite half-model low-speed
high-lift configuration was tested in the NTF (National Transonic Facility) transonic wind
tunnel by Milholen et al. using a 10%c deployed slat and an internal-blown flap [17]. In
2020, Lin et al. compared a simple flap lift solution based on a 10% scaled-down CRM
(Common Research Model) wind tunnel test model using a combination of swept and con-
stant blowing actuators with a conventional Fowler flap lift solution in the LaRC subsonic
wind tunnel, showing that the latter was more efficient [18].

However, when LE slats are deployed, the concave pressure surface has a low-velocity
reverse region. The free shear layer developing from the sharp lower TE collides with
the slat TE pressure surface, affecting drag and noise during take-off and landing condi-
tions [19]. Research has shown that the combination of LE blowing and internal-blown
flaps can effectively increase the stall angle of attack and maximum lift coefficient and
reduce the noise of the aircraft [15,20].

The HWB has been proven to have a good high-speed cruise performance [8,21,22], but
there are many problems with the application of conventional lift devices to such aircraft
with new layouts [7]. Combined blowing lift enhancement solutions can replace leading
edge slats and Fuller flaps, but there is little research on the application of this technology
to aircraft with new layouts. Based on existing blowing flow control research, this paper
uses a half-mode model of an HWB layout with blowing slots on the leading and tailing
edges of the main wing, exploring the combined blowing lift enhancement scheme for
HWB through CFD methods and wind tunnel tests to investigate the flow characteristics
and mechanism of action under blowing control, providing new insights and methods to
improve the overall performance of the HWB layout.

2. Test Equipment and Method
2.1. Test Device

The blowing control methods include TE blowing, LE blowing, and combined blowing,
as seen in Figure 1.

LE Blowing;
LE Slots ON and TE Slots OFF

S
/ Combined Blowing
LE and TE Slots ON

Figure 1. Diagram of the blowing control scheme.
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The test was conducted in a recirculating low-speed wind tunnel at the China Aerody-
namics Research and Development Center. The cross-section size of the test section was
1.8 m (width) x 1.4 m (height). The stable wind speed range was 10 m/s~105 m/s, the
turbulence intensity reached 0.0008 when the wind speed was lower than 70 m/s, and the
axial static pressure gradient was above 0.005.

The agent model was connected to a box-type balance below the test section floor
through a support, as depicted in Figure 2a. The balance was fixed to the turntable below the
wind tunnel with the balance support table. The variable lateral sliding angle mechanism
of the lower turntable altered the angle of attack of the model. The wall boundary effect
was mitigated by installing fairing pads. The pad height was 20 mm, the maze groove
sealed the pad and the model to prevent the pad and the model from coming into contact
and transmitting force, the maze groove clearance was 5 mm, and the pad was secured to
the circular floor.

LE Plenum
Agent Model
Circular Floor

Vent Adapter Block
Supporting Attachment

Box-type Balance

\ Proportional Valve
Air Bridge

Air Filtration

Balance Support Table

(a)

[ LEStot | [ Airpipe | [ Choke Plate | [ TE Slot |

(b) |LE Plenum| | LE Plenum Plate | |TEPlenum| | 30° TE Flap ‘

Figure 2. Schematic diagram of the test model: (a) general assembly; (b) wing internal profile.

2.2. Test Model

The test model was a half-model of an HWB aircraft, including the nose, fuselage,
main wing, vertical tail, horizontal tail, and flap, with a half-span of 994 mm and an
average aerodynamic chord of 512 mm. The flap was a seamless, simple flap; the flap chord
length was approximately 33%c; the flap offset was set to 0°, 30°, 40°, and 60°; and each
component was created through aluminum metal processing. Two blowing plenums were
arranged in the wing, and blowing control was achieved by controlling the compressed
air supply. The total length of the LE slot was 685 mm, being approximately 0.1 mm high;
the total length of the TE slot was 377 mm, being approximately 0.4 mm high; and these
blowing slots were locked with a span-to-array screw hole (spacing approximately 40 mm).

Based on the relevant research [23-25], it is known that the effect of blowing control
near the point of flow separation is suitable. The LE and TE slots were set at 3%c and 63%c,
respectively, from the LE, and these slots were typically tangent to the surface. The TE
of the main wing was fixed with a hinge, and the TE slot was easily established at the
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position where the main wing and flap were connected [13]. This will be introduced into
the Numerical Calculation section to determine the position of the LE slot.

2.3. Air Supply Device and Method

Before entering the model air supply pipeline, compressed air passes through air
filtration, the air bridge, the proportional valve, and the high-precision flow meter, as
shown in Figure 1. The air bridge mainly comprised two transverse flexible joints and
one flexible vertical joint. The flexible vertical joint could absorb the expansion of the two
transverse flexible joints. The two transverse flexible joints could also absorb the expansion
of the flexible vertical joint, thus eliminating the influence of the supply pipe on the balance
force measurement. Two proportional valves accurately controlled the flow rate of the
main wing’s leading and trailing edge jet; two high-precision flow meters measured the
flow rate of blowing. The measurement accuracy was approximately 0.01 g/s.

Compressed air was connected to the model supply pipe via polyurethane pipes, and
two closed four-way vent adapter blocks were fixed inside the model. Three supply pipes
connected the LE and TE plenums to the two vent adapter blocks. The flap was connected
to the TE plenum through a row of screws arrayed in the span direction. The flow in each
plenum passes through a choke plate to achieve a uniform flow along the span of the blown
slot. Sealing strips and glue were used to seal the gap between the flaps and the wing, as
seen in Figure 2b.

A photograph of the test model is shown in Figure 3, with the screw holes on the
model’s surface all filled in the test.

Figure 3. A front view of the test model.

The dimensionless momentum coefficient is expressed as the jet strength, as shown in
Equation (1).

17y 2
.
mly _m ) 29RTy |, (P

s qS) -1 Py

Cy = (1)

The mass flow rate m; in the gas supply line is measured with the flow control unit,
is the test velocity pressure, S is the model reference area, and C,, can be found for a given
pressure ratio.
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3. Numerical Calculation
3.1. Calculation Models and Methods

The position of the LE slot was determined via CFD, and we analyzed the combined
blowing control mechanism. The calculation software is based on the NNW-FlowStar
open-source fluid engineering software developed by the China Aerodynamic Research
and Development Center (CARDC) [26]. The control equation is a three-dimensional
viscous compressible unsteady Reynolds-averaged Navier-Stokes equation; thus, the
control equation takes the following integral form:

%///QdV—F//f-ndS:O @

where f is a time quantity, V denotes the volume of the control body, S denotes the surface
area of the control body, Q is a conserved variable, f is the sum of the inviscid and viscous
fluxes through the surface S, and # is the outer normal unit vector of the control body
surface S. The control equations were discretized using the finite volume method, with the
fluxes in Roe [27] format numerically and in second-order backward differential format
in time, the spatial discretization format being a second-order accuracy windward format,
and the k-w SST turbulence model was used to close the mean Reynolds equation. The
dimensionless time step At* = At x U/c =0.002, and the LU-SGS (Lower-Upper Symmetric
Gauss-Seidel) implicit time advance algorithm was used. The calculation of the region
entrance, exit, and upper and lower boundary distances of the aircraft was 40 times the
chord length, and the first boundary layer grid thickness was approximately 1 x 1075 m.
The model surface mesh and the symmetrical surface part of the mesh are shown in Figure 4.
The model surface satisfies the no-slip boundary condition, the jet boundary is the velocity
inlet boundary, and the calculated angle of attack range is 0°~10°. Figure 5 shows the
distribution of y+ on the wing surface mesh. In the figure, y+ is less than 5 for the mesh, and
in most areas, y+ remains around 1, indicating a complete solution of the boundary layer.
The size of the CFD model remains the same as that of the test model. The calculations use
symmetrical surface boundary conditions and do not consider the boundary layer effects of
the floor; thus, the fairing pad is not included in the CFD model. The far field has a velocity
inlet set at 50 m/s, and the outlet boundary condition is set to a static pressure outlet, while
all other boundary conditions in the far field are set to free-slip wall boundary conditions.
The jet slots are all set to velocity inlet conditions, and the LE momentum coefficient and
TE momentum coefficient are calculated to be 0.03 and 0.005, respectively. The numerical
Reynolds number is consistent with the real wind tunnel test at approximately 1.75 x 10°.

Figure 4. CFD mesh of the HWB model.
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Figure 5. Wing surface grid y+ distribution.

3.2. Calculation Validation

To analyze the impact of the mesh size and ensure the independence of the grid
configuration in regard to the calculation results, three grids of different densities were
generated for the model cruise state and compared with the experimental data.

The error between the numerical simulations and experimental data gradually de-
creased as the grid size increased. The lift coefficients calculated with grid sizes of 5 million,
10 million, and 15 million had errors of 2.1%, 0.8%, and 0.6%, respectively, compared to
the experimental results. As the medium-density grid closely approximated the denser
grid and was in good agreement with the test results, we used a 10-million-number grid to
improve the computational efficiency.

Figure 6 compares the wind tunnel test and CFD results at a wind speed of 50 m/s
and Reynolds number of approximately 1.75 x 10°. For the cruise and 30° flap state, the
linear section lift results of the wind tunnel test and CFD are more consistent, indicating
that the CFD results are reliable.

Re=1.75x10°

b-q | /f./ | -
o' .
—p— Test-C ]
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/' —— Test- § =30° ]

» £
w0 CFD- 8,=30°
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"
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Figure 6. Comparison of wind tunnel test and CFD results.
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3.3. Position of the LE Slot

The lift characteristics corresponding to different LE blowing positions obtained via
CFD can be seen in Figure 7, where C ul and C ut are the momentum coefficients of LE and
TE blowing, respectively.

003 0.10¢
0.01c
\\//—‘\ . .,.H‘“
top e Wing
\k “_{‘w,‘.-\' /
L ;
e /
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0.4 | o Cu=0.005,Cu=0.03 at top

v C=0.005,C4=0.03 at 0.01¢|
C;=0.005,C,=0.03 at 0.03¢|

= =0 = Cp=0.005,Cu=0.03 at 0.10c¢|
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Figure 7. Lift coefficients at different LE jet positions.

It can be seen that when a < 8°, the influence of different LE blowing positions on
the lift coefficient is small. With the increasing angle of attack, the lift effect is better
when the LE slot is at 3%c; thus, this location was chosen. Figure 8 presents the pitch
moment coefficient results before and after combined blowing control. Compared to the
uncontrolled state, combined blowing increases the nose-down moment by 48%, which is
similar to the results obtained from the high-lift configuration used in the HWB described
in [28]. The reason for this may be that the pitch moment center of gravity of the HWB
layout is relatively forward, which inevitably leads to additional nose-down moments after
increasing the lift. As the research on horizontal tailplane balancing is complex, with many
influencing factors, it is not the focus of this study. Additionally, no elevator deflection was
carried out during the research process. Therefore, this pitch moment coefficient result is
only briefly explained in the calculation section of this paper.

T || —— 0000
-~ C,=0.005,C,=0.03 at 0.03c
& |
/
0.4
— +
(+) C (-)

Figure 8. Pitching moment coefficients before and after combined blowing control.
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3.4. Combinatorial Blowing Control Process

To analyze the combined blowing control process and understand the blowing control
mechanism, the calculated results of the shear stresses and flow lines on the wing sur-
face for different momentum coefficients during the process from uncontrolled to stable
blowing control are given in Figure 9 for the state of 30° flaps and a 10° angle of attack.
In natural conditions, the cross-flow developed at the flaps moves in the direction of
the wing tip, and there is a clear separation between the flaps and the wing tip surface.
As combined control is applied, the tip separation is first restrained and the separation
gradually moves in the direction of the flow, with the cross-flow being impeded by the
blowing and gradually decreasing in distance along the span. As the injection momentum
is further increased, no significant cross-flow occurs, and the combined blowing effectively
suppresses flow separation.

Wall Shear
l 150.0
125.0

100.0

% i
\ Wy
"

CL=0.001, C,~0.001

A, G0

[Pa]

i

\

=0 003, C,=0 010 £ =0004, <0020 o A0S, A 0
Figure 9. Wall shear and streamlines at different momentum coefficients.

Figure 10 shows the lift coefficient results at different moments for a flap angle of 30°
and 10° attack of angle, where the combined blowing starts at the moment ¢ = 100 ms and the
momentum coefficient gradually becomes steady around 0.03 and 0.005 after the moment
t = 300 ms. Around ¢ = 200 ms, there is a tendency for the lift coefficient to decrease and then
increase, consistent with previous research [29]; however, this phenomenon is not analyzed
with respect to the flow field. The lift coefficient gradually stabilizes after approximately
200 ms, when the momentum of the combined blowing injection stabilizes. In order to
identify the reasons for variations in the lift coefficients, an analysis of the evolution process
of the flow field resulting from combined blowing excitation was conducted.

Figure 11 shows the time-dependent induced flow field in a typical chordal cross-
section after using combined blowing. Before t = 200 ms, a significant low-speed separation
is evident on the upper surface of the flap, and the flow line depicts the separation vortex
gradually moving downstream with time. At t = 200 ms, the separation region is squeezed
by the injection, and this leads to a slight increase in the separation compared to the period
before, which may be the reason for the decrease in the lift coefficient. When t = 300 ms, the
effect of combined blowing becomes pronounced, and the low-speed separation region is
flattened and concentrated near the TE of the flap. At t = 400 ms, separation is effectively
restrained, and the high-speed region on the suction surface of the wing spreads in the flow
direction from the leading edge. When t = 500 ms, the induced flow field stabilizes, and the
induced injection velocity exhibits minimal variation over time.
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Figure 10. Lift coefficient variation curve during combined blowing control.
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Figure 11. Combined-blowing-induced flow field change process.

Figure 12 shows the variation in the transient vortex field in a typical spanwise cross-
section of the aircraft. Att =200 ms, the vortex break-up causes a number of vortices with
different directions and a low strength. As the combined blowing momentum coefficient
gradually increases and stabilizes, the low-intensity vortices gradually disappear. After
t = 400 ms, the injected momentum significantly enhances the vortex strength and delays
the vortex break-up, which, in turn, enhances its stability and induces the stabilization of
the flow field.
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Figure 12. Combined-blowing-induced flow field vortices” change process.

3.5. Surface Pressure and Velocity Distribution

To compare the pressure changes on the aircraft surface with and without control and
to provide a reference for the adhesive position of the thread in the flow visualization test,
the pressure coefficients and Mach number clouds for different spanwise profiles of the
wing without control and combined blowing control are provided in Figures 13 and 14.
Combining the results of these figures at an angle of attack of 10°, there is separation at
the wing tip in natural conditions, the suction peak at the wing tip is weakened, and the
flow velocity in the flap and wing tip region is lower. When combined blowing control
is applied, the injection weakens the effect of the cross-flow and, thus, the buildup of the
boundary layer at the wing tip, and the pressure gradient distribution in the flow direction
is restored. Moreover, the range of the low-speed region is significantly reduced after the
injection of momentum, and the slope of the lift line remains basically the same before
and after combined blowing control is applied (see Figure 7). Based on these results, the
density of the visual slit slightly increased to an appropriate degree at the TE, LE, and
wingtip locations.

=00, =00 =0 005, C,=0 030
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Figure 13. Mach number contours for different spanwise profiles of the wing (Y /Span = 60%, 90%).
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Figure 14. Pressure coefficients for different spanwise profiles of the wing.
4. Test Results and Discussion
4.1. Data Repeatability

Under the condition of a wind speed of 50 m/s (Reynolds number 1.75 x 10°), seven
repeatability verification tests were conducted. Table 1 shows the maximum mean square
deviation of the seven repeatability test results.

Table 1. Repeatability test data.

L7 ocL ocp TCm
—4 0.001260 0.000286 0.000426
-2 0.001170 0.000320 0.000538
0 0.000899 0.000354 0.000442
2 0.000839 0.000348 0.000320
4 0.000940 0.000313 0.000492
6 0.000746 0.000324 0.000527
8 0.000936 0.000346 0.000522
10 0.000761 0.000430 0.000353

The mean square deviation is the square root of the ratio of the sum of the squares for
the deviations of the test values x from the average value y to the number of observations
N. It is defined here in Equation (3) as:

©)

The maximum mean square deviations of the lift and drag coefficients do not exceed
0.002 and 0.0005, respectively, and this accuracy meets the wind tunnel test specification.

4.2. Uncontrolled Performance

Figure 15 shows the test model’s lift and drag coefficient curves for different flap
deflections at a wind speed of 50 m/s. The lift coefficient of the HWB with flap angles
of 30° and 60° increased by approximately 0.223 and 0.382, respectively, compared to the
cruise configuration (e = 8°). With the increase in the flap angle, the separation vortex on
the suction surface of the flap gradually increased, resulting in a lack of increase in the lift
with the enhancement of the curvature, while the drag coefficient increased significantly.
Compared to the cruise configuration, the stall angle was increased by approximately 2° at
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the flap angle of 30° and by approximately 4° at the flap angles of 40° and 60°. Similar to
the conclusion in [18], the lift enhancement effect of the seamless, simple flap is limited and
causes a forward stall angle, accompanied by higher drag, which requires a combination of
flow control methods to further improve the lift.
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Figure 15. Basic aerodynamic performance with variable flap skewness: (a) Cp~«; (b) Cp~a.

In Figure 16, when the angle of attack is 4° and the flap angle is 60°, the suction surface
of the flap is completely separated due to the lack of effective slit flow. The separated region
on the main wing is mainly concentrated in the area near the LE covering 1/3 of the wing
root and the middle section when the angle of attack is 8°. With the increase in the angle of
attack, the reverse pressure gradient is further enhanced, resulting in the expansion of the
separation on the main wing from the LE to the entire outer wing section, with a strong
separation forming in the middle section. As shown in Figure 15, separation reduces the
slope of the lift linear segment and increases the drag.
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Figure 16. Flow visualization on suction side (uncontrolled, arrows indicate the direction of incoming
flow): (a) « =4°; (b) « = 8°; (¢) & = 10°.

In contrast, the 30° flap angle has a significant lift enhancement effect, a larger stall
angle of attack, and a smaller drag coefficient; thus, the following section focuses on the
study of blowing lift enhancement technology based on a 30° flap angle.

4.3. Effect of TE Blowing Alone

With no incoming wind and a 30° flap angle, the additional force and moments
caused by different TE blowing momentum coefficients are shown in Figure 17. When
the momentum coefficient is a relatively large, at 0.04, the additional lift, drag, and pitch
moment loads are 1.7%, 3.8%, and 3.7%, respectively, compared to aerodynamic loads
when there is a wind speed of 50 m/s. Since the changes in the aerodynamic coefficients
caused by the additional loads are relatively small and also affect the actual flight state, the
following test results are not deduced from the additional force and moments.
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Figure 17. Influence of blowing control on force or moment measurement results.

When the wind speed is 50 m/s and the flap angle is 30°, the lift and drag coefficients of
different TE blowing momentum coefficients change with the angle of attack, as presented
in Figure 18. With the increase in the momentum coefficient, the linear section lift gradually
increases, and the linear lift enhancement effect at the uncontrolled 40° flap angle is reached
when the momentum coefficient is 0.005. The momentum coefficient of 0.015 increases the
lift by approximately 0.215 (x = 4°). At the same time, over the entire range of the test angle
of attack, the drag coefficient with TE blowing is approximately 0.02, smaller than that
under an uncontrolled 40° flap. The lift-drag ratio of the small flap angle with TE blowing
is significantly higher than that of the uncontrolled large flap angle, but with the increase in
the angle of attack, the lift-drag ratio of the two states tends to be consistent (see Table 2).

Table 2. Comparison of lift-drag ratio between TE blowing and uncontrolled state.

L/D

& 55 =40° ALID w2
&, —30° — f= LID) g _u0e
9f =307 (Cut = 0.015) (Uncontrolled) o
4 12.908 9.342 3.566 38.2%
6 11.124 8.472 2.651 31.3%
8 8.368 6.791 1.577 23.2%
10 6.512 5.659 0.853 15.1%
12 5.169 4.526 0.643 14.2%
14 4.146 3.837 0.310 8.1%

In summary, TE blowing alone can significantly enhance the linear section of the
lift and provide a significant lift-to-drag ratio advantage over the uncontrolled large flap
deflection state prior to stall. However, as the blowing momentum coefficient increases, the
stall gradually advances.

A significant flap suction surface separation occurs at a wind speed of 50 m/s and an
angle of 4° with no control applied. A TE blowing momentum coefficient of 0.005 at a 4°
angle of attack alone can restrain flap separation (see Figure 19).
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Figure 18. Lift and drag coefficient curves for different momentum coefficients (6y = 30°): (a) Cr~a;
(b) Cp~a.

In addition, with a flap deflection of 30° and a 6° angle of approach, without blowing
control, there is a significant separation on both the flap and the main wing suction surfaces,
as shown in Figure 19¢c, with the spanwise flow starting at the transition between the wing
and the fuselage (see the solid yellow line) and significant backflow at the LE (see the
dashed red line). This indicates that although TE blowing can effectively suppress flap
airflow separation, there is still a significant separation at the LE. Thus, further research is
needed to investigate the effect of blowing control near the LE on lift performance.
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Figure 19. Flow visualization using silk on the suction side (TE blowing alone, arrows indicate the
direction of incoming flow): (a) a = 4°, Cyt = 0; (b) a = 4°, Cyyt = 0.005; (c) a = 6°, Ct = 0; (d) « = 6°,
Cyt = 0.005.

4.4. Effect of LE Blowing Alone

Figure 20 shows the characteristic lift curves of the model after applying LE blowing
control alone at a flap deflection angle of 30°. The lift linear segment did not change
significantly compared with the uncontrolled state. However, the stall delay effect was
significant, with a maximum increase in the lift coefficient of approximately 0.16 (x = 16°)
and an increase in the stall angle from 12° to 18°.
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Figure 20. Lift coefficient curves for LE blowing control and uncontrolled state (J5 = 30°).
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In summary, the effect of TE blowing alone on the aerodynamic characteristics of the
model is mainly observed before the stall, while the effect of LE blowing alone on the lift is
mainly observed after the stall. Therefore, blowing at the leading and trailing edges of the
main wing can be used for flow control to achieve an increased lift linear segment while
delaying stall.

4.5. Combined Blowing Control

Whether the injection is supplied using engine-induced air or other equipment, the
achievement of maximum lift enhancement at a minimal energy cost is expected. When
the wind speed is 50 m/s and the flap deflection angle is 30°, blowing control is applied
simultaneously to both the leading and trailing edges of the main wing. Combining the
results in Figure 18a, TE blowing uses a relatively small momentum coefficient of 0.005
to ensure that the leading edge has enough momentum to suppress the larger separation
region of the main wing suction surface.

The resulting lift and drag coefficient curves are shown in Figure 21. The lift linear
segment during combined blowing and TE blowing alone is basically the same, and after the
angle of attack of 6°, the combined blowing significantly delays the stall, with a maximum
lift enhancement of approximately 0.19 ( = 14°). The lift linear segment under combined
blowing reaches the effect of gain in the 40° flap uncontrolled state, and after the angle of
attack of 10°, the combined blowing continues to increase the lift coefficient. As shown in
Figure 21D, the drag reduction at an angle of attack of 8° is approximately 0.024, which is
approximately 0.06 lower than the drag coefficient at 40° flaps without control.

Table 3 shows the lift-to-drag ratios for 30° flaps with combined blowing control and
40° flaps without control. Compared to the larger uncontrolled flap deflection state, the
smaller flap deflection state with control applied maintains a specific advantage in the
4° to 12° angle of attack range due to the delayed stall effect of combined blowing, with
increments of 2.2 or more.

Table 3. Comparison of lift-drag ratio between combined blowing and uncontrolled state.

L/b ALID
wl® o5 =30° Jf=40° AL/D (D) s
(Cyt = 0.005 Cy = 0.030) (Uncontrolled)

4 13.110 9.342 3.768 40.3%
6 13.107 8.472 4.635 54.7%
8 11.148 6.790 4.357 64.2%
10 9.016 5.659 3.357 59.3%
12 6.777 4.526 2.251 49.7%
14 5.240 3.837 1.403 36.6%

The separation of the flap is effectively suppressed when TE blowing control is used
with Cy; = 0.005, but the separation area of the main wing suction surface is extensive,
and stall occurs, as can be seen in Figure 22a. For Cy; = 0.015 and C ul = 0.03, except for a
slight separation at the unarranged blown slot at the wing root, no significant separation
is observed between the wing tip and the middle section of the main wing, effectively
delaying stall.
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Figure 21. Lift coefficient curve based on combined blowing (6y = 30°): (a) CL~a; (b) Cp~a.
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Figure 22. Flow visualization using silk on the suction side (combined blowing, arrows indicate the

direction of incoming flow): (a) Cyt = 0.005, C;; = 0; (b) Cy¢ = 0.005, C;; = 0.030.
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5. Conclusions

In this paper, the CFD method was used to analyze the combined jet control mechanism
for the HWB aircraft. Through wind tunnel tests, the investigation first analyzed a seamless
flap without an exposed structure for HWB applications. Then, the control effects of TE
and LE blowing were investigated separately. Finally, a more efficient combined blowing
flow control method was proposed. The results show that:

The combination of blowing prevents the development of cross-flow and weakens the
accretion of the boundary layer at the wing tips. The injection of momentum delays vortex
break-up, and the combination of blowing effectively restrains flow separation.

Seamless, simple flaps have a limited effect on lift enhancement. The premature
separation of the flap suction surfaces leads to earlier stalls and must be combined with
blowing control to exploit the increasing lift capability.

The effect of the blown deflected TE method on the model’s aerodynamic characteris-
tics is mainly observed before the stall. In contrast, the blown LE method mainly increases
the lift after the stall.

The combined blowing technique increases the lift in the linear section while delaying
the stall angle. The maximum lift increment is approximately 0.19, and the stall angle
of attack is increased from 12° to 18°, with a drag reduction effect. The controlled flap
deflection of 30° yields an increase in the lift-to-drag ratio of more than 2.2 compared to the
uncontrolled flap deflection of 40° in an angle of attack range of 4° to 12°.
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Abstract: The influencing characteristic for the evolution mechanism of a dynamic stall vortex
structure and distributed blowing control on rotor airfoils was investigated. Based on the moving-
embedded grid method, the finite volume scheme, and Roe’s FDS scheme, a simulation method
for the unsteady flow field of a pitch-oscillating airfoil was established. The flow field of the
NACAG63-218 airfoil was calculated using Reynolds-averaged Navier-Stokes equations. The evolution
processes of different vortex structures during dynamic stall and the principal controlled vortex
mechanism affecting aerodynamic nonlinearity were analyzed based on the pressure contours C,
and Q of the flow field structure and the spatiotemporal evolution characteristics of the wall pressure
distribution. The research indicated that dynamic stall vortices (DSVs) and shear layer vortices
(SLVs) were the major sources of the increase in aerodynamic coefficients and the onset of nonlinear
hysteresis. Building upon these findings, the concept of distributed blowing control for DSVs and
shear layer vortices (SLVs) was introduced. A comparative analysis was conducted to assess the
control effectiveness of dynamic stall with different blowing locations and blowing coefficients. The
results indicated that distributed blowing control effectively inhibited the formation of DSVs and
reduced the intensity of SLVs. This led to a significant decrease in the peak values of the drag and
pitch moment coefficients and the disappearance of secondary peaks in the aerodynamic coefficients.
Furthermore, an optimal blowing coefficient existed. When the suction coefficient C, exceeded 0.03,
the effectiveness of the blowing control no longer showed a significant improvement. Finally, with
a specific focus on the crucial motion parameters in dynamic stall, the characteristics of dynamic
stall controlled by air blowing were investigated. The results showed that distributed air blowing
control significantly reduced the peak pitching moment coefficient and drag coefficient. The peak
pitching moment coefficient was reduced by 72%, the peak drag coefficient was reduced by 70%, and
the lift coefficient hysteresis loop area decreased by 46%. Distributed blowing jet control effectively
suppressed the dynamic stall characteristics of the airfoil, making the unsteady load changes gentler.

Keywords: rotor airfoil; dynamic stall vortex; evolutionary process; distributed blowing; flow control

1. Introduction

The dynamic stall of an airfoil refers to the strong unsteady and nonlinear flow
phenomenon caused by lifting components such as the wing or rotor blade when the angle
of attack undergoes periodic or abrupt dynamic changes; this leads to widespread airflow
separation above the airfoil surface [1,2]. The forward flight speed, noise, and vibration
levels of a helicopter are greatly affected by the dynamic stall characteristics of the airfoil
of the helicopter rotor [3]. Dynamic stall leads to aerodynamic issues in the helicopter
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rotor, including an increase in the required power, a sudden drop in lift, reverse torque,
and a sudden increase in blade vibrations, which limits the helicopter’s flight speed and
maneuverability. These serve as the primary factors restricting the improvement of the
aerodynamic performance in helicopter rotors [4]. Therefore, research on the dynamic stall
characteristics of a rotor airfoil to reveal the evolution process of dynamic stall has had
a guiding role in improving the aerodynamic performance of rotors and improving the
overall performance of helicopters. It had always been a research hotspot and cutting-edge
issue in relation to the unsteady aerodynamics of helicopter rotors [5,6].

The mechanism of dynamic stall on a helicopter rotor airfoil is intricate, and its sup-
pression poses significant challenges, making it a focal point of attention in the field of
helicopter aerodynamics. In the 1940s, Himmelskamp [7] first observed the phenomenon
of dynamic stall in experiments. However, due to the relatively low demands for aircraft
maneuverability at the time and limited analytical methods, this phenomenon was not
extensively investigated. It was not until the 1960s, following a helicopter rotor experi-
ment, that dynamic stall garnered widespread attention, initiating subsequent research
on this phenomenon. Ham [8] was among the first to provide a theoretical description of
the development process of dynamic stall. From the 1970s onward, McCroskey et al. [9]
conducted a substantial number of experimental studies on the dynamic stall phenomenon,
contributing to a deeper understanding of the formation mechanism of dynamic stall.
Carr, L.W. [10,11] delineated that the fundamental characteristics of dynamic stall encom-
pass the presence of intricate unsteady separation and large-scale vortex structures in the
flow field, resulting in the manifestation of pronounced nonlinear hysteresis properties in
aerodynamics. Geissler et al. [12] conducted experimental and numerical studies on the
dynamic stall characteristics on the OA312 airfoil and found that the development, shed-
ding, and accumulation of leading-edge vorticity had an important impact on the dynamic
stall characteristics of the airfoil. Wang et al. [13] employed particle image velocimetry
(PIV) technology to measure the transport velocity of leading-edge vortices on OA209 and
SC1095 airfoils. The study indicated that the transport velocity of leading-edge vortices was
primarily influenced by the oscillation frequency of the airfoil. As the oscillation frequency
increases, the transport velocity of the leading-edge vortices is also promoted accordingly.
Ekaterinaris et al. [14] conducted a thorough summary of the numerical methods and
research outcomes employed in the study of airfoils” dynamic stall. The results indicated
that factors such as the reduced frequency, amplitude angle, average angle of attack, pivot
location, and free-stream Mach number during airfoil pitching motion had a direct impact
on the strength, development, and shedding of the dynamic stall vortices. Additionally,
the geometric shape of the airfoil also influenced the dynamic stall characteristics of the
airfoil. Naughton et al. [15] used PIV phase-locked averaging technology and surface
pressure testing technology to measure the unsteady aerodynamic characteristics of wind
turbine airfoils under dynamic stall. Analysis of the measurement results showed that there
were four stall types: (1) trailing-edge stall; (2) trailing-edge stall with a secondary vortex;
(3) trailing-edge stall with a separated vortex; and (4) the stall induced by a leading-edge
separated vortex. Airfoil dynamic stall is a very complex process, including the formation
and evolution of different vortex structures. Ullah et al. [16] conducted a study of dynamic
stall on pitching swept finite-aspect-ratio wings using lifetime PSP. Gardner, A.D. et al. [17]
undertook an investigation of the three-dimensional dynamic stall on an airfoil using
fast-response pressure-sensitive paint. Disotell, K.J. et al. [18] conducted a study on global
surface pressure measurements of the static and dynamic stall on a wind turbine airfoil at a
low Reynolds number. Due to the complexity and high cost of wind tunnel experiments
on airfoil dynamic stall and the limitations imposed by the measurement equipment and
technology, research has been typically confined to limited operating conditions. With the
advancement in computational fluid dynamics, numerical simulation gradually became
a crucial approach to studying the dynamic stall characteristics of airfoils [19-25]. Visbal
and Garmann [26-29] studied the effect of sweep and unsweep on the dynamic stall of
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a pitching finite-aspect-ratio wing and undertook an analysis of the dynamic stall on a
pitching airfoil using high-fidelity large-eddy simulations.

Many scholars, both domestically and internationally, have conducted extensive nu-
merical simulations and experimental research on the flow control of rotor airfoil dynamic
stall, achieving significant breakthroughs. Flow control can be categorized into passive con-
trol and active control based on whether external energy injection is required. Passive flow
control methods include leading-edge deformation [30-33], a waveform leading edge [34],
trailing-edge deflection flaps [35-37], Gurney flaps [38—40], and vortex generators [41,42],
among others. These methods primarily control dynamic stall through two pathways:
(1) shape deformation, causing changes in the wing surface pressure distribution; and
(2) altering the flow state over the wing surface to inhibit the formation and development
of dynamic stall vortices. While these control methods performed well on fixed wings, they
were less practical on helicopter rotors. On the one hand, this was because they faced a
rapidly changing working environment, where passive control struggled to consistently
maintain high control efficiency. The active flow control methods included air blowing
control [43-47], a synthetic jet [48], and plasma control technology [49-54], among others.
The blowing control technology involved injecting high-momentum gas into the boundary
layer to reduce the flow instability [55], suppress flow separation, and consequently delay
dynamic stall. Plasma and synthetic jet control have simple structures and small volumes,
but inhibiting the dynamic stall vortices of airfoils under high Mach numbers and extreme
conditions is challenging. Implementing continuous and efficient control is difficult. Air
blowing control, on the other hand, is a widely researched solution with advantages such
as high intensity and high maturity. Using a high-speed airstream to inject energy into
the flow field near the airfoil controls the generation of dynamic stall vortices without
introducing additional “waste drag”. Adjusting the opening and closing of the blowing not
only effectively controls the retreating blades of the rotor [56,57] but also does not interfere
with the advancing blades. It is expected to be a promising technical means to solve the
dynamic stall problem of airfoils and rotor blades.

Although there has been some research on blowing control of rotor airfoil dynamic
stall, both domestically and internationally, the focus has mainly been on the study of
the blowing airflow control methods. There has been a lack of research on the evolution
processes of different vortex structures and the mechanisms of the main controlling vortices
in rotor airfoil dynamic stall. Additionally, there is limited research on the blowing control
of rotor airfoil dynamic stall under high wind speeds and high-frequency oscillations. This
study establishes a numerical simulation method for the unsteady flow field of a pitching
oscillation airfoil based on the overset grid technology, the finite volume method, and Roe’s
FDS scheme. By solving the Reynolds-averaged Navier-Stokes equations, the flow field
around the NACA63-218 airfoil under a high wind speed is simulated. Using an analysis
of the spatiotemporal evolution characteristics of the flow structure and wall pressure
distribution based on the pressure coefficient (Cp) and Q contours, this study investigates
the evolution processes of different vortex structures during dynamic stall and the main
controlling vortex mechanism influencing the aerodynamic nonlinear hysteresis. This
study aims to provide the necessary theoretical foundation for exploring more efficient
and practical flow control methods and developing predictive methods for the evolution of
dynamic stall. Building upon this, the concept of distributed blowing control is introduced,
and the control effects of dynamic stall are compared for different blowing locations and
blowing coefficients. Finally, focusing on the important motion parameters in airfoil
dynamic stall, the control characteristics of distributed blowing control are studied under
multiple operating conditions.

2. Geometric Model and Numerical Methods
2.1. Dynamic Chimera Grid System

The numerical model employed the NACA63-218 airfoil, as previously utilized in
the XH-59A helicopter [58]. To simulate the unsteady aerodynamic characteristics during
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airfoil pitching oscillation, dynamic chimera grid technology was used. This facilitated the
movement of the airfoil grid and the exchange of information between the airfoil grid and
the background grid. Figure 1 depicts a local view of the grid for the NACA63-218 airfoil.
The grid exhibits the favorable characteristics of orthogonality and conformity to the airfoil
geometry. The airfoil was subjected to a no-slip wall condition and the surrounding region
of the background grid utilized a pressure far-field condition. The grid had 38,000 nodes for
the airfoil and 68,000 nodes for the component. The y+ value was about 1 for the first layer
of the grid, and the normal grid spacing near the wall increased outward at a rate of 1.2.
The chord length (c) of the airfoil was 0.35 m (consistent with the chord length dimension
of the wind tunnel test model), the inflow velocity was M = 0.3, and the Reynolds number,
based on the chord length, was R, =2.41 x 10°. The atmospheric pressure was 101,325 Pa
and the ambient temperature was T = 288.15 K. In this case, the computational domain is
depicted in Figure 2.

Figure 1. C-type grid around NACA63-218 airfoil.
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Figure 2. Schematic diagram of computational domain.

2.2. Governing Equations and Numerical Simulation Methods

To simulate the flow field around the rotor airfoil, unsteady Reynolds-averaged Navier—
Stokes (RANS) equations are applied in this research, and the integral form of the governing
equations is described as:

2
ﬁ/o WdQ + j{)(a —F)dS =0 (1)

The conserved variable is W = [p pu pv pE]T, where u and v are the Cartesian velocity
components, p is the density, and E is the total energy per unit mass. QQ is the control
volume and S is the boundary of the control volume. F. and F, are the vectors of the
convective fluxes and viscous fluxes, which are expressed as:

Ve 0
F— ouVy +nyp R = My Tex + My Ty @
poVr + nyp My Tyx + Ny Tyy
PHVr + th 1Oy + ny®y
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where p is the pressure of the airflow and H is the total enthalpy per unit mass. V, =V — V;,
where V is the velocity normal to the surface element dS and V; is the contravariant velocity.
ny and ny are the normal vector components of the control surface. Tjjis the viscous stress
term and ©; is the term used to describe the heat conduction in the fluid.

In this study, the highly accurate SST k-w turbulence model for capturing the flow
separation phenomena was used. The discretization method utilized was the finite vol-
ume method, while pressure-density coupling was achieved using an implicit algorithm.
The convective fluxes were discretized using the low-dissipation Roe’s FDS format, and
the convective terms were discretized using a second-order upwind scheme. The time
advancement scheme employed was a second-order implicit method. This study primarily
investigated the dynamic stall control of an airfoil during pitch motion. The airfoil rotates
about a pivot point located at 0.25 ¢ along the chord, where ¢ denotes the chord length. The
airfoil undergoes forced pitching oscillation in a sinusoidal manner. The pitch motion was
described by the following equation:

w(t) = g + apsin(2kt) 3)

In the given equation, a represented the average angle of attack, «;;, was the amplitude
of the angle of attack, and k was the reduction frequency, describing the extent of the
unsteady effects of the oscillatory motion on the incoming flow. A higher value of k was a
more significant unsteady effect. The expression for k could be formulated as follows:

k =mfc/Veo 4)

Here, f was the oscillation frequency of the airfoil, c was the chord length of the airfoil,
and V., was the free-stream velocity.

2.3. Method Validation

Based on the dynamic chimera grid technology, the dynamic stall aerodynamic charac-
teristics of the NACA63-218 airfoil were numerically validated using the computational
fluid dynamics (CFD) method. Figure 3 presents a comparison between the calculated and
experimental values of the dynamic aerodynamic coefficients for the airfoil. The conditions
for both the calculations and experiments were as follows: the airfoil’s chord length was
¢ = 0.35 m, the free-stream Mach number was 0.1, the angle of attack followed the variation
pattern a = 14° + 10°sin(2kt) with a reduction frequency of k = 0.097, and the Reynolds
number was R, = 7.0 x 10> (Due to limitations in the experimental setup and wind tunnel,
the wind speed did not cover a higher range). The figure demonstrates the basic consistency
between the numerical calculations and experimental results, particularly regarding the lift
coefficient during the airfoil’s pitching-up phase and the simulation of an unsteady load
during dynamic stall. These findings validated the effectiveness of the proposed numerical
simulation method in accurately capturing the unsteady aerodynamic characteristics on
the NACA63-218 airfoil under dynamic stall conditions. Although a wind tunnel test is
a reliable means of obtaining airfoil aerodynamics data, the test model is surrounded by
the wall of the tunnel, and the constraints of the wall will interfere with the flow and
aerodynamic forces of the airfoil. Even though the study tries its best to minimize this
interference, there will still be some impact, as shown in Figure 3. Considering that the
main research object is the improvement of the dynamic stall characteristics of airfoils using
a blowing jet, and the comparative analysis is on the difference in the performance changes
in airfoils under aerodynamic actuation opening and closing conditions, it is reasonable to
believe that the data analysis and conclusions obtained in this study are reliable. The dy-
namic stall flow studied is notoriously three-dimensional [59]; however, two-dimensional
simulations can also accurately reflect the changes in aerodynamic curves during dynamic
stall processes [60].
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Figure 3. Comparison of calculated aerodynamic coefficients of airfoils with the literature [61].

3. Evolution Process of the Different Vortex Structures of Dynamic Stall and the Active
Control Vortex Mechanism of Nonlinear Aerodynamics

3.1. Analysis of the Aerodynamic Characteristics of Dynamic Stall

Numerical simulations were conducted to investigate the dynamic stall aerodynamic
characteristics on the NACA63-218 airfoil. The computational conditions represented the
typical operating state of a trailing-edge rotor blade: M = 0.3, the angle of attack varied
according to a = 12° + 10°sin(2kt) with a reduction frequency of k = 0.129, and the Reynolds
number was R, = 2.41 x 10°. To accurately simulate the unsteady aerodynamic forces
during the dynamic stall of the airfoil, the oscillation period was divided into 600 time
steps. Each sub-iteration consisted of 200 steps and the calculations were performed for two
cycles. In Figure 4, the lift, drag, and moment coefficient curves of the airfoil are displayed,
which were calculated using the SST k-w turbulence model. Figure 4 includes six different
moments labeled A to F.

From the figure, the following can be observed: (1) The upstroke process: along point
A to point B, the lift coefficient changed linearly with the angle of attack, the lift line slope
Cr* was 0.0891, and the changes in the drag coefficient and pitching moment coefficient
were less than 0.2. Along point B to point C, the angle of attack increased from 20.57°
to 21.62°, the lift coefficient increased nonlinearly, but the slope decreased slightly, and
the drag coefficient and pitching moment coefficient increased rapidly. Along point C to
point D, the angle of attack changed from 21.67° to 22°, the lift coefficient continued to
increase nonlinearly, the angle change was only 0.33°, and the drag coefficient and pitching
moment coefficient suddenly increased to the maximum value. (2) The downstroke process:
Along point D to point E, the angle of attack changed from 22° to 20.41°, the angle change
was only 1.6°, the lift coefficient dropped sharply by approximately 75%, and the drag
coefficient and pitching moment coefficient decreased by 80%. Along point E to point F, the
lift coefficient was restored, the drag coefficient and pitching moment coefficient fluctuated,
and the aerodynamic force appeared to have a secondary peak. Along point F to point A,
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the lift force, drag coefficient, and pitching moment coefficient gradually returned to the
initial state.
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Figure 4. Aerodynamic force coefficients of NACA63-218 airfoil.

The complex variations in the aerodynamic characteristics during the dynamic stall of
airfoils reflects the intricate evolution of different vortex structures. To further study the
main controlling mechanisms of the nonlinear hysteresis of aerodynamic forces caused by
different vortex structures in the dynamic stall process, it was necessary to analyze the flow
characteristics related to the generation, convection, separation, and evolution of different
vortex structures during dynamic stall.

3.2. Evolution Process of Different Vortex Structures during Dynamic Stall

Based on the analysis of the spatiotemporal evolution of the flow field structure and
surface pressure distribution, the evolution process of different vortex structures (leading-
edge vortex, trailing-edge vortex, shear vortex, dynamic stall vortex, secondary vortex) in
dynamic stall could be identified, in addition to the active control vortex mechanism that
affected the aerodynamic nonlinear hysteresis. Figure 5 shows the Cp, contour, Q contour,
and surface pressure distribution within a cycle of the airfoil’s dynamic stall process.

From the figure, it was observed that based on the flow structures depicted by the pres-
sure contour Cp, and the variation in surface pressure distribution, the flow characteristics
within a cycle can be divided into the following stages:
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Figure 5. Evolution process of Cp, flow structure and pressure distribution within a cycle.

Upstroke process: (1) As the angle of attack increased to 14°, it was shown that the
flow remained attached without any separation of the flow structure depicted from the
Cp contour, the Q contour, or the surface pressure distribution. The lift coefficient increased
linearly with the angle of attack, while the changes in the drag coefficient and pitching
moment coefficient were relatively small. (2) As the angle of attack continued to increase,
when « =18.66°, the Cp, contour and the Q contour showed a small range of flow separation
at the trailing edge, forming an SLV (shear layer vortex). The pressure distribution was
characterized by a “pressure plateau” with local small-scale vortex separation at the trailing
edge, but the peak value of the pressure coefficient at the upper airfoil edge continued to
increase. (3) As the angle of attack continued to increase, such as from 20.57° to 21.25°, the
strength of the SLV gradually increased (seen from the Q contour), and a large-scale flow
separation occurred at the trailing edge. The pressure distribution was characterized by
a “pressure plateau”, indicating large-scale vortex separation at the trailing edge. At the
sharp trailing edge of the lower airfoil, a trailing-edge vortex (TEV) was formed due to
the shearing effect of the airflow, but its strength was weak. The flow structure showed
that there were two clear structures at the trailing edge. The pressure distribution was
characterized by the vortex separation point moving upstream from 0.90 c to 0.61 c at a
velocity of 0.069V . The peak value of the pressure coefficient on the upper surface of
the leading edge continued to increase. As a result, the lift coefficient exhibited nonlinear
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growth, although the slope slightly decreased. Due to the dominant influence of the SLV,
the drag coefficient and pitching moment coefficient increase. (4) As the angle of attack
continued to increase, when o = 21.62°, under the influence of an adverse pressure gradient,
vorticity accumulated at the position x/c = 0.35 on the leading edge, forming a leading-edge
vortex (LEV). As the angle of attack increased from « = 21.62° to ot = 21.92°, the LEV rapidly
merged with the SLV (seen from the Cp, contour and the Q contour). The strength of the
LEV increased and there was a sudden burst of vorticity. The trailing-edge vortex (TEV)
remained relatively unchanged. The flow structure showed the presence of three vortex
structures. The pressure distribution indicated that, at the position x/c = 0.35, there was a
convex increase in the pressure coefficient. The “pressure plateau” underwent a sudden
jump, transitioning from Cp =~ 1 to C,, ~ 2. The separation point moved from 0.68 ¢ to
0.18 c and the peak pressure coefficient on the leading edge was reduced by 50%. The
nonlinear increase in the lift coefficient was attributed to the vortex lift generated by the
LEV. (5) As the angle of attack increased from « = 21.92° to « = 22°, the vortex at the
leading edge started to roll up, forming a larger-scale vortex structure that covered the
entire upper surface and moved toward the trailing edge, which became the dynamic stall
vortex (DSV). The trailing-edge vortex (TEV) remained relatively unchanged and the flow
structure exhibited the presence of two vortex structures. The pressure distribution was
characterized by a continuous increase in the area of the bulging region in the pressure
coefficient. At the same time, the peak value of the pressure coefficient on the leading edge
of the upper airfoil edge exhibited a continuous decrease. The DSV moved downstream at
a speed of 0.13V, which was approximately one-third of the free-stream velocity. This
downstream migration of the DSV caused the pressure center to shift toward the rear. The
DSV’s dominant control and induction effect contribute to a nonlinear increase in the lift
coefficient. Additionally, the drag coefficient and pitching moment coefficient increased to
their maximum values, resulting in a significant nose-down moment.

Downstroke process: (1) From the maximum angle of attack of 21.98° to 21.59°, the
DSV left the airfoil. The pressure distribution was characterized by a gradual decrease in
the pressure coefficient at the x/c = 0.68 position. At the trailing edge of the airfoil, the flow
structure showed that the strength of the TEV was enhanced, and the airflow was adsorbed
from the lower surface to the upper surface. The pressure distribution was characterized
by an increase in the pressure coefficient at the trailing edge, and the pressure coefficient
of the lower airfoil (x/c = 0.9~1.0) The pressure coefficient decreased and the peak value
of the pressure coefficient and the position of the separation point on the upper airfoil
remained basically unchanged. Therefore, the lift coefficient, drag coefficient, and pitching
moment coefficient gradually decreased. (2) From 21.34° pitching down to 21.05°, the flow
structure showed that the DSV dissipated rapidly, the vortex structure basically disap-
peared completely, and the intensity of the TEV increased. In addition, the vortex scale
increased to two to three times that of the upstroke process and formed a negative impact
on the upper wing surface, a strong induction effect, and a reduced pressure coefficient.
Simultaneously, a leading-edge vortex system (LEVS) formed at the leading edge of the
upper surface, and the vortex structure gradually became more complex. The lift coefficient,
drag coefficient, and pitching moment coefficient all decreased sharply, reaching 75% of
their maximum values. (3) Descending from 20.70° to 20.09°, the flow structure showed
the gradual disappearance of the LEVS, and the scale of the TEV continued to increase. It
strongly induced low-energy fluid in the dissipation region of the dynamic stall vortex,
forming a secondary dynamic stall vortex (SDSV). During this stage, the intensity of the
SDSV continued to increase and gradually approached the airfoil surface. The pressure
distribution was characterized by a secondary convexity in the pressure coefficient at
x/c = 0.65, but with a lower peak. At the trailing edge, although the scale of the TEV
increased, the peak of the pressure coefficient decreased. (4) From 19.63° to 19.12°, the
flow structure showed that the SDSV migrated downstream along the airfoil, exhibiting
secondary stall, and the aerodynamic force and pitch moment coefficients showed fluctu-
ations with a secondary peak in aerodynamic force. The TEV gradually separated from
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the trailing-edge position and the dissipation disappeared. The pressure distribution was
characterized by an increase in the pressure coefficient peak at the leading edge of the
upper surface and the separation point gradually moved from 0.10c along the leading edge
to 0.28 c at a speed of 0.123 Veo. (5) Decreasing from 13.88° to the minimum angle of attack, at
this stage, the pressure distribution was characterized by the separation point rapidly moving
to 0.68 c at a speed of 0.069 Veo. In addition, the pressure coefficient at the leading edge of the
upper surface gradually recovered. Therefore, the lift coefficient began to recover but was
lower than the corresponding upstroke value at the same angle of attack. This was mainly
due to the separation on the upper surface of the airfoil (complete attachment during the
upstroke). The drag coefficient was lower than the corresponding upstroke value, while the
pitching moment coefficient was larger than the corresponding upstroke value. The delayed
movement of the separation point resulted in an asymmetric pressure distribution, which was
a major factor influencing the nonlinear hysteresis of the aerodynamics.

In conclusion, the complex nonlinear hysteresis characteristics of aerodynamics in
dynamic stall arose from the evolution process of different vortex structures and motion
characteristics during dynamic stall. During the pitching-up phase, under the influence of
an adverse pressure gradient, a separated leading vortex (SLV) formed at the trailing edge.
With the continuous increase in the angle of attack, due to the sustained supply of vorticity
from the bottom layer to the boundary layer, vorticity accumulated at the airfoil’s leading
edge, forming a leading-edge vortex (LEV). As the angle of attack continued to increase,
the LEV and SLV quickly merged, and the vorticity underwent a rapid burst, resulting
in convection toward the trailing edge to form a DSV. The aerodynamic coefficients and
pitching moment coefficient increased to their maximum values. During the pitching-down
phase, the DSV gradually dissipated, and the strength and scale of the TEV increased. This
induced the low-energy fluid in the dynamic stall vortex dissipation region to form an
SDSV. This led to a secondary stall and the aerodynamic coefficients exhibited a secondary
peak. The DSV and SLV were the main control vortex mechanisms influencing the increase
in the aerodynamic coefficients, pitching moment coefficient, and nonlinear hysteresis.

Note: The TEV was a vortex structure near the trailing edge. The airflow was adsorbed
from the lower surface to the upper surface and the shear layer rolled up to form a vortex.
The vortex was fixed near the trailing edge, so it was called a trailing-edge vortex. The SLV
was the vortex formed by the shear layer separation due to the flow detachment at a high
Reynolds number, also known as a shear separation vortex. The LEV could be considered
the initial stage of the DSV. As the LEV gradually strengthened, when it could not maintain
its current scale, it detached from the leading edge of the airfoil and migrated downstream,
forming the dynamic stall vortex. The SDSV was a secondary vortex structure, reformed
due to the inductive effect of the TEV on the low-energy fluid in the dissipation region of
the DSV.

Figure 6 shows the variation in the pitching moment coefficient within a cycle of the
dynamic process. From the figure, it can be observed that during the pitch-up phase, the
LEV quickly merged with the SLV, forming a DSV. This was an important source of the
increase in aerodynamic force and pitching moment coefficient, leading to a peak in the
aerodynamic force. During the pitch-down phase, the formation of an SDSV resulted in a
secondary peak in both the aerodynamic force and pitching moment coefficients.
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Figure 6. Characteristics of pitch torque coefficient variation within a cycle (The “A-F” here is
consistent with the “A-F” in Figure 4).

4. Air-Blow Control of Dynamic Stall
4.1. Proposal of Air-Blow Control

Based on the analysis of the spatiotemporal evolution characteristics of the flow
structure and surface pressure distribution of the pressure contour Cp, the SLV and the DSV
were the main control vortices that increased the aerodynamic force and pitching moment
coefficient during the dynamic stall process. Therefore, without changing the aerodynamic
shape and structural form of the airfoil, if it was necessary to control the negative damping
of dynamic stall, control measures needed to be designed based on the formation and
convergence of the DSV and SLV. In response to control of the DSV and SLV, the concept of
distributed air blow control was proposed, as shown in Figure 7. The leading edge of the
airfoil was equipped with three distributed jet outlets, located at 5% ¢, 10% c, and 30% ¢
from the leading edge, where ¢ was the chord length. The gap at the outlet h was 1 mm
and the ratio of / to ¢ was 0.002857. The outlet angle was inclined at an angle 6 of 30° to
the local airfoil surface. The blowing positions at 5% c and 10% c mainly controlled the
generation of an LEV and suppressed the formation of the DSV. The blowing position at
30% ¢ mainly controlled the strength of the SLV. To adapt to engineering applications, the
jet outlets were set as pressure outlet boundary conditions, and by altering the pressure
values at the jet outlets, control over the jet blowing velocity could be achieved.

Chord

Figure 7. Leading-edge distributed blowing control.

The blowing momentum coefficient C,, was used to measure the strength of the
blowing and it was defined as follows:

C, = LVJ G)
T deVae
29RT; P 71

W_\/H[l—(la(, ] ©)

Here, 11; was the mass flow rate of the jthjet, and n; = p;V;h, where h was the width
of the jet exit, pj was the density of the jth jet, V]- was the jet velocity at the exit (expansion
to the jet velocity when isentropically expanded to the incoming static pressure), poo Was
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the density of the incoming flow, Ve was the incoming flow velocity, and ¢ was the chord
length of the airfoil. Py was the total pressure of the incoming flow, Tj and P; were the total
temperature and total pressure, respectively, at the jet exit, R was the gas constant, and
7 was the specific heat ratio.

It is shown in Figure 8 that the aerodynamic coefficient comparison under the control
of different combinations of blowing positions resulted in M = 0.3, R, = 2.41 x 10°, and an
angle of attack variation pattern a = 12° + 10°sin(2kt), with k = 0.129, the total pressure at
the jet outlet Pj = 110,545 P,, the total temperature Tj =288.15 K, and the blowing positions
at x/c = 5%, 10%, and 30%, respectively.
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Figure 8. Aerodynamic coefficients of combined control with different blowing positions.

It was shown that the combination control of the blowing positions had a significant
impact on the aerodynamics of dynamic stall. During the blowing control, both the drag
and pitching moment coefficients of the airfoil decreased. Within the linear range of lift, the
combined control over the air blowing at different positions had a minor impact on the lift
coefficient at the same angle of attack, and the effect on the slope of the lift curve in the linear
range was also minimal. Comparison of different combinations of air blowing positions:
(1) When the air blowing position was at x/c = 30%, compared to the baseline state, the
change in the lift coefficient at the stall angle of attack was the most significant. At the
maximum angle of attack, the lift coefficient still showed a nonlinear increase. The reduction
in the peak values of drag and pitching moment coefficients was 20%. (2) When the air
blowing positions were at x/c = 5% and 10%, the reduction in the peak values of the drag and
pitching moment coefficients could reach 70%. However, around an angle of attack of 19°,
the lift coefficient experienced a sharp decrease. In the downward pitching phase, compared
to the baseline state, there was an increase in the hysteresis area of the lift coefficient curve.
(3) When the air blowing positions were at x/c = 5%, 10%, and 30%, compared to the baseline
state, the hysteresis curve of the lift coefficient changed smoothly with the variation in
the angle of attack, and the hysteresis loop area decreased by 41%. Around an angle of
attack of 19°, there was no fluctuation in the drag and pitching moment coefficients, and
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the reduction in the peak values of the drag and pitching moment coefficients could reach
80%. The secondary peaks in the aerodynamic coefficients disappeared and the hysteresis
loop area of the lift coefficient decreased by 41%.

Figure 9 shows the comparison results of the Cp, contour, the Q contour, and the
surface pressure distribution controlled by different blowing position combinations when
the maximum angle of attack & = 22°: (1) When the blowing position was at x/c = 30%, from
the pressure distribution, it could be seen that the blowing position was downstream of
the separation point, and the inhibitory effect on the aerodynamics was relatively weak.
However, due to the influence of the jet vortex, the strength of the DSV decreased, the
area of the pressure distribution bulge decreased, and the peak values of the drag and
pitch moment coefficients decreased. As was seen from the pressure distribution Cp, the
strength and scale of the DSV decreased, but it still remained the main controlling vortex
affecting the increase in the aerodynamic forces and pitch moment coefficients. Due to
the inductive effect of the DSV, vortex lift was generated, and the lift coefficient curve
still exhibited a small-range nonlinear increase. (2) When the blowing positions were at
x/c = 5% and 10%, it could be observed from the pressure distribution Cp that the DSV
was suppressed, and the flow structure exhibited two vortex structures, the SLV and TEV.
Due to the strong induction effect of the SLV on the TEV, the intensity of the TEV was
enhanced. From the pressure distribution, it could be observed that the region of pressure
rise disappeared. The pressure distribution indicated a “pressure plateau” caused by the
large-scale vortex separation on the upper surface and the separation point was located
at x/c = 0.33. This indicated that the SLV was the main controlling vortex affecting the
increase in the aerodynamic force and pitching moment coefficients at this time. Due to the
dominant controlling effect of the SLV, the lift coefficient began to experience stall around
19°, dropping sharply. The reduction in the drag and pitching moment coefficients reached
70%. (3) When the blowing positions were at x/c = 5%, 10%, and 30%, from the pressure
distribution Cp, it could be observed that there were two vortex structures in the flow, the
SLV and TEV. Compared with x/c = 5% and 10%, the blowing jet at x/c = 30% suppressed
the intensity of the EV due to the inhibition of the SLV. Therefore, the large-scale flow
separation was inhibited. From the pressure distribution, it could be observed that the
separation point had moved to x/c = 0.56. This indicated that the distributed blowing
control (x/c = 5%, 10%, and 30%) not only controlled the formation of the DSV but also had
a controlling effect on the SLV, demonstrating a dual control effect.

DSV
4] Separaton point \

B ——

02 0 02 04 06 08 1 12 14 L6 601 02 03 04 05 06 07 08 09
xle x/e

(a) Baseline

0 02 04 06
X/

08
/e

1214 16 02 0 02 04 06 08 T 12 T4 16 0 001 02 03 04 05 06 07 08 09
xle xe
(b) x/c = 30%, Cu=0.0056

Figure 9. Cont.
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Figure 9. Cp, contour, Q contour, and pressure distribution of the airfoil under combined control state
at different blowing positions.

4.2. Effect of the Blowing Coefficient

The comparison of aerodynamic coefficients of different blowing coefficients can be
seen in Figure 10, with M = 0.3, R, = 2.41 x 10°, the change pattern of the angle of attack
a =12° + 10°sin(2kt), k = 0.129, the temperature at the jet outlet T; = 288.15 K, and the
blowing positions at x/c = 5%, 10%, and 30%. When the total pressure at the jet nozzle exit
Pj changed, the variation in the stagnation ring area Cy s, the peak lift coefficient Cr ey, the
peak drag coefficient Cp jax, and the peak pitch moment coefficient Cy, ,,,, were compared
with different blowing coefficients C;, for control.
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Figure 10. Comparison of aerodynamic coefficients of different blowing coefficients.

From the graph, it was observed that with an increase in the blowing coefficient Cu,
corresponding to an increase in the jet exit pressure P, the peak variation in the drag
coefficient ACp juqx and the peak variation in the pitch moment coefficient ACy, 1, initially
showed a gradual increase around C;, = 0.016, reaching the maximum value. The variation
in ACp.max and ACy; i, reached 80%. With the continued increase in the blowing coefficient
(Cy), the variations in the peak drag and pitch moment coefficients gradually decreased.
Around C;, = 0.07, the variations in ACp.ysy and AC,,, i, dropped to less than 60%. This
indicated the existence of an optimal blowing coefficient. Beyond this upper limit, the effect
of the blowing control no longer showed a significant improvement. With the increase
in the blowing coefficient (C,), significant changes were observed in the variation in the
stagnation ring area (ACL s) and the peak lift coefficient (ACp pet) when Cy, was less than
0.03. However, when C;, exceeded 0.03, the changes in the stagnation ring area (ACLs) and
the peak lift coefficient (ACL pe,x) became less pronounced.
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In order to compare the aerodynamic coefficient variations under different jet exit
pressures, the results of the aerodynamic coefficient variations for blowing coefficients (C;)
of 0.0069, 0.0156, 0.0272, and 0.0711 can be seen in Figure 11. From the graph, it can be
observed that when the blowing coefficient (C,) was 0.0069, despite a significant reduction
in the drag and pitch moment coefficients, there was a decrease in the peak lift coefficient
during the upstroke and the lift coefficient during the downstroke. Additionally, the area
of the stagnation ring increased. When the blowing coefficient (C,) was 0.016, there was
a significant decrease in the peak values of the drag and pitch moment coefficients, an
increase in the lift coefficient, and a smooth variation in the aerodynamic coefficients with
an angle of attack. The area of the stagnation ring also decreased. When the blowing
coefficient was 0.0711, there was a 16% increase in the peak lift coefficient, but the lift curve
also underwent a significant shift. Compared to C;, = 0.016, at the maximum angle of attack,
the angle of attack changed by only 1°. Furthermore, the lift coefficient showed a sharp
decrease, followed by a rapid recovery, indicating a prominent peak discontinuity. The peak
values of the drag and pitch moment coefficients increased, exhibiting the characteristics of
sharp peaks in both the upward and downward directions, with rapid variations. Rapid
changes in aerodynamic forces could have a significant impact on the control system and
are an important source of control loads for helicopter swashplate manipulation. The
comparison of the aerodynamic coefficient variations under different jet exit pressures
illustrates the existence of an optimal blowing coefficient. Beyond this upper limit, not only
did the effectiveness of the blowing control fail to show a significant improvement but it
also led to excessive control loads.
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Figure 11. Comparison of aerodynamic coefficients under different blowing coefficients.

5. Effect of Motion Parameters

To implement distributed blowing control in engineering applications, it was crucial
to delve into its operational scope. This study focused on the dynamic stall control effec-
tiveness of distributed blowing control under multiple operating conditions, particularly
examining the motion parameters during dynamic stall. The blowing locations were situ-
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ated at x/c = 5%, 10%, and 30%, with a specified jet exit total pressure P]- =110545Pa and
total temperature T; = 288.15 K.

The reference conditions were as follows: M = 0.3, R, = 2.41 x 10°, and the variation
pattern of the angle of attack (o) followed a = 12° + 10°sin(2kt), with k = 0.129. The
sensitivity parameter analysis involved changing only the parameter under consideration,
while keeping the other parameters consistent with the reference conditions.

5.1. Mean Angle of Attack

Simulations were performed for three scenarios with the average angles of attack («g)
set at 10°, 12°, and 14°. Figure 12 illustrates the impact of the distributed air blowing
control on the dynamic stall characteristics of the airfoil under different average angles of
attack, while maintaining a constant total pressure at the jet outlet. From the graph, it could
be observed that the variation in the average angle of attack had a minimal impact on the
blowing coefficient. With the other conditions held constant, at an average angle of attack
of 10°, the lift coefficient increased with the angle of attack. Near the maximum angle of
attack, the lift coefficient curve exhibited a sharp decrease, indicating that the dynamic stall
was primarily controlled by the SLV. Therefore, the impact on the pressure distribution was
limited, resulting in lower peak values for the drag and pitch moment coefficients. The
stall curve exhibited a clockwise “co”-shaped pattern. At an average angle of attack of 12°,
the dynamic stall characteristics of the airfoil intensified. With the variation in the angle
of attack, the lift coefficient gradually increased. Near the maximum angle of attack, the
lift coefficient decreased due to the onset of separation on the upper surface of the wing.
With a further increase in the angle of attack, the lift coefficient exhibited nonlinear growth.
The drag and pitch moment coefficients sharply increased and the area under the stall
curve expanded. The DSV was the primary controlling vortex, leading to an increase in
the aerodynamic coefficient peaks. In the pitching-down phase, unlike at lower average
angles of attack, the influence of the TEV contributed to a secondary dynamic stall process,
resulting in significant fluctuations in the aerodynamic coefficients. With the continued
increase in the average angle of attack, the dynamic stall characteristics intensified. This
indicated that the strength of the DSV also increased with higher average angles of attack.
After implementing distributed blowing control, at an average angle of attack of 10°, the
dynamic stall vortex primarily controlled by the SLV was suppressed. The vortex-induced
lift associated with the dynamic stall vortex diminished, resulting in a reduction in the
peak lift coefficient, a decrease in the stagnation ring area, and a 50% reduction in the
peak values of the drag and pitch moment coefficients. The area of the lift stagnation ring
decreased by 47%. At an average angle of attack of 12°, it could be observed from the lift
coefficient curve that the nonlinear increase near the maximum angle of attack disappeared.
This indicated that distributed blowing control had mitigated the formation of the DSV. At
this time, the SLV became the primary controlling vortex influencing the peak aerodynamic
coefficients. The peak values of the drag and pitch moment coefficients decreased by 80%
and the area of the lift stagnation ring decreased by 41%.

The C;, contour and Q contour of the airfoil at different mean angles of attack can be
seen in Figure 13. It can be observed that (1) at an average angle of attack of 10 degrees, the
SLV was the primary controlling vortex structure influencing the dynamic stall, playing
a major role in the aerodynamic forces during dynamic stall, albeit with a lower peak.
With the implementation of blow control, the intensity of the SLV weakened, resulting
in a reduction in the peak drag and pitch moment coefficients. (2) At average angles of
attack of 12° and 14°, the formation of the DSV became the primary controlling vortex
structure influencing the increase in aerodynamic forces, leading to a sharp increase in
the peak drag and pitch moment coefficients. After the implementation of blow control,
the formation of the LEV was suppressed, leading to the disappearance of the DSV. The
secondary SLV became the primary controlling vortex influencing the aerodynamic forces.
Due to the relatively minor impact of the SLV on the surface pressure distribution, the peak
aerodynamic coefficient was lower.
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Figure 12. Aerodynamic coefficients at different mean angles of attack.
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Figure 13. C,, contour and Q contour of the airfoil at different mean angles of attack (baseline is in
left column and controlled in right).

5.2. Amplitude of the Angle of Attack
A comparison of the aerodynamic forces during dynamic stall for different amplitudes
of the angle of attack («;;) of 8°,10°, and 12° can be seen in Figure 14, with a constant jet exit
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total pressure. The comparison was based on distributed blowing control under different
amplitudes of the angle of attack. From the curves in Figure 14, it can be observed that, with
an increase in the amplitude of the angle of attack, the dynamic stall characteristics of the
airfoil continually intensified. The peak values of the drag and pitch moment coefficients
increased and the stall effect became more pronounced. The area under the stall curve
increased with the growth of the angle of attack amplitude. At a low-amplitude angle
of attack (aj; = 8°), the nonlinear increase in the lift coefficient did not occur, and the
peak aerodynamic coefficients during dynamic stall were primarily controlled by the SLV.
At large amplitudes of the angle of attack (a;; = 10° and 12°), near the maximum angle
of attack, the lift coefficient exhibited a nonlinear increase with an increase in the angle
of attack. The peak values of the drag and pitch moment coefficients sharply increased
and the peak aerodynamic coefficients were primarily controlled by the DSV. Distributed
blowing control could suppress the occurrence of the DSV and the nonlinear peak in the
aerodynamic forces, thereby mitigating load fluctuations. At different amplitudes of the
angle of attack, distributed blowing control could suppress the peak values of the drag and
pitch moment coefficients. Under a small-amplitude angle of attack («,, = 8°), the peak drag
coefficient decreased by 46%, the peak pitch moment coefficient decreased by 74%, and the
hysteresis loop area of the lift coefficient was reduced by 50%. At a large-amplitude angle
of attack (a;;, = 12°), the peak drag coefficient decreased by 70%, the peak pitch moment
coefficient decreased by 72%, and the hysteresis loop area of the lift coefficient was reduced
by 46%.
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Figure 14. Aerodynamic coefficients at different amplitudes of angle of attack.

Figure 15 presents the Cp, contour and the Q contour of the airfoil at different ampli-
tudes of angle of attack. The following insights could be drawn from Figure 15: When
the amplitude of angle of attack was 8°, the SLV served as the primary controlling vortex
structure affecting the dynamic stall; it played a key role in the aerodynamic forces during
dynamic stall. With the implementation of combined blow control, the weakening of the
SLV intensity led to a reduction in the peak values of the drag and pitch moment coefficients.
When the angle of attack amplitude was 10° and 12°, the DSV gradually formed, serving as
the primary controlling vortex structure influencing the increase in the aerodynamic forces.
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This led to a sharp increase in the peak values of the drag and pitch moment coefficients.
With the application of blow control, the formation of the LEV was suppressed, causing
the disappearance of the DSV structure. The SLV became the primary controlling vortex
structure affecting the aerodynamic forces. As the impact of the SLV on the surface pressure
distribution was relatively small, the peak aerodynamic coefficients were lower.
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Figure 15. C}, contour and Q contour of the airfoil at different amplitudes of angle of attack (baseline
is in left column and controlled in right).

5.3. Reduced Frequency

Reduced frequency is a dimensionless quantity commonly used in unstable aerody-
namic conditions, and it is one of the parameters that defines the instability level of the
problem [62]. Simulation of the dynamic stall was conducted for three different reduced
frequencies (k = 0.097, 0.129, 0.162). Figure 16 provides the coefficients at different reduced
frequencies, the drag coefficient, and the pitch moment coefficient for the dynamic stall of
the airfoil under a constant jet exit total pressure with distributed blowing control. From the
graph, it can be observed that with a greater reduced frequency, the severity of the dynamic
stall increased. The hysteresis loop area significantly enlarged, and the peak aerodynamic
load, along with the corresponding angles of attack, also increased. Near the maximum
angle of attack, the lift coefficient curve exhibited distinct variations. When the reduced
frequency was k = 0.097, there was no nonlinear increase in the lift coefficient. Compared
to high-frequency oscillations, the peak values of the drag and pitch moment coefficients
were lower, and the increase in the peak aerodynamic coefficients was primarily controlled
by the SLV. With a greater reduced frequency, around the maximum angle of attack, at
a reduced frequency k = 0.129, the lift coefficient exhibited nonlinear growth. The peak
values of the drag and pitch moment coefficients sharply increased and the DSV was the
primary cause of the peak aerodynamic coefficients. When the reduced frequency was
k = 0.162, the increase in oscillation frequency delayed the merging of the LEV and SLV.
The lift coefficient exhibited a sudden nonlinear increase near the maximum angle of attack.
Subsequently, during the downstroke process, the lift coefficient decreased, and the hys-
teresis loop in the lift coefficient curve exhibited closure near the maximum angle of attack.
With an increase in reduced frequency, at the same angle of attack, the stall phenomenon
became more pronounced in the airflow. During the downstroke process, the strength and
scale of the TEV increased, and the position of the SDSV shifted forward. The amplitude
of nonlinear fluctuations in the aerodynamic coefficients significantly increased and the
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angle of attack for nonlinear fluctuations advanced. This led to a slower reattachment of
the airflow during the downstroke process, resulting in an increased hysteresis area in the
aerodynamic characteristic curve. At different reduced frequencies, distributed blowing
control effectively suppressed the peak values of the drag and pitch moment coefficients,
resulting in a reduction of 78% in the peak values of the drag and pitch moment coefficients.
Additionally, the hysteresis loop area of the lift coefficient was decreased by 40%.
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Figure 16. Aerodynamic coefficients at different reduced frequencies.

The Cp, contour and Q contour under the peak pitch moment coefficient state with
combined blow control are shown in Figure 17, with variations in reduced frequency. The
following insights can be drawn from Figure 17: When the reduced frequency was k = 0.097,
the DSV served as the primary controlling vortex structure influencing the aerodynamic
forces during dynamic stall. The peak values of the drag and pitch moment coefficients
significantly increased. Distributed blowing control could suppress the occurrence of the
DSV and the nonlinear peak in aerodynamic forces. With an increase in reduced frequency,
the intensity of the DSV gradually strengthened, leading to a sharp increase in the peak
values of the drag and pitch moment coefficients. With the application of blow control, the
formation of the LEV was suppressed, leading to the disappearance of the DSV. The SLV
became the primary controlling vortex structure influencing the increase in the aerodynamic
forces. Due to the relatively minor impact of the SLV on the surface pressure distribution,
the peak aerodynamic coefficients were lower.
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Figure 17. C, contour and Q contour of the airfoil under different reduced frequencies (baseline is in
left column and controlled in right).

6. Conclusions

Based on motion-nested grid technology, the SST k-w turbulence model was used
to numerically simulate the flow field characteristics of the NACA63-218 airfoil dynamic
stall by solving the unsteady Reynolds-averaged Navier—Stokes equation. Based on the
spatiotemporal evolution characteristics of the flow field structure and wall pressure
distribution, the evolution process of the dynamic stall vortex structure and the primary
controlling vortex mechanism influencing the nonlinear aerodynamic effects were revealed.
In addressing the suppression of dynamic stall in airfoil behavior, the concept of distributed
blowing flow control was introduced. The study explored the control effectiveness of
distributed blowing positions and blowing coefficients in dynamic stall, as well as the
dynamic stall suppression effect of distributed blowing control under various operating
conditions. The conclusions were as follows:

(1) The evolution and motion characteristics of the DSV and SLV during dynamic stall
led to nonlinear hysteresis in the aerodynamics. In the upstroke process, separation
first occurred at the trailing edge, forming the SLV. As the angle of attack gradually in-
creased, vorticity accumulated at the leading edge of the airfoil, forming the LEV. With
a further increase in the angle of attack, the LEV and the SLV rapidly merged, caus-
ing a vortex eruption. This vorticity convection was downstream, forming the DSV,
resulting in a sudden spike in aerodynamic forces and pitch moment coefficients to
their maximum values. In the downstroke process, the strength of the TEV increased,
inducing low-energy fluid in the dissipation region of the DSV, forming the SDSV.
This resulted in a secondary dynamic stall and the aerodynamic coefficients exhibited
a secondary peak phenomenon, although with relatively smaller magnitudes.

(2)  To control the formation and merging of the SLV and DSV, the concept of distributed
blowing control was introduced. The study investigated the control effectiveness
of changes in the distributed blowing positions and blowing coefficients on the
aerodynamics. The results indicated that distributed blowing control could suppress
the formation of the DSV and reduce the intensity of the SLV, thereby lowering the
aerodynamic peak values during dynamic stall. There existed an optimal blowing
coefficient, and when the blowing coefficient C;, exceeded 0.03, the effectiveness of
blowing control no longer significantly improved.
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(3) The control effectiveness of distributed blowing control on dynamic stall was investi-
gated under various operating conditions. The results indicated that under different
motion parameters, distributed blowing control could suppress the formation of the
DSV, transforming the primary controlling vortex structure in the flow field into the
SLV. When distributed blowing control was applied at the positions x/c = 5%, 10%,
and 30% with a blowing momentum coefficient Cy of 0.0156, it reduced the peak
values of the drag coefficient by 70% and the pitch moment coefficient by 72%, and
decreased the hysteresis loop area of the lift coefficient by 46%. Moreover, near the
maximum stall angle, distributed blowing control could mitigate stall characteristics,
resulting in a smoother variation in unsteady loads.
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Abstract: This study delves into the construction of reduced-order models (ROMs) of a flow field
over a NACA 0012 airfoil at a moderate Reynolds number and an angle of attack of 8°. Numerical
simulations were computed through the finite-volume solver OpenFOAM. The analysis considers two
different reduction techniques: the standard Galerkin projection method, which involves projecting
the governing equations onto proper orthogonal decomposition modes (POD—ROMs), and the
cluster-based network model (CNM), a fully data-driven nonlinear approach. An analysis of the
topology of the dominant POD modes was conducted, uncovering a traveling wave pattern in
the wake dynamics. We compared the performances of both ROM techniques regarding their
prediction of flow field behavior and integral quantities. The ROM framework facilitates the practical
actuation of control strategies with significantly reduced computational demands compared to the
full-order approach.

Keywords: reduced-order modeling; clustering; airfoils

1. Introduction

The quest to enhance aircraft performance, specifically in terms of drag reduction and im-
proving the lift-drag ratio, is a paramount objective in aircraft design (Couto and Bergada [1]
Chiatto et al. [2]). To achieve these goals, the incorporation of flow control mechanisms,
such as synthetic jets (Ceglia et al. [3], Girfoglio et al. [4], de Luca et al. [5]), has proven
beneficial for delaying separation and managing turbulence transition (Tousi et al. [6,7]).
Through careful optimization of airfoil shapes and control parameters, lift, drag, and virtual
mass can be tailored to meet specific flight envelope requirements (Lahey et al. [8]). How-
ever, this optimization process often necessitates many computational simulations, which
can be both time-consuming and computationally intensive (Li et al. [9], Reumschiissel
etal. [10], Wang et al. [11]).

Modal decomposition techniques have emerged as valuable tools for gaining a deeper
understanding of the key coherent flow structures (Taira et al. [12]) and for designing
effective control strategies (Rowley and Dawson [13]). The recent increase in computational
capabilities has paved the way for the development of various data-driven analytical tools
for different aspects of fluid dynamics, including spectral characterization (Schmid [14]),
system frequency response (Herrmann et al. [15]), and even the study of two-phase flows
(Schmidt and Oberleithner [16]).

Recent research, as highlighted by Stabile et al. [17], emphasizes the relevance of
formulating reduced-order models (ROMs) that retain the key features of full-order models
(FOMs) while significantly reducing computational demands. This step is crucial for simpli-
fying the governing equations’ complexity and enhancing the efficiency of the optimization
process (Noack et al. [18]).
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As a matter of fact, when employing reduced-order models one encounters several draw-
backs, for instance, the introduction of unphysical artifacts and instabilities (Noack et al. [19]),
the loss of fidelity at fine temporal and spatial scales (Taira et al. [20]), and the inability to
accurately predict rare or extreme events due to nonlinear interactions (Racca and Magri [21]).
Cluster-based network modeling (CNM) stands as a robust approach for investigating
complex nonlinear dynamics using data (Fernex et al. [22]). CNM relies on an unsuper-
vised machine learning technique to process a dataset of snapshots, reducing them to a
small set of representative flow states. Subsequently, statistical methods are employed
to construct a reduced-order model that presents a probabilistic representation of the
system dynamics. CNM offers a fully automated framework for understanding system
dynamics (Hou et al. [23], Colanera et al. [24]), estimating parameters, and implementing
model-based control (Wang et al. [25]).

Furthermore, recent advancements in machine learning techniques (Brunton et al. [26])
have demonstrated their effectiveness, even in the prediction of stall behavior (Saetta et al. [27]).

This study aims to develop reduced-order models (ROMs) for analyzing the flow
around a specific airfoil configuration. Two distinct types of low-order models were con-
structed: proper orthogonal decomposition (POD) Galerkin ROMs (Stabile and Rozza [28]),
which involve projecting the governing equations onto selected POD modes and cluster-
based network models (CNMs) (Kaiser et al. [29] and Li et al. [30]). To the authors” best
knowledge, this paper represents an original application by comparing these two model
approaches for airfoil configurations. This paper constitutes an expanded version of the
conference paper by Di Costanzo et al. [31].

The paper is structured as follows: Section 2 concisely introduces the methodologies
used, including both the full-order model (FOM) and ROMs. In Section 3, the results
obtained are presented, along with a comparative analysis of the different low-order models.

2. Methodology

This section provides an overview of full-order modeling for unsteady turbulent flow
analysis. Additionally, it describes two different approaches to reduced-order modeling.
Full-order modeling offers a detailed representation of the flow field but can be computa-
tionally expensive. Reduced-order modeling techniques offer a more efficient alternative
by capturing essential flow features while reducing computational costs.

2.1. Full Order Model

The present study investigates the behavior of NACAQ012 airfoil under two-dimensional,
unsteady, and incompressible flow conditions. To tackle this problem, Unsteady Reynolds-
averaged Navier-Stokes (URANS) equations were employed. The numerical simulations
were conducted using the pimpleFoam solver within the open-source software OpenFOAM.
The pimpleFoam employs the PIMPLE algorithm for pressure-velocity coupling, enabling
the modeling of a transient flow within a discretized domain, achieved by solving the
Reynolds-averaged Navier-Stokes equations.

For the representation of turbulence in this analysis, the well-established x — w tur-
bulence model was implemented. In this context, the equations system is denoted as a
full-order model (FOM), as detailed in Equations (1) and (2).

V-u=0, 1)

%1;-5- (u-V)u+Vp— V- (veg(Vu+[Vu]")) =0, 2

where the time variable, f, kinematic pressure, p, and the velocity vector, u, represented as
u = [u,v,w], are considered. The effective kinematic viscosity is denoted as Ve = v + v,
where v denotes the kinematic viscosity and v; denotes turbulent eddy viscosity. It
is worth noting that in this work any additional effect related to the virtual mass has
not been considered. The Reynolds number under free-stream conditions is defined as
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Reeo = Usc/v = 7000, where Uy, represents the free-stream velocity, and c is the airfoil
chord. The angle of attack, denoted as «, is fixed at « = 8° for this investigation.

The simulations based on the FOM are executed until the values of time-averaged
flow variables (such as velocity, drag, lift, and virtual mass when applicable) reach the
periodic behavior. Subsequently, snapshots of flow field variables are stored for later use in
constructing low-order models.

Utilizing the URANS approach and the x — w turbulence model, the FOM describes
the unsteady turbulent flow surrounding the NACAO0012 airfoil. This forms the basis for
subsequent analyses and the creation of reduced-order models.

2.2. POD-ROM

Adopting the methodology outlined in Hijazi et al. [32], one can employ a systematic
process that combines the POD technique with Galerkin projections to derive reduced-order
models (ROMs) from simulations or experimental data.

Specifically, one can express the truncation of the POD expansions for the discretized
fields of velocity u, pressure p, and eddy viscosity v;, as follows:

[ortir] — @uar, 0] = Bybe, - [ )] = B, @)
where ®,, <i>p, and ®,, are, respectively, the POD mode matrices of velocity, pressure,
and eddy viscosity. The computation of these mode matrices follows the procedure de-
scribed by Stabile and Rozza [28], utilizing numerical data derived from the FOM.

The momentum equation is subsequently projected onto the modes represented by
d,, resulting in the following reduced-order system:

% = fu(ar, ¢, by). 4)
Here, a;, ¢;, and b, denote the coefficients associated with the velocity, eddy viscosity,
and pressure fields, respectively. Additional equations to determine coefficients b, and ¢,
are derived from the pressure Poisson equation and the eddy viscosity model projections.
Initial conditions for a, and ¢, are set by projecting u(0) and v;(0) onto the POD modes.
To stabilize the pressure, a velocity space supremizer enrichment strategy is employed,
as detailed by Ballarin et al. [33]. The entire procedure is implemented using ITHACA-FV,
a C++ library developed in the OpenFOAM framework [28].
The combination of proper orthogonal decomposition (POD) and Galerkin projections
presents an effective method for constructing reduced-order models. This approach enables
efficient analysis and prediction of flow patterns, substantially lowering computational costs.

2.3. CNM-ROM

The cluster-based network model (CNM) approach depicts the dynamics of a system
through a directed network, wherein the clusters (i.e. the nodes) symbolize coarse-grained
states of the system. The original snapshots are clustered into a few centroids representing
the whole ensemble.

The clusters Cy are computed using the standard k-means++ algorithm (MacQueen [34];
Lloyd [35]), which minimizes the inner-cluster variance. Consequently, the cost function |
is defined as follows:

1 M
J(Cr--0 Ck) = 35 Yo 9" = Cm 1 @)
m=1

where M represents the number of snapshots used for the analysis, " denotes the m-th snap-
shot of velocity components, and Cj,,) denotes the cluster to which ¢ belongs. The cluster-
affiliation function k(m) associates a snapshot g™ with the index of its nearest centroid:

k(m) = argmin |7" — Cila, ©)
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where || - | denotes a spatial norm. The optimal centroids, C};, are those that minimize J:
(€f,...,Cx) =argminJ(Cy,...,Ck). 7)

After the snapshots are coarse-grained into K clusters, each cluster can be seen as a
representative state of the system dynamics. The network nodes are identified as centroids,
Cy, of these clusters, calculated as the state averages within each cluster. The transition
characteristics between such clusters rely on high-order direct transition probabilities
identified from the data [22].

As sketched in Figure 1, CNM utilizes the direct transition matrix Q, which considers
only intercluster transitions and ignores the inner-cluster residence probability.

Q31,131 Q21,121

Q13,113 Q12,112

Qa1,Tu1

Q35,135 Q24,T524

Qas,Tys

Q547 T54

Figure 1. Sketch of a directed network of clusters. The nodes denote cluster centroids, while arrows
represent transition directions. Each transition includes a transition probability Q;; and time Tj;.

The direct transition probability is inferred from the data as follows:

nk,'
Quj=—2, ®)

1

where Qy ; represents the probability of transitioning from cluster C; to Cx, and ny,; denotes
the number of such transitions, with n; being the total number of transitions departing from
cluster j. Figure 1 shows an example of a directed network of clusters. For a generalized
L-order model, the direct transition probability is expressed as Pr(K; = jIK;i_1, ..., Ki_1) (L
being the model order), which is equivalent to using time-delay coordinates. Note that in
the CNM framework, n;; = Q;; = 0.

The residence time T = t"+1 — #" corresponds to the duration of the transit in a cluster
Cy, where " and #"*1 denote the time of the first and last snapshots to enter and leave Cy.
The individual transition time from cluster j to cluster k is defined as half the residence
time of both clusters:

T T2 2 ©)

By averaging all iy j individual transition times from cluster C; to Cy, the transition time

" Tn—l + B tnfl 4t

Tij = 1/m Y1 £ is estimated.

Once the probabilistic model is determined through matrices Q and T, a sequence of
centroids, denoted as Ko, K1, Ky, . . ., can be determined together with with the following
time instance:

to=0, t1 =Tk, t=t+Tku,--- (10)
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In this framework, a smooth motion between these discrete jumps is obtained by a linear in-
terpolation.

Within the CNM framework, the N-dimensional state of the system can be represented
by various options, including the flow field variables themselves or any other observ-
ables. In this study, we consider the POD temporal coefficients as state vector components.
Transition probabilities from one cluster centroid to another are estimated based on the
training dataset. This estimation enables the computation and reconstruction of the tem-
poral evolution of the reduced state. For further details, the reader is referred to Fernex
et al. [22] and Kaiser et al. [29]. In this work, MATLAB (R2020b) was employed for the CNM
implementation and test.

3. Results

The methodologies outlined earlier were employed in analyzing 2D numerical data
of an unsteady, incompressible flow around an NACAO0012 airfoil. These datasets have
yielded valuable insights into the flow dynamics and effectiveness of the ROMs. In both the
POD-based and CNM—ROM approaches, 400 snapshots were utilized during the training
phase, with a sampling time interval of At = 0.025s.

Figure 2 showcases a time-delay representation of the lift (C;) and drag (C;) coefficients
with a time-delay parameter of T = 6At.

0.115 //
0.11 /_

J

—~ 0.105
=
3

0.1

0.095

0.6

0.5
0.45
0.45
0.4
C[(t — 7') 0.4 Cz(t)

Figure 2. Time-delay representation of the lift/drag coefficients with a T = 6At.

It is possible to determine the lift and drag coefficients from the axial (Cy) and the
transversal (Cy) force coefficients using the following relationship:

Cq = Cycos(a) + Cysin(a), an
C; = Cysin(a) — Cy cos(a),
where « is the angle of attack. From the inspection of Figure 2, it is possible to recognize
the limit cycle behavior of the flow dynamics.
In Figure 3, panels (a) and (b) depict the contours of the time-averaged streamwise
velocity component u and the transversal velocity component v.
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(e) 2" POD u mode (f) 2" POD v mode

Figure 3. Mean velocity fields and leading POD modes for a NACA 0012 at Rec, = 7000 and & = 8°.
All field variables were normalized concerning their maximum.

These contour plots offer a visual representation of the mean flow characteristics.
Panels (c) to (f) showcase the leading velocity modes within the POD framework. The first
two modes, in particular, capture the most significant fluctuations in the flow field. It is
important to note that the spatial shift in the direction of advection of the POD modes
corresponds to the traveling pattern of the emitted eddies.

In Figure 4, velocity contour plots from three methods are compared: the FOM,
POD—ROM with 10 velocity modes and 12 pressure and viscosity modes, and CNM—ROM
using 10 clusters with a 4th-order model.

This comparison is made at a specific time instant, ¢ = 1 second. This analysis allows
us to assess the accuracy and fidelity of both the reduced-order models in capturing the
flow features. The constructed flow fields obtained from the POD—ROM and CNM—-ROM
agree with the original FOM results, indicating the effectiveness of the reduced-order
models in capturing the essential flow dynamics.

Figure 5 provides a comprehensive comparison of the axial and transversal force
coefficients (Cy and Cy) obtained from the FOM, the POD—ROM, and the CNM—ROM at
various ROM parameters.

This comparison allows us to evaluate the accuracy and predictive capability of the
reduced-order models in capturing the aerodynamic forces acting on the airfoil. The black
lines represent the Cy and Cy, coefficients obtained from the FOM simulations. In panels (a,b),
the blue lines correspond to the Cy and C, coefficients obtained from the POD—ROM,
utilizing 10 velocity modes and 12 pressure and viscosity modes. In panels (c,d), the red
lines correspond to the coefficients obtained from a first-order CNM—ROM, while the blue
lines correspond to a fourth-order CNM—ROM. The figure demonstrates the capabilities of
the CNM—ROM technique in accurately predicting the lift and drag coefficients, surpassing
the performance of the POD—ROM. Therefore, the CNM—ROM approach (with a higher
order) captures the complex flow phenomena more effectively, resulting in improved
predictive accuracy of the aerodynamic forces.
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(e) CNM—ROM u snapshot (f) CNM—ROM v snapshot

Figure 4. Snapshots computed by FOM (first line), POD—ROM (second line), and CNM—ROM (third
line). All field variables were normalized to their maximum.

0.036
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Figure 5. Force coefficients computed with FOM, POD—ROM, and CNM—ROM . In all the panels,
the black lines refer to the FOM force coefficients. In panels (a,b), the blue lines correspond to the
POD—ROM with 10 velocity modes and 12 pressure and viscosity modes; in panels (c,d), the red
lines correspond to a first-order CNM—ROM, while the blue ones correspond to CNM—ROM with
L=4.

To further analyze the statistical properties of the flow, the unbiased autocorrelation
function R(7) between the FOM, POD—ROM, and CNM—ROM approaches is shown
in Figure 6. The unbiased autocorrelation function (Protas et al. [36], Deng et al. [37]) is
defined as follows:

1

R(r) = T—71

/T u(t —7)Tu(t)dt, Tel0,T), (12)

where T is the simulation time and T denotes the time delay, providing insights into the
temporal correlation and persistence of flow features.

Figure 6 demonstrates that the ROM approaches perform quite well in capturing the
flow statistical properties and temporal correlations. However, the CNM—ROM exhibits a
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closer match to the autocorrelation function obtained from the FOM data, indicating its
superior capability in reproducing the flow statistics.

1k |
0 2 4 6 8 10

Figure 6. Comparison of the autocorrelation function R between the FOM, POD—ROM,
and CNM—ROM. The black line represents the FOM, the red line represents the POD—ROM, and the
blue dashed line corresponds to the CNM—ROM.

When considering the first-order CNM, the direct transition probability matrix Q;; and
the direct transition times matrix Tj; can be examined to describe the dynamics patterns.
These matrices provide insights into how frequently and swiftly the system transitions
between its various states or clusters. Figure 7 visually represents these matrices in panels
(a) and (b), showcasing the direct transition probabilities (Q;;) and times (T}j) of the CNM.

Qi . Tij/ At 35
| 0 | 0
09
2 2 3
038
0.7 25
4 4
06
5 5 2
N 05 N
6 6 .
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9 9 05
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T 2 3 4 5 6 7 8 9 10 T 2 3 4 5 6 7 8 9 10
j j
(@) Qjj (b) Tj;

Figure 7. The matrices for CNM direct transition probabilities (Q;) and times (T};).

Notably, the most likely transitions align with the subsequent clusters in the sequence,
confirming the presence of a limit cycle in the system dynamics. Furthermore, by exam-
ining the transition times matrix, it is possible to estimate the dominant frequency by

the following:
1
~ ~ 14Hz. 13
fiead i+ To+...+ T 3
The versatility of the CNM—ROM approach becomes evident as it enables predictions
of system behavior under various parameter and control configurations. In Figure 8,
panel (a) illustrates the predictions for C,, while panel (b) depicts the predictions for Cx
when a = 6°. These predictions are generated by training the CNM—ROM with snapshots
from different a values, excluding « = 6°. This demonstrates the CNM—ROM’s ability to
generalize the learned dynamics to unobserved parameter settings.
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Within Figure 8, the blue and red lines correspond to « = 5° and a = 7°, respec-
tively. The black dashed lines represent the Cy and C; coefficients obtained from the FOM
simulations, and the black solid lines represent the predictions made by the CNM—ROM.
Remarkably, the CNM—ROM accurately captures the amplitude and frequency of the
force coefficients for varying a values, including the unseen & = 6°. This showcases the
robustness and generalization capability of the CNM—ROM, as it effectively predicts the
aerodynamic forces even for parameter values that were not included in its training data.

0.5 0.05

0.45
0.045 o —/ 1

0.4
5 0.35 <& 0.04
0.3
0.035 |-

0.25

0.2 L L L L 0.03
5 - .

(a) Cy prediction (b) Cy prediction

Figure 8. Prediction of the effect of @ using CNM—ROM. The blue and red lines correspond to & = 5°
and a = 7°, respectively. The black dashed lines represent the FOM simulations, while the black solid
lines represent the CNM—ROM predictions.

Opverall, the results presented in this section validate the effectiveness of the POD—ROM
and CNM—ROM approaches in accurately capturing the flow dynamics, reproducing the
flow fields, predicting force coefficients, and capturing the statistical properties of the flow.
These findings highlight the potential of reduced-order modeling techniques in enhancing
computational efficiency and enabling rapid design iterations for airfoil configurations.

4. Conclusions

This study employs two distinct methodologies for analyzing the flow field over a
NACAQ012 airfoil at a moderate Reynolds number. The first methodology, the POD—ROM,
involves truncating POD expansions for the velocity, pressure, and eddy viscosity fields to
a reduced number of modes. The second methodology, the CNM—ROM, utilizes a directed
network model, where coarse-grained states are represented as nodes. These reduced-order
modeling frameworks offer the potential to design control strategies with significantly
reduced computational demands compared to the full-order approach.

Numerical simulations for the full-order model were carried out using the OpenFOAM
finite-volume solver. The proper orthogonal decomposition reduced-order model was
implemented through the ITHACA-FV library within the OpenFOAM framework.

The comparative analysis of POD—ROM and CNM—ROM methodologies has re-
vealed the superior effectiveness of CNM—ROM in accurately capturing flow dynamics and
statistical characteristics while demanding fewer computational resources. The CNM—-ROM
approach, relying on direct transition matrices and cluster analysis, demonstrated its ability
to provide precise flow field predictions and aerodynamic forces.

Furthermore, the CNM—ROM model showcased its versatility by successfully pre-
dicting the effect of varying flow parameters, such as the angle of attack. Training the
CNM —ROM with snapshots from different angles of attack settings accurately captured the
amplitude and frequency of the lift and drag coefficients for unseen angles of attack values.
This demonstrates the robustness and generalization ability of the CNM—ROM approach.

The promising results obtained from both the POD—ROM and CNM—ROM method-
ologies underscore their potential applicability in determining optimal flow control con-
figurations within the reduced-order modeling framework. These methodologies provide
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efficient alternatives for analyzing complex flow fields and have the potential to signifi-
cantly reduce computational costs in aerodynamic design and optimization processes.
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Abstract: An adaptive particle refinement (APR) algorithm has been developed for the smoothed
particle hydrodynamics (SPH) method to augment the resolution of the region of interest to achieve
high accuracy and simultaneously reduce the cost of computational resources. It is widely applied
in the field of fluid-controlling problems involving large interface deformations, such as the two-
phase flow and fluid-structure interaction because this algorithm can capture the interface with
high accuracy. Nonetheless, existing APR algorithms widely encounter computational dispersion
issues at the interface of regions of different particle resolutions. Moreover, traditional shifting
algorithms applied in the APR processes also have difficulties in dealing with particles with different
smooth lengths. In this work, an algorithm for fast particle generation was first developed based
on the accelerated ray method, which accelerates the discretization of the flow field into particles.
Then, a dynamic refinement/coarsening algorithm based on the APR algorithm is proposed to
solve the computational dispersion problem that occurs at the refinement/coarsening interfaces.
In addition, the shifting algorithm was improved in this work to ensure the particles are always
well distributed during numerical calculations and, thus, can efficiently facilitate the adaptive
particle refinement/coarsening processes. Comparative analysis indicates that the robust algorithms
developed for the SPH method in this work can lead to more precise and reasonable flow fields
compared with the conventional SPH adaptive methods.

Keywords: smoothed particle hydrodynamics; point generation algorithm; adaptive particle refine-
ment; dynamic refinement/coarsening; shifting algorithm

1. Introduction

Numerous phenomena in hydrodynamic engineering, such as structure entry [1],
breakwater wave dissipation [2], ship navigation [3], tidal power generation [4], etc., are
usually accompanied by the large deformation of the free liquid surface and dynamic
boundaries, etc. The traditional grid-based computational fluid dynamics (CFD) method
can encounter issues like mesh entanglement and deformation when addressing these
complexities. Smoothed particle hydrodynamics (SPH), as a kind of Lagrangian meshless
method, has a natural advantage in dealing with these fluid-controlling problems by
making up for the deficiencies of the mesh methods. However, uniformly distributed
particles are conventionally used by SPH in numerical simulations. It, thus, generates a
large number of spatial particles when the computational domain is large, which takes up
a lot of the computer’s memory and consumes a lot of computational time. To overcome
this problem, two main types of adaptive techniques are proposed. The first one, normally
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referred to as the variable smooth length technique, is to set different lengths between two
neighboring particles to make the particle spacing increase smoothly from the boundary to
the core region of the computational domain [5]. It is similar to the practice of refining the
grids of the region of interest in the grid method [6]. The variable smooth length technique
can distinctly improve the accuracy of the solution. The second one is to apply dynamic
refinement and coarsening algorithms to control the resolution of the distributed particles
to achieve a high accuracy in the calculation of the computational domain [7].

Inspired by research in astrophysics, Monaghan introduced the concept of the spa-
tially varied resolution, which adjusts the smoothing length according to the number of
neighboring particles around the target particle [8]. Then, Nelson and Papaloizou proposed
applying this variable smooth length technique to improve the SPH method [9]. In partic-
ular, particle spacing is determined by the smoothing length /1, and each particle has its
adaptive smoothing length #;. By incorporating the gradient of the smoothing length in the
momentum equation, an improved SPH model with variable smoothing lengths is derived,
which is validated by solving the problem of a one-dimensional shock tube. Another
study also improved the SPH model by modifying the SPH momentum equation so that
the errors arising from the interaction of particles with different smooth lengths could be
reasonably reduced. The rational simulation results of a wedge entering the water were
achieved by utilizing this improved SPH model with particles densely arranged around
the wedge [10]. However, this SPH method can still cause strong instability in the flow
field [11]. It is brought about by the nature of the Lagrange particles in the SPH method,
which inevitably induces the movement of particles over time and, thus, causes large
gradients of smooth lengths between adjacent particles, ultimately leading to large errors in
the kernel approximation. To avoid this problem, some studies have proposed dynamically
adjusting the smooth length according to the density [12,13] or the velocity [14] of the target
particles. Qiang and Gao proposed an iterative solution to the problem of fully varied
smooth lengths to further improve the accuracy of physical interpolation calculations [15].
However, the efficiency of the simulation calculation is greatly affected by the need to
iteratively solve the smooth lengths of the particles at each step of the calculations. To
improve computational efficiency, the smooth length of the target particle was reasonably
adjusted according to the variation in the number and the average smooth length of the
neighboring particles [16], thus avoiding the time-consuming iterative solution method.

Some other scholars have utilized dynamic particle refinement and coarsening tech-
niques to enhance the adaptive SPH method. Feldman and Bonet proposed a particle
refinement technique that splits a parent particle into several child particles and assigns
the corresponding physical properties to the child particles according to the principles of
mass and energy conservation [17]. Although the dynamic particle refinement technique
allows for large gradients of smooth lengths between particles, the number of particles
increases significantly, thus decreasing the efficiency of numerical simulation as it proceeds.
Therefore, Vacondio et al. proposed an adaptive SPH method to increase the efficiency
of the numerical simulation, which dynamically distributes particles by splitting them
at the target region and merging them outside the target region [18]. Wang et al. also
proposed a general dynamic particle refinement strategy and, importantly, a new particle
refinement criterion for two-phase flow to capture the interface more precisely in fluid—
structure interaction (FSI) problems. The calculation results of the wedge entering water
showed that the proposed dynamic particle refinement strategy can achieve better accuracy
and efficiency [19]. It is notable that the essential disadvantage of the dynamic particle
refinement technique is its high cost in computational resources, as the splitting and the
merging of particles need to be performed again at the beginning of each computation step.
In addition, the merging algorithm is very inefficient, and the conditions for its application
are very demanding, making it difficult to be widely adopted. For this reason, Barcarolo
et al. avoided using the complex merging process by keeping the split parent particles in
the refinement region passively following the fluid and activating them when they left the
refinement region [20]. To deal with the instability caused by the interaction of particles
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with different smooth lengths, Chiron et al. proposed the adaptive particle refinement
(APR) technique by referring to the adaptive mesh refinement (AMR) technique from the
mesh method [7]. This method makes particles of the same smooth length interact with
each other only within its conservation area of uniform spatial resolution. Information
between two conservation areas of different spatial resolutions can be exchanged only
through the boundary of the conservation area to achieve the coupling of two different
resolution regions.

In this work, systematical investigations were carried out based on the dynamic parti-
cle refinement and coarsening technique introduced above. Firstly, this work developed an
initial point generation algorithm and then applied the accelerated ray method to quickly
discretize the particles in the two-dimensional calculation domain. This work innovatively
proposes a scheme that dynamically splits parent particles and removes child particles
according to the target region based on the adaptive SPH technique proposed by Chiron [3].
We also improved the particle shifting algorithm so that it could efficiently facilitate the
adaptive particle refinement and coarsening processes. Finally, the significantly improved
adaptive SPH algorithm was verified through two reported cases. This work not only
realizes the acceleration of the discretization of the flow field into particles through the
accelerated ray method but also solves the computational dispersion problem occurring at
the refinement/coarsening interfaces. In addition, the shifting algorithm is simultaneously
improved in this work to significantly facilitate the adaptive particle refinement/coarsening
processes.

2. Mathematical Model

In the field of computational fluid dynamics, it can be reasonably assumed that the
fluid is weakly compressible. Therefore, the incompressible flow can be simulated using
the weakly compressible Navier-Stokes equations [21], the Lagrangian form of which is
given as follows:

o @

where v, p, v, P, and r denote the kinematic viscosity, the density, the velocity, the pressure,
and the position of the investigated fluid, respectively. In addition, the Tait equation [22,23]
is often used to establish the relationship between pressure and density when solving
hydrodynamic problems, which is provided as follows:

e ((2) )
Y ©o

where p is the density of the fluid when P = 0 and ¢ is the artificial speed of sound.
is a constant that is typically set to 7 in the hydrodynamic simulations [24]. To keep the
compressibility of the fluid within 1% [25], the artificial speed of sound must be set to at
least 10 times the value of umax.

As for the SPH method, a convolution integral on the domain is used to interpolate
given physical quantities based on kernel functions. The kernel approximation (f(r)) of
the field function f(r) at a certain spatial position r can be expressed as follows [26]:

() = [ W =1 n)dv, @

where W(r — r*,h1) and h represent the kernel function and the smooth length. () is the
support domain of the kernel function, which is determined by the smooth length. Since
the SPH method discretizes the flow field into particles, each of which carries the physical
properties of the fluid, it is not technically possible to use Equation (3) with continuous in-
tegration to approximate the field function. Thus, the SPH scheme converts the continuous
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integral into a discrete summation approximation. Then, Equation (3) can be represented
by the kernel particle approximation as follows:

N
(f(r;)) = gﬂmwm —r,h)Y; @)
=

where N is the total number of particles contained in the support domain of particle 7, and
V; is the virtual volume of the particle j. The smooth kernel function used in this work is
the Wenland kernel function [27], with a ratio of 4 for the smooth length & compared to the
particle spacing dx. There are approximately 50 particles in the kernel support domain in
the two-dimensional case.

Therefore, the control equations in Equation (3) can be converted into the ones in the
form of a weakly compressible SPH as follows:

do; N .
&= _Pij; (v; —v;) - ViW(r; — rj,h)pfl(

dv; 1 N mj
&= fjgl (P; + P/*)ViW(ri — rj’h)?j +g ()
dri _ ;i

= ()

where m is the mass of the particle. The SPH scheme in antisymmetric and symmetric
forms is used for the continuity and momentum equations, respectively, to reduce the
errors arising from discontinuities and to ensure better conservation properties [28].

3. Numerical Methodology
3.1. Initial Point Generation

In the two-dimensional case, the generation of boundary points requires first param-
eterizing the physical boundary curve, which must be of first-order continuity and have
good locality to ensure the smoothness of the curve, and changes in the position of a single
point only affect the shape of the curve around the control point [29]. In addition, to com-
pletely represent the shape of the physical boundary, the spline interpolation function needs
to proceed through every node extracted on the physical boundary. Accordingly, this work
employs the Catmull-Rom cubic spline for curve parameterization, as depicted below:

S(u) = S;_1(—0.5u + u? — 0.5u%) + S;(1 — 2.5u% + 1.5u°%)
2 3 2 3 (6)
+5;41(0.5u + 2u* — 1.5u°) + S;1 o (—0.5u* + 0.5u°)

where S(u) is the point coordinate, and u is the parametric coordinate ranging from 0 to 1.

Once the parametric equations of the boundary curve are obtained, the discrete points
of the boundary curve can be obtained, and the background point system is subsequently
generated. To generate the background point system, the fluid domain needs to be deter-
mined and completely covered using the background Cartesian points. The coordinates of
the background Cartesian points are calculated as follows:

Xij = Xstart + (i = 1)Ax, (1 <i < Ny)

. . 7
Yij = Ystart + (= 1)Ay, (1 < j < Ny) @)

where Xgt4¢ and ysiart denote the coordinates of the point generated at the beginning, Ax,
and Ay represent the spacings of the background Cartesian points, and Ny and Ny are the
number of layers of the background Cartesian point in the x and y directions.

In the background point system, it is necessary to determine the spatial position
relationship between the background Cartesian points and the boundary point system. If
the background Cartesian points are in the computational domain, they are judged as valid
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points. The ray method is a commonly used judging algorithm in the two-dimensional
case [29-31]. Due to the need to perform the judging algorithm through the ray method at
least once for each background Cartesian point, when the number of background Cartesian
points and boundary nodes is large, the efficiency of determining the positions of the nodes
is very low. Therefore, to improve the efficiency of point generation, this work proposes an
accelerated ray method, which marks the fluid domain by a set of background grids and
defines the attributes of the background grids in advance. The properties of the background
Cartesian points are then quickly determined according to the properties of the background
grids where the background Cartesian points are located. Taking the boundary of a solid
existing within a flow field as an example, the corresponding steps of the accelerated ray
method are given as follows.

Firstly, the whole flow field is marked by background grids, as shown in Figure 1a.
The properties of the background grids in the flow field are defined as In-D, Out-D, and On-
B, which are abbreviations of In-domain, Out-of-domain, and On-boundary, respectively.
Secondly, the background Cartesian points are then judged according to the properties of the
background grid, as shown in Figure 1a. The properties of the background Cartesian points
are set to valid, invalid, and to-be-judged according to the properties of the background
grids of In-D, Out-D, and On-B. Finally, as shown in Figure 1b, the background Cartesian
points whose initial properties are defined as to-be-judged are judged and defined again as
valid or invalid by the ray method.

° [ B ] eoe| 000 000
Background
rid In-D On-B On-B eee¢ mEEN | mEHN ° e | 000 000
g \ eeoe | muEm ° e| o 0 o o o
lll/{ll A A A ../AA A A A
Boundary. | On-B On-B Out-D EEE/mmm|AAaA e oo/ A A a|Aaa
/ [ I ] HEEE|AAA o0 A A A |AAa
\/ .-ﬁ A AA|AAaA ..’L AAA|AAA
On-B Out-D Out-D mEE| AAAlAdna @0 A| A A A 4Aan
E N E|AAA|AAAa e 0 A| A A A A aAa

(b) ()

Figure 1. Schematic of the accelerated ray method: (a) the background grids and their properties;
(b) the initial judgment of properties of the background Cartesian points; and (c) the final judgment
of properties of the background Cartesian points. The abbreviations In-D, Out-D, and On-B represent
the In-domain, Out-of-domain, and On-boundary, respectively. The samples o, A, and B denote valid,
invalid, and to-be-judged, respectively.

3.2. SPH Adaptive Algorithm
3.2.1. Particle Refinement Algorithm

Following the initial generation of fluid particles, the refinement of particles within
the region of interest needs to be performed to achieve high accuracy. The refinement
algorithm applied in this work was improved based on the one reported by Feldman and
Bonet [13]. It splits a parent particle requiring refinement into a number of child particles
using a pre-defined square refinement pattern, as shown in Figure 2 [32]. Two parameters,
the separation ratio ¢ and the smoothing ratio ¢, are defined to determine the distance
between two child particles and the ratio of the smooth length of the child particles to that
of the parent particles, respectively. Then, the spacing Ax. and the smooth length /. of the
child particles can be calculated according to Equations (8) and (9):

Axc = eAxp (8

he = chp ©)
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where the subscripts c and p represent the child particle and the parent particle, respectively.
The ranges of both the separation ratio € and the smooth length ratio ¢ are from 0 to 1.
When ¢ and ¢ equal 0, it means that the distance between two child particles and the smooth
length of the child particles is 0. When ¢ and ¢ equal 1, it means that the distance between
the two child particles and the smooth length of the child particles are the same as those of
the parent particle.

Child Parent
particle particle
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\
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1
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H

1

i

|
®

1

i

1

1

H

H

i

i

Figure 2. Schematic of square refinement pattern. The black and the red disks represent the parent
and the child particles, respectively.

The distribution of the child particles approximates a uniform Cartesian lattice distri-
bution when ¢ = 0.5. Then, as for the child particles, the ratio of the smooth length to the
spacing can be derived as follows:

he _ th hfp

= =2 10
Ax.  05Ax,  “°Ax, (10)

This ratio determines the number of particles in the support domain. It is reported
that these two refinement parameters need to meet certain restrictive conditions to ensure
a minimized error and good stability; that is, ¢ should change from 0.6 to 0.65 when ¢ is
set as 0.5 [33]. However, this significantly increases the computational load and also runs
counter to the goals of the adaptive technique since the number of generated child particles
in the support domain is 73% to 120% more than that of the parent particles. This work
utilizes a more advanced APR technique, which directly sets two refinement parameters
as e =0.5and ¢ = 0.5 to ensure the same number of neighboring child particles before and
after refinement.

In addition to the refinement pattern, the physical properties of the child particles also
need to be determined. The physical properties of the child particle, including the mass i,
and the velocity u., are derived from the parent particle below:

me = Actip (11)

Ue = up (12)

where A, is the refinement coefficient related to the refinement pattern. It is set as 0.25 for
the square refinement pattern utilized in this work.

The refinement process should satisfy conservations of mass, energy, and momentum,
which are provided as Equations (13)-(16), according to Equations (11) and (12).

4
Conservation of mass : mp = Z Acthc (13)
c=1
1 4
Conservation of energy : Empup2 = Z Mette? (14)
c=1
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4
Conservation of linear momentum : mptp = E Mclle (15)
c=1
4
Conservation of angular momentum : rp, X mpty, = 2 re X Ml (16)
c=1

The conservation of mass, energy, and linear momentum are naturally satisfied, and
the conservation of angular momentum is automatically satisfied as for the refinement
pattern applied in this work. However, the conservation of angular momentum cannot be
satisfied for the asymmetric refinement pattern.

3.2.2. Particle Coarsening Algorithm

The efficiency of the SPH adaptive algorithm can be significantly enhanced through
the implementation of coarsening algorithms, which dynamically remove the child particles
that move out of the target region. Vacondio et al. proposed a particle coarsening algorithm
that allowed two child particles in pairs to be merged into a new parent particle [18]. The
mass of the new parent particle was the sum of the masses of the two child particles; the
position of the new parent particle was located at the center of the mass of the system
composed of the two child particles, and the velocity of the new parent particle was
obtained as the velocity at the center of mass of the system composed of the two child
particles. Although this particle coarsening algorithm can ensure all the conservation
equations above, it comes with a substantial computational cost and requires a more
intricate implementation process.

Another particle coarsening algorithm is to retain and inactivate the parent particles
after refinement so that they passively follow the flow within the refinement zone and
activate upon exiting the refinement zone [20]. Child particles are generated once the
parent particle enters the refinement zone and are removed after leaving the refinement
zone. Therefore, the statuses of particles over the whole calculation domain are divided
into two categories: activated and inactivated. A variable 7 is defined to indicate these
statuses as follows:

1, Activated
Y { 0, Inactivated (17
Introducing <y as a weighting function into the kernel particle approximation.
N m;
(f(ri)) = Y fe))W(r; — 1, ) —L; (18)
= P
N m;
(V- flr)) =Y f(r;) - ViW(r; — rj,h);%' (19)
j=1 j

In this case, both the parent and the child particles are involved in the summation of the
particles, and the field functions of the inactivated particles are also calculated. However,
an irrational state, as shown in Figure 3, may occur when the parent particles enter or leave
the refinement region [20]. When a parent particle, represented by the red disk, leaves
the refinement region with an activated status, its two child particles, represented by the
blue disks, are still kept inside the refinement region, also with an activated status. It
causes the total mass of the system to increase transiently. To ensure a smooth transition
between the two statutes of activated and inactivated, Barcarolo et al. proposed the concept
of a transition zone in which 7 varies linearly within the transition zone [20]. When a
parent particle leaves the refinement zone and crosses the transition zone, the parameter y
increases linearly from 0 to 1. In contrast, the parameter y decreases linearly from 1 to 0 as
the child particle leaves the refinement zone and crosses the transition zone.
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Figure 3. Illustration of the irrational state related to the particle coarsening procedure [20]. The black
horizontal line is the boundary between the refinement and the coarsening regions; the red and the
blue disks are the parent particles and the child particles, respectively.

Instead of using the linearly varied 1, this work proposes a new refinement-coarsening
technique, as shown in Figure 4, to effectively enhance the accuracy and efficiency of
the adaptive SPH method in a more effective way. Generally, the parent particles are
represented by red disks in the coarsening region to indicate their activated status and by a
red circle in the refinement region to indicate their inactivated status. The child particles
are represented by blue disks. When a parent particle flows across the boundary from the
coarsening region to the refinement region, as shown in Figure 4a, it is initially activated
before the boundary at the time of . Once the parent particle enters the refinement region at
the time of ¢ + At, it is inactivated and split into four regular child particles simultaneously.
The inactivated parent particles only move with the flow field and are not involved in
any calculations. When a parent particle flows across the boundary from the refinement
region to the coarsening region, as shown in Figure 4b, it is initially inactivated before the
boundary at the time of t”. Once the parent particle enters the coarsening region at the time
of t” + At, it is activated again, and the corresponding four child particles are removed from
the computational domain simultaneously. The proposed refinement-coarsening technique
can effectively avoid sudden changes in the mass of the system and shows great advantage
in fulfilling the requirements of all the aforementioned conservation equations.

t '+At

Refinement region Reflinement region

° ° ° ° ° o
e o o o o o Refinement of o o o o o o o
e o o o o o process o/ o o o o o o o
° ° ° ° ° o
L] L] L] L] L] L] A4 . - . - L] . .

° ° ° ° ° o
— L] L] L] L] L] L]
Coarsening region

—
Coarsening region

Flow direction Flow direction

(a)
Figure 4. Cont.
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Figure 4. Illustration of the proposed refinement-coarsening technique: (a) the refinement process;
(b) the coarsening process. The black vertical line is the boundary between the refinement and the

coarsening regions; the red disks and the red circles represent the activated and inactivated parent
particles, respectively; the blue disks represent the child particles.

3.2.3. APR Technology

According to the algorithm of the APR technique, particles possessing identical
smoothing lengths within a region of consistent spatial resolution can interact directly,
whereas particles with distinct smoothing lengths in two separate regions cannot directly
interact. Information exchange occurs exclusively through the guard area, which serves to
connect the two regions of varying resolutions. As shown in Figure 5, the guard area acts
as a boundary between two regions with different levels of refinement.

Guard for

Guard for
daughter particles

parent particles
B

Figure 5. Schematic of the guard area for APR. The black vertical line is the boundary between the
refinement and the coarsening regions; the red disks and the red circles represent the activated and

inactivated parent particles, respectively; the blue disks and the blue circles represent the activated
and inactivated child particles, respectively. All the solid disks are involved in SPH calculations,

while all the circles are not. The circles only passively follow the fluid.

In SPH calculations, two neighboring regions of different resolutions indirectly interact
with each other through particles in the guard area. The field function f of the particles in
the guard area is interpolated from the fluid as follows:

<f(r)>guard =

L f(r)W(r; —1;,h)

j=1

Y W(r—rjh)
j=1

(20)

where (f(r))gqq denotes the approximation of the field function f for particles in the
guard area. Interpolations are carried out at the start of each time step, and values of
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the field functions of the neighboring particles are assigned equally to the particles in
the guard area through Equation (20). As shown in Figure 5, the field functions of the
particles in the guard area are obtained via interpolations of the field functions of the
activated particles so that two guard areas with different refinement levels are generated
besides the boundary. Since only particles with the same refinement level can be calculated
interactively, computational errors induced by the gradient of smooth length are avoided.
Since the traditional shifting algorithm can only deal with the flow where the particles
are uniformly distributed, it causes erroneous displacement corrections for particles with
different smooth lengths. In this work, the shifting algorithm is improved by adjusting the
displacement correction equation as follows:
St = {fDFVC,-At, 1 ¢ guard area 1)
0, i € guard area

where V; is the concentration gradient of the particle, D is the diffusion coefficient, and
At is the time step. When the displacement correction is applied to the particles in the
guard area, the lack of a complete support domain for the protected particles leads to the
incorrect calculation of the concentration gradient of the particle. It causes the particles
in the guard area to spread into the fluid, which significantly disrupts the distribution
of the particles in the guard area and, thus, affects the calculation of the flow field in the
refinement region. Therefore, the displacement correction proposed in this work is only
applied to the particles in the non-guard area. In addition, the particles in the guard area
only passively move with the fluid and are regenerated at every time step to maintain a
uniform distribution.

4. Results and Discussion
4.1. A Viscous Flow Passing around a Rectangular Cylinder

In this section, a case study of a viscous flow passing around a rectangular cylinder,
representing a kind of blunt-headed body, is conducted to test the accuracy of the improved
adaptive SPH model in this work. The geometry in this case study involves sharp corners,
and the conventional SPH model commonly produces stretching instabilities when dealing
with flow fields near these sharp corners. Therefore, this work demonstrates the superiority
of the proposed adaptive SPH algorithm, first by figuring out the flow field of the viscous
flow passing around a rectangular cylinder. The calculation domain set in this work, as
shown in Figure 6, is consistent with the one reported in Ref. [34]. The gravity force is
ignored, and the Reynolds number Re = ud/v is set as 200. An initial flow field with
uniformly distributed particles is generated by applying the accelerated ray method. Along
with the proceeding simulation, the whole calculation domain is divided into three regions
with three particle resolutions, d/Ax = 25, d/Ax = 50, and d/Ax = 100, through the adaptive
SPH method.

I Free slip
Rectangular
8d cylinder
Inflow / Fluid Outflow
W
sa 4 IH 324
1T
17d

Free slip

40.5d

Figure 6. Schematic of the calculation domain of a viscous flow passing around a rectangular cylinder.
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Usually, there is a wide zone of negative pressure behind an object when a viscous
flow passes around the object. As shown in Figure 7a, the negative pressure induces signifi-
cant tensile instabilities [35] and unphysical cavitation behind the object [36] by applying
the conventional adaptive algorithms of the SPH method. Another problem is that the
traditionally applied shifting algorithm of the SPH method normally results in diffusions of
particles between regions with different resolutions, which blurs the boundaries between
different regions, as shown in Figure 7b.

@) (b)

Figure 7. Common problems caused by the traditionally applied SPH method are as follows: (a) ten-
sile instability and (b) diffusion of particles between regions with different resolutions.

All these problems can be effectively figured out by applying the adaptive algorithms
improved in this work, as shown in Figure 8. It displays contour plots of the pressure
and the velocity when the lift reaches the maximum value. The boundaries between
regions with different resolutions are highlighted by dashed boxes. As shown in this figure,
reasonable pressure and velocity are achieved, and they vary rationally and smoothly over
regions with different resolutions. Most importantly, no tensile instabilities or diffusions of
particles between regions with different resolutions occur.

d/Ax=25
T T R R R ) I
Uy,(M/S) | ] P(Pa)
3.0 2k 1 3000
2.5 m ] 2000
20 : . E 1000
15 Tof o 0
1.0 ik | i ~1000
15 i ! 2000
L_IPP) 25 ] -3000
_3_ L ____________________ :
1 1 1 k 1 1 1 1 1 1 1 1 1 1
T 6 1 2 3 4 -4 3 2 -1 ¢ 1 2 3 4
x/d x/d
(a) (b)

Figure 8. Simulation results of a viscous flow passing around a rectangular cylinder by applying
adaptive algorithms improved in this work: (a) the contour plot of the pressure and (b) the con-
tour plot of velocity. Dashed boxes are added to highlight the boundaries between regions with
different resolutions.

The vortex and the flow field of the viscous flow passing around a rectangular cylinder
at Re = 200 are calculated and given in Figure 9. It can be seen that after the flow field fully
developed, a periodic vortex-shedding phenomenon occurred behind the square column,
forming a Karmen vortex street. The corresponding time histories of the lift and drag
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coefficients were derived and are compared with that achieved using the Finite Volume
Method (FVM) [34], as shown in Figure 10. The satisfactory agreements of the curves
of the lift and drag coefficients in the periodic regime demonstrate that the improved
adaptive algorithms can effectively capture the transportation features in this case study.
Furthermore, Table 1 also compares the results of the mean of the drag coefficient C4.mean
and the root mean square of the lift coefficient Cj.rms calculated from this work and the
reported work in Ref. [34]. As can be seen from the table, the errors between this work and
the reported work are only 2.39% and 9.25%, corresponding to Cq.mean and Cj.rms. It proves
that the improved adaptive SPH model in this work can stably and accurately deal with
problems such as the viscous flow passing around blunt-headed bodies.

Figure 9. (a) The vortex and (b) the flow field of the viscous flow passing around a rectangular
cylinder at Re = 200.

2
25 r L5 F --- SPH
) ——FVM[34]
SEE
1
Loy --- SPH
0s | —— FVM[34]
0 : -15 : ; :
0 20 40 60 80 0 20 40 60 80

tu/d wd

@ (b)

Figure 10. Comparison of the time histories of (a) the drag coefficient Cd and (b) the lift coefficient C1
between the improved SPH method and the reported FVM.
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Table 1. Comparison of the mean of the drag coefficient, C4 mean, and the root mean square of the lift
coefficient, Cj 1, calculated from this work and the reported work in Ref. [34].

Cd.mean Cl.rms

FVM [34] 2.090 0.724
Improved SPH 2.140 0.657
Error 2.39% 9.25%

4.2. A Free Body Sinking in a Fluid

In this section, a case study of a free body sinking in a fluid with a moving refinement
domain was conducted to validate the effectiveness of the dynamic adaptive SPH method
developed in this work. As shown in Figure 11, a rectangular block with dimensions of
0.5 m in height H and 1 m in width L was submerged in a fluid-filled tank with dimensions
of 10 m in height H; and 4 m in width L;. The origin of these coordinates is located at
the centroid of the rectangular block and the center of gravity of the rectangular block
(Xco, Yeo) is located at (0.25 m, 0 m). The densities of the fluid and the rectangular block
are set as p; = 1.0 kg/m? and p}, = 2.0 kg/m?, respectively. The gravity g is 1.0 m?/s, the
initial velocity of the rectangular block is 0 m/s, and the kinematic viscosity of the fluid
v is 0.002 m?/s. In this validation case, the variations in the center of gravity and the roll
angle 6(z) of the rectangular block were analyzed.

Center of
25m| y gravity(0.25m,0m)

/

H=0.5m]| | o >

L=1m \
5
Rectangular
block

H=10m g

Fluid

RN

Tank

L=4m
Figure 11. Schematic of a free body sinking in a fluid.

A particle-independent test was carried out first based on three different particle
resolutions, L/Ax = 50, L/Ax = 100, and L/Ax = 200, which was also used to verify the
capability and assess the accuracy of the adaptive algorithm with the dynamic refinement
and coarsening of the particles. Two refinement-coarsening sets were provided, including
a refinement region with a particle resolution of L/Ax = 100 surrounded by a coarsening
region with a particle resolution of L/Ax =50, i.e., L/ Ax = 100-50 and a refinement region
with a particle resolution of L/ Ax = 200 surrounded by a coarsening region with a particle
resolution of L/Ax =100, i.e., L/ Ax = 200-100.

Figure 12 shows the evolution of the roll angle and the center of gravity with the time
fromt =0.0s to f = 5.0 s. First, the calculations converged gradually as the particle resolution
increased from L/Ax =50 to L/ Ax = 200. Second, the evolution trends obtained from the
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refinement-coarsening sets showed growing agreement with the ones achieved from the
cases of uniform particle resolutions when increasing particle resolutions. Third, the
evolution trends obtained from the refinement-coarsening set of L/Ax = 200-100 displayed
a satisfied consistency with the one achieved from the work reported in Ref. [20]. The
corresponding quantitative comparison of the roll angle 6(z) and the displacement of the
center of gravity of the rectangular block, x.o—xc, and yeo—Yc, at t = 5.0 s between L/Ax
=200-100 and the Ref. [20] is provided in Table 2. It shows that the errors of 0(z), Xco—2x,
and yco—Yc are relatively small at 4.46%, 2.44%, and 2.69%, respectively, indicating that the
adaptive algorithm developed in this work can accurately figure out the problems with
moving boundaries.

0.2
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—SPH, L/Ax=50
~06 -----SPH, L/Ax=100-50
_ —SPH, L/Ax=100
T al &% 0 - SPH, L/Ax=200-100
s —SPH, L/Ax=200
= -14 + Barcaiolo 2014, L/Ax=200
-1.8
99 . . . .
0 1 2 3 4 5
i(s)
(@)
0.4
02 F
0 —SsPH, L/Ax=50
g ----- SPH, L/Ax=100-50
% -02 | —SPH, L/Ax=100
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+ Barcaiolo 2014, L/Ax=200
~06 . . . .
0 1 2 3 4 5
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Figure 12. Evolution of selected parameters of the rectangular block sinking in a fluid: (a) the roll
angle 0(z), (b) the horizontal coordinate of the center of gravity of the rectangular block x, and (c)
the vertical coordinate of the center of gravity of the rectangular block y. [20].
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Table 2. Comparison of the roll angle and the displacement of the center of gravity of the rectangular
block at t = 5.0 s between L/Ax = 200-100 and the Ref. [20].

0(z) (rad) Xco — Xc (m) Yeo — Ye (m)
Exp. [20] —1.57 0.82 2.60
SPH, L/Ax = 200-100 —1.64 0.80 2.67
Error 4.46% 2.44% 2.69%

Figures 13 and 14 illustrate the evolution of the pressure and the velocity when the
rectangular block sinks into the fluid, respectively. Since vortexes shed from the rectangular
block as it sinks, the flow field at the upper and the lower regions of the rectangular
block varies more significantly and spreads more widely than that at the left and right
regions. Therefore, this work applies a rectangular refinement region, with the longer edge
being placed in the vertical direction in the simulation domain. As depicted in the figures,
reasonable contour plots of pressure and velocity were obtained and then distributed
rationally and smoothly in the dynamically varied refinement and coarsening regions.

P(Pa)
0 2 4 6 8 10

(a)t=00s (b) t=0.6s () t=12s

(d)t=18s (e)t=24s (f)t=30s

Figure 13. Evolution of the pressure when the rectangular block sinks in the fluid.
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Figure 14. Evolution of the velocity when the rectangular block sinks into the fluid.

In addition, conventional adaptive techniques normally induce unreasonable pressure
peaks at the junctions between the refinement and the coarsening regions [37] due to
the interaction of particles in different regions with different particle resolutions. It is
still impossible to eliminate the discontinuity and distributions of the pressure between
two different regions, even with the use of the buffer method proposed by Barcarolo
et al. [20]. However, the upgraded adaptive algorithm reestablished in this work improves
the dynamic refinement and coarsening of particles using the concept of guard areas to
avoid the interaction of particles with different smooth lengths. This novel approach
successfully eliminates pressure perturbations at the boundary of different refinement
regions, and thus, stable, and continuous pressure and velocity fields are achieved, as
shown in Figures 13 and 14.

5. Conclusions
In summary, this work systematically investigates and reestablishes the SPH adaptive

algorithm, the details of which are listed below:

(1) Anovel point generation algorithm based on the accelerated ray method is proposed,
where the boundary is parameterized using Catmull-Rom cubic splines, and back-
ground Cartesian points are composed of particles within the flow field. The new
point generation algorithm accelerates the discretization of the flow field into particles.
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(2) Animproved dynamic particle refinement/coarsening algorithm based on the APR
technique has been developed to solve the computational dispersion problem at the
boundary between regions with different particle resolutions.

(3)  The shifting algorithm was improved in this work to ensure the particles are always
well distributed during numerical calculations and, thus, efficiently facilitate the
adaptive particle refinement/coarsening processes.

Two case studies were conducted to validate the high capabilities of the reestablished
SPH adaptive algorithm to deal with the problems of viscous flows passing around blunt-
headed bodies and the flows within dynamically moving refinement regions. The compar-
ative analysis between the results obtained from this study and the literature demonstrates
that the improved robust SPH adaptive algorithm in this study offers distinct advantages in
generating a more precise flow field when compared to traditional SPH adaptive methods.
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Abstract: The rapid acquisition of flow field characterization information is crucial for closed-loop
active flow control. The proper orthogonal decomposition (POD) method is a widely used flow field
downscaling modeling method to obtain flow characteristics effectively. Based on the POD method,
a flow field reduced-order model (ROM) is constructed in this paper for the flow field control of a
hydrofoil of a blended-wing-body underwater glider (BWB-UG) with stabilized suction and blowing
forces. Compared with the computational fluid dynamics (CFD) simulation, the computational time
required to predict the target flow field using the established POD-ROM is only about 0.1 s, which is
significantly less than the CFD simulation time. The average relative error of the predicted surface
pressure is not more than 6.9%. These results confirm the accuracy and efficiency of the POD-ROM in
reconstructing flow characteristics. The timeliness problem of fast flow field prediction in BWB-UG
active flow control is solved by establishing a fast prediction model in an innovative way.

Keywords: proper orthogonal decomposition; active flow control; reduced-order model

1. Introduction

The blended-wing-body underwater glider (BWB-UG) is a new type of underwa-
ter glider with a flying wing layout. Compared with traditional underwater vehicles,
BWB-UGs have advantages such as long range, long operation time, and good economic
performance [1]. Various types of underwater gliders have been widely used in fields
such as marine resource development and environmental monitoring. The lift-drag ratio
is an important factor to measure the performance of underwater gliders. The larger the
lift-drag ratio, the greater the range under a single gliding cycle and the higher the gliding
efficiency. Therefore, increasing the lift-drag ratio is the key to improving the overall
performance of gliders. By optimizing the shape of the underwater glider, the lift-drag
ratio can be improved to some extent, but relying solely on shape optimization is limited by
flow separation and reduced internal space, which severely limits the detection capability
of underwater gliders [2].

Active flow control (AFC) technology is an important method for improving the
lift-drag performance of underwater gliders. It can be used to improve the flow field
and suppress noise by applying appropriate local perturbations to the flow environment,
coupled with the original flow field, to achieve local or global flow changes with low
energy consumption [3]. Common AFC techniques include blowing and suction [4], syn-
thetic jets [5], plasma [6], electromagnetic [7], micro-electro-mechanical systems, and smart
materials such as adaptive structures [8]. These methods are used in the design and aerody-
namic layout of aircraft to significantly improve the maneuverability and flight efficiency.
For example, constant-jet active flow control technology is widely used in aeronautical
applications such as increasing the lift-drag ratio of wind turbines, controlling the flow
separation of axial-pressure gases in aircraft engines, and improving the aerodynamic
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performance of aircraft wings [9-11]. Based on the published research results, it can be
concluded that blowing and suction, synthetic jets, and electromagnetic jets can all be used
in the AFC of the BWB-UG. Although plasma, micro-electro-mechanical systems, etc., have
not been used in the field of underwater vehicles, they can provide new ideas for further
research. Currently, research on AFC techniques is dominated by passive and open-loop
active flow control, while the investigation on closed-loop active flow control is still in
its infancy. In previous research, a detailed analysis of the flow field and hydrodynamic
characteristics of the BWB-UG equipped with steady blowing suction active flow control
has been conducted [12]. On this basis, a reduced-order model (ROM) investigation for
the hydrofoil of the BWB-UG flow control with steady-stream suction and jets based on
the POD method was carried out in this paper. The key to achieving closed-loop AFC is to
solve the problem of real-time calculation, and the establishment of a reduced-order model
of the flow field is one of the effective methods. That is, a low-order flow model is built
to simulate the original high-order model. Solving the low-order model can significantly
reduce the dimensionality of the computation, the amount of computation, and the com-
putation time [13]. As a result, rapid acquisition of flow field characteristic information is
achieved, so that the control strategy can be dynamically adjusted to achieve the optimum
control effect.

The proper orthogonal decomposition (POD) method has become one of the most
popular and widely used order reduction methods (ROMs) due to its ability to efficiently
reduce the order of a nonlinear system with very small error [14]. The POD method
provides the most optimal orthogonal basis, so that the projection of the sample data onto
these standard orthogonal basis decreases rapidly. By intercepting the first few orders of
modes with larger projections (containing higher energies), an approximate description of
higher-order data with fewer modal expansions can be achieved. That is, by extracting the
main feature information of the flow field to establish a ROM, the information in the flow
field can be reconstructed [15].

Since Lumely [16] applied the POD method to the study of turbulence, scholars have
used the POD method for flow field analysis and conducted a large number of studies.
Kidambi et al. [17] studied a nonlinear control method based on POD, which effectively
achieved the asymptotic adjustment of fluid velocity in a specified spatial domain. Wang
et al. [18] developed a low-dimensional ordinary differential model for the control of static
N-S equations based on the POD method. Min et al. [19] conducted a modal analysis
of parallel double cylinders using two data-driven methods: appropriate orthogonal
decomposition (POD) and dynamic mode decomposition (DMD). Sun et al. [20] proposed
a ROM of wind turbine blade flow fields, coupling an air—fluid reduced-order model with
wind turbine blades for fluid-solid coupling calculations, and it was shown that the ROM
has good accuracy and validity. Combining the raw data from wind tunnel experiments,
Wang et al. [21] applied POD combined with the interpolation method to predict the wind
pressure field. A nonlinear Galerkin method using POD for the low-dimensional modeling
of complex hydrodynamic systems was proposed by Kang et al. [22].

It has been shown that AFC technology has excellent potential for application in
improving the performance of underwater gliders. However, from the public research
literature, some preliminary research results have been achieved on the technical application
of open-loop AFC for BWB-UGs, there are relatively few studies on ROMs of the flow field
for closed-loop AFC, most of public papers are applied in aerospace and astronautics, and
there are very few studies applied in underwater gliders. Therefore, the investigation of
the reduced-order model for the hydrofoil of the BWB-UG flow control based on the POD
method is of great theoretical significance and application value for solving the important
problems in the closed-loop AFC of BWB-UGs.

In this paper, the hydrofoil of a BWB-UG under active flow control is investigated.
Section 2 introduces the physical model, the numerical computational model, and POD
method. Section 3 deals with the discussion and analysis of the results. In this section,
the flow field information both before and after the application of AFC is sampled, the
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ROM is calculated based on simulated data and using the POD method, then the flow field
prediction is achieved using interpolated predicted modal coefficients. After comparing
the results with the CFD simulations, conclusions are drawn in Section 4.

2. Model and Method
2.1. Physical Model

The hydrofoil model selected for this paper comes from the BWB-UG, which is a
correction of the NACA0012 standard hydrofoil as shown in Figure 1. It has a chord length
of 100 mm and a maximum thickness of 0.12 c at 0.3 ¢ from the leading edge of the hydrofoil,
which is slightly thicker near the leading and trailing edges compared to the NACA0012.
The effects of parameters such as the angle of attack of the incoming flow («), the constant
suction/jet angle (Osyction/bjer), and the velocity (Vyction/ Vier) are mainly considered in
the active control of the hydrofoil flow field. The constant suction position is located at
0.7 ¢ from the leading edge of the hydrofoil on the upper surface, with a suction opening
width h. The jet position is set at 0.5 ¢ from the leading edge of the hydrofoil on the lower
surface, with a jet opening width /. As shown in Figure 2, 1 is defined as the width of the
jet opening along the direction of the chord length with a magnitude of 0.01 c.

0.12¢ NACA0012

0.3¢ hydrofoil

=100 mm

Figure 1. Hydrofoil profile geometry model.

Figure 2. Hydrofoil flow control with steady-stream suction and jets.

2.2. Numerical Sampling Method

In this paper, the flow field in the hydrofoil of a BWB-UG is investigated based on
the two-dimensional Reynolds-averaged Navier-Stokes equations (RANS) [23], the fluid
medium is incompressible seawater, and the governing equations are as follows:
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where p is the pressure; j is the dynamic viscosity coefficient; i, 7, and w are the time-
averaged velocity components of the fluid in the x,y, z directions; and ’,v’, w’ are the
velocity fluctuations of the fluid in the x, y, z directions.

A semicircular and rectangular plane region is adopted as the computational domain,
considering hydrofoil flow characteristics with AFC. The semicircular section has a radius
of 10 ¢, with the center of the circle located at the trailing edge of the hydrofoil, and the
rectangular section is 20 ¢ x 15 c¢. The 2D structured grid has been meshed. The inlet
boundary is set to the inlet velocity, the specified velocity Vj,;,; = 0.514 m/s, and the
velocity direction is determined by the angle of attack. The jet inlet boundary is also set as a
velocity inlet, with the velocity magnitude determined by Vj; and Vsyction, and the velocity
direction is determined by 8s;,ctio, and 8je;. The outlet boundary is set as a pressure outlet,
the hydrofoil surface is a non-slip surface, and the specific computational setup and mesh
setup are shown in Figures 3 and 4. The enhanced wall treatment is used. The first grid
height of the boundary layer is 5 x 10~° m, the number of boundary layers is 15, and the
thickness of the boundary layer is 1.8 x 1073 m. The gird parameters are set to ensure that
the maximum y* = 0.96 for the hydrofoil surface.

pressure
—

suction velocity outlet

'/iulet
no slip

e 20c¢

surface

jet velocity inlet

velocity inlet

10¢ | 15¢
I 1

Figure 3. Computational domain and boundary conditions.

Figure 4. Computational domain meshing.

The SIMPLEC algorithm coupled with pressure and velocity in ANSYS FLUENT
was chosen to solve the equations for numerical calculations. The k-w SST is chosen
as the turbulence model, and the transport equations of k and w are expressed as the
following [24]:

(k) | 3(pUik
20+ A0 — Bt Dyt B (1 + o) ]

9

i 4)
3 U,
) 4 HeL) — Py + Doy + 3 [ (1 + o) 32
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where U, is the component of the flow velocity along the direction x; (i = 1,2,3); jt is the
dynamic viscous coefficient of the fluid; oy and o, are the modeling coefficients; P, and
P, are the generating terms; Dy and D,, are the dissipative terms; and y; is the turbulent
viscous coefficient.

The spatial discretization of the variables is chosen to be in the second-order upwind
format, the finite volume method is chosen as the solver, and the residual convergence
criterion is set to 10°. The specific fluid medium is set to be incompressible seawater at
20° Celsius with a density of p = 1.024 x 1073 kg/ m3, the dynamic viscosity coefficient
is set to be a constant, y = 1.0797 x 10_3kg / (msfl), and the Reynolds number based on
the hydrofoil chord length is Re_c = 5 x 10°. The calculations are performed using the
pressure solver in ANSYS FLUENT.

In order to ensure that the flow field calculations have sufficient computational accu-
racy and efficiency, grid independence validation is carried out to select the appropriate
number of meshes. Constant suction active flow control is imposed on the hydrofoil profile
by constantly adjusting the global mesh number. The incoming flow velocity is 0.514 m/s.
The suction velocity coefficient is 1. The suction deflection angle is 30°. The angle of attack
is 2°/6°/10°. The values of lift coefficients for different mesh sizes are shown in the Table 1.

Table 1. Grid independence validation.

Lift Coefficient
Mesh Number AOA =2° AOA = 6° AOA =10°
76000 0.2683 05895 0.5384
105000 0.2639 0.5886 05378
135000 0.2612 0.5861 0.5352
164000 0.2612 0.586 0.535

2.3. POD Method

The core idea of the POD method is to find the optimal standard orthogonal basis
functions in the mean-square sense from a set of time-series spatial data, based on the
specified information of the sampled flow field data, which usually come from the exper-
imental or numerical simulation results. As a result, fewer orthogonal basis expansions
are used to approximate the description of the higher-order data, ultimately enabling the
reconstruction and prediction of the flow field [25,26].

Considering the flow field characteristics of the hydrofoil, the incoming flow angle of
attack and jet parameters are taken as state parameters, and the snapshot data obtained
from the numerical simulation of the flow field are taken as sampling samples. As an
example, with the pressure field {P(x)} = {PU 1<i<M1<j<N,xe Q} under
the variation of the incoming flow angle of attack « in a certain range, where M is the
number of grid nodes, N is the number of appropriately selected samples, and € is the
flow field domain, the pressure field can be expressed as follows:

Pi(x)  Prp(x) -+ Pin(x)
(i) = | 0 RO ) ®
Pyi(x) Pap(x) -+ Pun(x)

The average of N sets of pressure field snapshot data is denoted as follows:

{ } i V1<i<M ©6)

The pulsation value of the pressure field can be expressed as follows:

{P(x)} = Pj(x) = P;(x),1<i<M1<j<N (7)
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The key to the POD method is to construct a set of optimal standard orthogonal
basis functions ¢(x) that minimize the error value between the sampled samples and the
constructed term in the least-squares sense, so that the projection of the basis functions
¢(x) onto the sampled samples achieves the maximum value,

1 N / 2
max < N,Zl‘Pij (%), p(x)]
=

(9(x), 9(x)) = lp()|> =1

®)

(@(x), ¢(x)) is the inner product and ||¢(x)||* is the norm over the domain €. ¢(x) is
a set of standard orthogonal bases of the vector set {Pijl (x) }, then

N
p(x) =) a;Py (x) )
=

The maximum problem of the above equation can be solved by defining a kernel
function and an operator between this kernel function and the desired basis, where the
kernel function W and the operator R can be defined as follows:

W(x,x') = (P (x), P (+')) (10)

Ro(x) =/QW(x,x’)q)(x’)dx' 11

Suppose the kernel function in the above is defined as follows:

1

N ¢
j

™=

W(x, X/) = P,']‘/(X)Pij/(x/) (12)

Il
—

Bring this into Equation (11) and make an inner product of ¢(x) and Re(x):

(p(x), Ro(x))
= [o Ro(x)p(x)dx
= Ja JaW(x «)e(x")dx'o(x)dx

N
= % L JaJo P/ ()P (1)p(x)dx'g(x)dx )

I
2z~
™M=z

R is a non-negative symmetric operator. From Equation (12), we can see that the
problem of finding the maximum value of Equation (8) is equivalent to the problem of
finding the maximum eigenvalue of the operator R:

Rop(x) = Ag(x), [ 9(x)]* =1 (14)
Substituting Equations (9), (11) and (12) into Equation (14), we obtain

i ﬁ <l/ b (x') P, '(x’)dx')a P (x) = ﬁ)\a‘P"'(x) (15)
=t P NJa' ¥ ik k| Fij 7]‘:1 jrij

where Pij'(x) is a set of linearly independent pressure fields, which can be simplified to
the following:
CiAl = 1A (16)
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The autocorrelation matrix is Cj = %fn Pij (x)Py/(x)dx, and the eigenvector

T
Al = [ull,ulz,~ .- ,alN} . The matrix Cjk is a non-negative Hermitian matrix, usually of

low order, so the Jacobi method or singular value decomposition (SVD) can be chosen to
solve the eigenvalues and eigenvectors of the matrix.

In this paper, the SVD method is used to solve Equation (16) to obtain the matrix
Cjx corresponding to the eigenvectors Al, whose eigenvalues are ordered from smallest to
largestas A; > Ay > --- > A; > 0, and the standard orthogonal basis function (POD basis)

can be obtained as follows:

N
oi1(x) = Y_aiPy/ (x) (17)
j=1

Any flow field in the sampled flow field can be projected onto the standard orthogonal
basis functions ¢(x) to obtain the corresponding modal coefficients b}, and the reconstructed
flow field can be expressed as the following:

N
Phop(x) = ZZ by (x) (18)
=1

With the dimensionality reduction property of the POD method, after solving for
the eigenvalues obtained, a suitable truncation order d (modal order) can be selected
for dimensionality reduction, where d << N, where the magnitude of the eigenvalue
represents its ability to capture the generalized flow field data E in the flow field:

E= /(P,-’(x),Pi’(x)>dx = /Wl-,-(x,x)dx =Y A (19)

The flow field is reconstructed by determining the order and modal coefficients cor-
responding to the modes using the POD method analysis approach. The modal coeffi-
cients are determined using an interpolated solution, and an efficient approximation to
the original data space is achieved by small-scale computations of the modal orders and
corresponding coefficients. This reduces the computational effort required for flow field
simulation. The original sampled flow field is reconstructed with a low-order POD-ROM,
and the reconstructed flow field can be expressed as the following;:

d
Phop(x) = ) blgu(x) (20)
=1

3. Discussion and Analysis of Results
3.1. Flow Field Information Sampling
3.1.1. Flow Field without AFC

Typically, a BWB-UG glides at a speed of about 1Kn(0.514 m/s) with a small angle
of attack. Therefore, in this paper, the numerical simulation is carried out for the base
flow field with the inlet velocity Vj,,; = 0.514 m/s and the angle of attack a is set to
0° ~ 12° (with an interval of 0.6°). After the calculation, the pressure distributions of the
hydrofoil surfaces under 21 operating conditions were used as sampling data to establish
the reduced-order model, as shown in Figure 5.
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Figure 5. Surface pressure distribution of hydrofoil at different angles of attack in the base state;
(@) ¢ =0°~1.8% (b) &« = 2.4°~4.2°; (¢) & = 4.8°~6.6°; (d) & = 7.2°~9.0°; (e) & = 9.6°~12.0°.

3.1.2. Constant Suction Control Flow Field

Firstly, the ROM of the constant suction AFC flow field in the hydrofoil is carried out,
and the influence of suction velocity and suction angle on the control effect of the hydrofoil
at different angles of attack is considered based on the CFD simulation. The magnitude
of velocity is expressed by the suction velocity coefficient, Ryyction = Vsuction/ Vintet, With
a range of values from 0.2 to 1.0 with an interval of 0.2. The suction deflection angle
Osuction = 30° ~ 150° at 30° intervals. The hydrofoil inlet velocity Vi, = 0.514 m/s and
the angle of attack a varied from 0° to 12° with an interval of 2°. The cross-combined
sampling method is used to calculate the flow field. When the angle of attack and suction
velocity coefficient are changed, the suction deflection angle is set to a fixed value of
Osuction = 90°, and when the angle of attack and suction deflection are changed, the suction
velocity coefficient is a fixed value of Rg;ctioy = 1.0. Each combination corresponds to
35 groups of calculation conditions, and the hydrofoil surface pressure distribution under
each condition is used as the sampling data to establish the reduced-order model of the
constant suction active flow control flow field, and the specific condition adjustment is
shown in Figure 6. With Ogyction = 90°, the surface pressure distribution of the hydrofoil at
different suction velocities and angles of attack is shown in Figure 7.

3.1.3. Constant Jet Control Flow Field

Secondly, the ROM of the constant jet AFC flow field in the hydrofoil is carried out.
The effect of jet velocity and jet angle on the control effect of the hydrofoil at different
angles of attack is considered. The magnitude of the velocity is expressed by the jet
velocity coefficient Rje; = Vjet/ Viyer, which takes values from 0.2 to 1.0 at 0.2 intervals.
The jet deflection angle 6;,; = 30° ~ 150° at 30° intervals. The hydrofoil inlet velocity is
Vintet = 0.514 m/s and the angle of attack « varied from 0° to 12° at 2° intervals. Similar
to Section 3.1.2, when the angle of attack and the jet velocity coefficient are changed, the
jet deflection angle is set to a fixed value of 8,y = 90°. Each combination corresponds
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to 35 sets of computational conditions, and the hydrofoil surface pressure distribution
is used as the sampling data for building a ROM of the jet-controlled flow field. With
Biet = 90°, surface pressure distributions of the hydrofoil at different constant jet velocities
and different angles of attack are shown in Figure 8.

Osuciion o
Rsuction a

(a) (b)

Figure 6. Hydrofoil flow field conditions with different variable combinations for suction flow
control. (a) Suction velocity coefficient + angle of attack of incoming flow; (b) Suction flow deflection
angle + incoming flow angle of attack.
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Figure 7. Surface pressure distribution of the hydrofoil at different suction velocities and angles of
attack; (a) Rgycrion = 0.2, =0 ~ 12°; (b) Rgyetion = 0.4, = 0 ~ 12°; (¢) Rgyetion = 0.6, =0 ~ 12°;
(d) Rsuction = 0.8, = 0 ~12°; () Ryyction = 1, =0 ~ 12°.
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Figure 8. Surface pressure distribution of the hydrofoil at different constant jet velocities and different
angles of attack; (a) Rj; = 0.2,a =0 ~ 12°%;(b) Rjot = 04,0 =0 ~ 12%; (c) Rjoy = 0.6,a =0 ~ 12°%;
(d) Rjey = 0.8, =0 ~ 12% (€) Rjpp = L,a = 0 ~ 12°.

3.2. Reconstruction of Flow Field Based on the POD Method

Based on the POD method, the modes are classified according to the difference in
generalized energy levels based on the distribution characteristics of the eigenvalues of the
flow field in the hydrofoil, and the order with a generalized energy share greater than 99%
is taken as the truncation order d. The generated hydrofoil flow field data are subjected
to the POD method, and the fundamental mode of the flow field and the corresponding
eigenvalues can be obtained. The ratio of the sum of the eigenvalues corresponding to the
first d-order fundamental modes to the sum of all eigenvalues is defined as the generalized
energy share of the first d-order fundamental modes, which features characterize the
amount of flow field information contained in the first d-order dominating modes. Mean
relative error (MRE) is used as a measure of the accuracy of the reconstructed flow field
data, and the MRE of the hydrofoil surface pressure field can be expressed as the following:

1 M
ML

where M is the number of mesh nodes, PIS"(;)D denotes the pressure value at the m-th grid
node obtained from the reconstruction, and Pén;l)) denotes the pressure value at the m-th

grid node based on the CFD numerical simulation.

Phop ~ PCrp
P

x 100%) 1)

3.2.1. Flow Field without AFC

Based on the hydrofoil surface pressure data from the flow field without AFC, the
incident angle of attack « is varied from 0° ~ 12° at 0.6° intervals, forming a sample size
of N = 21, and the number of hydrofoil surface mesh nodes in each set of conditions
is M = 728. The pressure distribution data at the mesh nodes on the surface of the
21 hydrofoils are selected as snapshot data, and the "pulsation amount” is used as a sample
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to construct an M x N sample matrix. The eigenvalues and eigenvectors of this matrix are
solved, and the distribution of the eigenvalues is shown in Figure 9. The magnitude of the
captured generalized energy is given in Table 2, where the generalized energy equal to 99%
corresponds to the truncation order d = 3. Therefore, the truncation order 3 is used as the
modal order for the ROM of the pressure distribution on the hydrofoil surface.

x10°

0 ®ec0000000000000000

0 5 10 15 20 25
snapshots

Figure 9. Distribution of eigenvalues of the base flow field.

Table 2. Comparison of the generalized energy captured cumulatively by the main eigenvalues of
the base flow field.

Ordinal Eigenvalue Cumulative Captured Energy

(%)
1 7.99 x 100 77.82
2 2.08 x 10° 98.09
3 1.40 x 10° 99.45

On this basis, the d-order POD basis is solved for the basal flow field in the hydrofoil
after downscaling.

3
Phase(¥) = ) aiPy (x) (22)
j=1

where tx§ is the coefficient obtained by solving for the autocorrelation matrix.

Based on the POD method, the corresponding modal coefficients b} can be obtained
by projecting any flow field in the sampled flow field onto the POD method to realize the
reconstruction of the flow field.

N
PII’OD(x) = IZ b]]'(/)baSE(x) (23)
=1

Comparing the hydrofoil surface pressure distribution obtained from the POD step-
down reconstruction with the CFD calculation data, it can be seen that the data are very
similar, as shown in Figure 10. Comparing the average relative error under each working
condition, it can be seen that when the hydrofoil is in the state of a small angle of attack
« < 4.2°, the average relative error ep is smaller, less than 2%; it increases and shows a
fluctuating change as « increases, and the maximum value is still less than 5%, as shown
in Figure 11. The reason for this is that at high angles of attack, the separation zone near
the trailing edge of the upper hydrofoil surface increases significantly, which changes the
generalized energy distribution of the flow modes of the flow field and affects the surface
pressure distribution, forming a localized low-pressure zone in the region of the trailing
edge, with a significant change in the pressure gradient on the upper surface.
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Figure 10. Comparison of hydrofoil surface pressure under base flow field; (a) « = 6°; (b) & = 12°.
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Figure 11. Variation in the mean relative error of hydrofoil surface pressure at different incoming
flow angles of attack.

3.2.2. Constant Suction Control Flow Field

For the constant suction AFC field, the suction deflection angle and suction velocity
are cross-combined with the angle of attack of the incoming flow, respectively, to establish
a ROM of the AFC field. The hydrofoil surface pressure distribution is used with the
sampling data with the number of grid nodes being M = 719. The suction deflection
angle is Ogyction = 30° ~ 150° at 30° intervals, the angle of attack a is 0° ~ 12° at 2°
intervals, and the suction velocity coefficient Rgctipn, = 1.0 to form N = 35 sets of sampling
conditions. The amount of pressure pulsation on the hydrofoil surface under each condition
is used as the snapshot data to form a sampling matrix of M x N. The eigenvalues and
eigenvectors of this matrix are solved, and the distribution of the eigenvalues is shown in
Figure 12. The magnitude of the captured energy is given in Table 3, where the energy equal
to 99% corresponds to the truncation order d = 11. Therefore, d = 11 is used as the modal
order for the ROM of the surface pressure distribution in the steady-state suction-controlled
hydrofoil flow field.
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Figure 12. Distribution of the eigenvalues of the control flow field at different suction bias angles.
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Table 3. Cumulative energy captured by the main eigenvalues of the flow field at different suction
angle controls.

Ordinal Eigenvalue Cumulative Captured Energy

(%)
1 1.73 x 107 70.73
2 6.09 x 10° 95.58
3 4.76 x 10° 97.52
11 8.84 x 102 99.99

Comparing the POD method with the CFD-calculated flow field data, it can be seen
that the hydrofoil surface pressure distribution data are very similar in both cases, as shown
in Figure 13. The average relative error p of the hydrofoil surface pressure is less than 2%
in most of the operating conditions, as shown in Figure 14.
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Figure 13. Comparisons of surface pressures of hydrofoil with different suction deflection angles at an
angle of attack of 12°. (a) & = 12°, Ogyction = 30°; (b) & = 12°, Ogyction = 90°; (€) & = 12°, Ogyction = 150°.
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Figure 14. Variation in the mean relative error of surface pressure of suction-controlled hydrofoil at
different angles of attack.

Subsequently, the suction deflection angle 6,,tio,, = 90°, the suction velocity coefficient
Rsuction = 0.2 to 1.0 at 0.2 intervals, and the angle of attack « = 0° to 12° at 2° intervals
were investigated to form N = 35 sets of sampling conditions. The distribution of the
eigenvalues is shown in Figure 15. The magnitude of the captur ed energy is given in
Table 4. Using the same approach, d = 10 can be obtained as the modal order for the
ROM of the surface pressure distribution in the steady-state suction-controlled hydrofoil
flow field.
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Figure 15. Distribution of the eigenvalues at different suction bias angles.

Table 4. Cumulative energy captured by the main eigenvalues of the flow field at different suction
velocity coefficient controls.

Cumulative Captured Energy

Ordinal Eigenvalue (%)
1 1.69 x 107 71.26
2 5.43 x 10° 94.19
3 7.25 x 10° 97.52
11 1.20 x 10° 99.99

Similarly, when the flow field reconstructed by the POD method is compared with
the flow field data calculated by CFD, it can be seen that the data of the hydrofoil surface
pressure distribution are very similar in both cases, as shown in Figure 16. The average
relative error ep of the hydrofoil surface pressure is less than 1% for most of the working
conditions, as shown in Figure 17.
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Figure 16. Comparison of surface pressures of hydrofoil with different suction deflection angles at
12° angle of attack. (a) & = 12°, Rgyction = 0.2; (b) & = 12°, Rgyction = 0.6; (¢) & = 12°, Rgyction = 1.0.
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Figure 17. Variation in the mean relative error of surface pressure of suction-controlled hydrofoil at
different suction velocity coefficients.

3.2.3. Constant Jet Control Flow Field

For the constant jet control flow field, the effects of the jet deflection angle and jet
velocity coefficient on the control flow field are also analyzed. Using the same method, the
truncation order d is determined based on the energy fraction of the flow field as well as
the modes, which are 16 and 12, respectively, and the resulting eigenvalue distributions are
shown in Figure 18. Comparing the POD downscaled reconstructed flow field with the
CFD-calculated flow field data, it can be seen that the hydrofoil surface pressure distribution
data are very similar in both cases, and the average relative error ep of the hydrofoil surface
pressure is less than 1% for most of the working conditions, as shown in Figures 19 and 20.
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Figure 18. Distribution of eigenvalues of jet control flow field; (a) impact of jet deflection; (b) impact
of jet velocity coefficients.
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Figure 19. Comparison of surface pressure and error distribution of hydrofoil with different jet
deflection angle control flow field. (a) & = 12°, fjer = 30%; (b) a = 12°, Ojer = 90°; (c) = 12°, B} = 150°;
(d) change in average relative error.
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Figure 20. Comparison of surface pressure and error distribution of hydrofoil with different jet
velocity coefficients to control the flow field. (a) a = 12°, Riet = 0.2; (b) & = 12°, Rjet = 0.6; (c) a = 12°,

Rijet = 1.0; (d) change in average relative error.

3.3. POD-ROM Flow Field Prediction

Based on the established POD-ROM, combined with the interpolated predictive modal
coefficients, the predictive analysis of the flow field under any unknown state parameters is
carried out and the results are compared with those of the CFD simulations. The working
condition parameters, computation time, and error analysis are shown in Table 5, which
shows that the average relative error of the hydrofoil surface pressure under the positional
conditions predicted by the model is up to 6.9%, and its computation time is only in the
order of 0.1 s, which is much smaller than that of the CFD simulation. The current errors
are sufficient for engineering applications. The wall pressure distributions under different
working conditions are shown in Figure 21. The results predicted by the ROM are close
to the CFD simulation results, which can capture the main features of the flow field and
verify the accuracy of the POD-ROM for predicting the flow field.

Table 5. Setting and error analysis of predicted flow field conditions.

Computational Time(s)

Predicted Working Conditions Working Condition Parameters ep
POD CFD
Flow field without AFC x=75° 0.1 675 1.78
a=3°0=75°
Ratio = 1.0 0.1 1516 427
Suction-controlled flow field o= 3;' Rz;t(;g =05 0.1 1770 342
a=3°0=75°
) . Ratio = 1.0, 01 75 6:90
Blowing controlled flow field « =3°, Ratio = 0.5 o1 s L5
6 =90° ’ ’
200 200
100 £ 100
’ 0
0 y
5 -100
100§ 200
; 60fpppee®®®® -
200§, 20 300
300 d 0.038 0.04 0.042 400 0.082 0.084 o
0 0.05 0.1 0 0.05 0.1
(a) (b) (c)

Figure 21. Cont.
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Figure 21. Comparison of pressure distribution in flow field predicted by POD-ROM. (a) Flow field
without AFC a = 7.5°; (b) suction control o = 3°, 8 = 75°, Ratio = 1.0; (c) suction control a = 3°,
Ratio = 0.5, 0 = 90°; (d) jet control & = 3°, 8 = 75°, Ratio = 1.0; (e) jet control a = 3°, Ratio = 0.5, 0 = 90°.

4. Conclusions

In this paper, based on the POD method, the ROM for the hydrofoil of the BWB-UG
flow control with steady-stream suction and jets is investigated. The innovative POD
method is used to solve the challenge of rapid flow field prediction in BWB-UG closed-
loop active flow control. The established reduced-order model can effectively solve the
timeliness problem of flow field calculation in closed-loop AFC, while the error of the
model is sufficient to meet the needs of engineering applications. The main conclusions are
as follows:

1. APOD-ROM prediction for the hydrofoil of the BWB-UG flow control with steady
suction and blowing is successfully developed.

2. Compared to the CFD simulation, the computational time required to predict the
target flow field using the established POD-ROM is only about 0.1 s, which is much less
than the CFD simulation time.

3. The average relative error in predicting the surface pressure of the target using the
established POD-ROM is less than 6.9% compared to CFD simulations. The established
prediction model is valid.

The most difficult problem of closed-loop AFC is the timeliness of the flow field
calculation, i.e., how to give relatively correct results in the shortest possible time. Therefore,
in this paper, the investigation is carried out for a single variable. In future research, in-
depth studies can be carried out for the reduced-order modeling containing multi-factors
and high-dimensional data. The focus is on the nonlinear and strongly coupled relationship
between multiple factors. This will provide more accurate guidance for closed-loop active
flow control.
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Abstract: In order to solve the problem of unstable fluid supply pressure and serious impact caused
by the complicated and changeable working condition of a fully mechanized mining face in coal
mines and the sluggish response of the fluid supply system to the fluid demand for the hydraulic
support, a control method based on online updating generalized regression neural network (GRNN)
was proposed. Firstly, the simulated hydraulic support test platform and co-simulation model were
built. Secondly, The optimal flow dataset of steady-pressure fluid supply under different working
conditions is calculated by simulation. Furthermore, the GRNN prediction model was established
by using dataset and online updating learning technology to predict the optimal fluid supply flow
according to environmental parameters. Finally, the optimal flow control method of online updating
GRNN was established, and numerical research and experimental verification were also carried out
in different working conditions. The results indicated that the proposed control method could track
the working conditions of the working face in real time and adjusted the fluid supply flow of the
emulsion pump station adaptively, which effectively alleviated the pressure fluctuation and pressure
shock, and the system pressure was more stable, meeting the demand of steady-pressure fluid supply
on the working face.

Keywords: GRNN neural network; steady-pressure fluid supply; optional flow control; online update

1. Introduction

The construction of intelligent mines in China is developing at a high speed. In
order to meet the accelerating mining speed of the working face, higher requirements are
put forward for the reliability and stability of intelligent mining of the fully mechanized
working face [1,2]. As the power source of hydraulic support in a fully mechanized mining
face, the emulsion pump station directly affects the working efficiency and stability of
hydraulic support, which is the key equipment to ensure the safety and high efficiency of
coal mine production [3,4]. Due to the coupling relationship between the operating speed,
action type, working resistance, fluid supply flow and system pressure of the hydraulic
support system [5], the pressure-transient characteristics of the hydraulic support system
are obvious. Meanwhile, with the increase in working resistance of the hydraulic support at
large mining height and the increase in working face length, the problem of poor stability of
fluid supply pressure becomes more obvious. Therefore, how to improve the stability of the
fluid supply system as much as possible under different working conditions of hydraulic
support is an important and complicated problem to be solved urgently in the fluid supply
control of an emulsion pump station.

Improving the stability of the fluid supply system is the key to safe and efficient
production of coal face. At present, scholars mainly strive to maintain the stable pressure
of the system through two aspects: one is to optimize the structure of the hydraulic
system to reduce the pressure fluctuation, and the other is to improve the fluid supply
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quality of the emulsion pump station by the intelligent control algorithm. Among them,
there were many studies on optimizing the structure of hydraulic systems by scholars:
the system pressure was stabilized by optimizing the accumulator parameters and the
accumulator configuration scheme [6,7]; the transient dynamic characteristics of pipelines
were improved by optimization of pipeline size parameters [8,9]; the layout of the emulsion
pump station and pipeline layout were improved to reduce pressure loss [10,11]; the
unloading valve was reasonably utilized to recover pressure to ensure the stability of the
emulsion pumping station [12]. and other methods. However, optimizing the structure of
the hydraulic system can reduce the pressure loss and pressure shock, but it can only play
an auxiliary role in the problem of pressure stability in the system with long-distance fluid
supply and strong time-varying load.

In order to make the operation of the equipment on the working surface more stable,
the key to ensure the pressure stability of the hydraulic system is to adopt the appropriate
intelligent control method to improve the fluid supply quality of the emulsion pump
station. Tian et al. [13] studied the application of PLC variable frequency speed regulation
and constant pressure technology in the mine emulsion pump. The experimental results
showed that the design of the variable frequency—constant voltage control system based
on PLC could effectively save energy consumption. T. Qiao et al. [14] applied the fuzzy
control and PID control method to the variable frequency and constant pressure control
system of a mine emulsion pump station, and obtained good dynamic performance. Tan
et al. [15] trained field data based on Elman neural network, combined with movement
time and pressure setting, and carried out pressure predictive control on an emulsion
pump station. Wang and Li [16] optimized the variable frequency driving mode and
adopted the control mode of combining frequency converter with combined switch to
realize constant-pressure fluid supply in coal mining face. By predicting the traction speed
of the shearer, the power demand of hydraulic support is predicted, and then the intelligent
adjustment of pressure and flow of the shearer station is realized by using a mixed particle
swarm optimization algorithm. Li [17] synthesized the parameters such as mining machine
position, pillar pressure, advance stroke, etc., and constructed the feature vector. Combined
with the attention mechanism, the problem of long-term time prediction of fluid supply
demand was solved, and the remote intelligent fluid supply control strategy of the pumping
station was put forward. Ma [18] proposed a new concept of overlapping time, and solved
the pressure pulsation problem of the constant-flow parallel mechanical displacement
micropump from the perspective of control theory by realizing an RBF neural network
combining unsupervised learning with supervised learning. Umrao and Chaturvedi [19]
put forward a load frequency fuzzy control method, and the results showed that the control
method had good robustness to the system control of nonlinear and complex mathematical
models and avoided a large number of rules. It could be seen that the intelligent algorithm
had a good application prospect in the field of pressure control of the pumping station.
Tian et al. [20,21] predicted the running speed of the shearer, calculated the power demand
of the hydraulic support based on the speed of the shearer, and then controlled the power
of the emulsion pump station and optimized the flow output of the emulsion pump station.
Si et al. [22] proposed an immune particle swarm optimization fuzzy neural network PID
algorithm to realize the pressure stabilization control of the fluid supply system of a fully
mechanized mining face. The simulation results showed that the load interference had
little influence on the controller, and its convergence was rapid, its robustness was greatly
improved, and it had good anti-disturbance and disturbance compensation ability.

In the above research, different degrees of success have been achieved in realizing the
smooth fluid supply of the hydraulic support system. However, in view of the time-varying
actual working conditions of underground working face, due to the low accuracy and speed
of the existing frequency conversion control, the emulsion pump station cannot provide
accurate flow in time when the working conditions change, which causes the fluctuation
in fluid supply pressure and flow and affects the control accuracy of hydraulic support in
working face. Therefore, the research on intelligent control of the emulsion pump is not
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suitable for actual production without considering the variable operating conditions, and
there are few reports on this kind of related research.

In this paper, a control method based on online updating generalized regression neural
network (GRNN) is proposed for the actual working conditions of coal face. The method
tracks the state of the system in real time through online updating learning technology and
adaptively adjusts the steady-pressure fluid supply flow. Firstly, the experimental platform
and co-simulation model of the simulated hydraulic support are built, and the consistency
and effectiveness of the experimental platform and simulation model are verified. Secondly,
the concept of optimal steady-pressure fluid supply flow rate is put forward by analyzing
the field-measured data of working face and the process of steady-pressure fluid supply,
and the optimal flow datasets of steady-pressure fluid supply under different working
conditions are obtained by simulation. Then, the GRNN prediction model is established by
using datasets and online updating learning technology. Finally, an optimal flow control
method for updating GRNN online is established through cyclic online correction, and
numerical and experimental studies are carried out under different working conditions
by using the optimal pressure regulator flow control method to verify the effectiveness of
the method.

2. Establishment of a Simulation Platform and Its Verification
2.1. Experiment System

In order to obtain experimental data to validate the simulation model, a hydraulic
support system experimental platform was built. The experimental platform included
three parts: emulsion pump station system, hydraulic support system, and control system.
The experimental equipment and principle are shown in Figures 1 and 2, respectively. The
emulsion pumping station consists of one emulsion tank and two emulsion pumps, each
of which is driven by a frequency converter and equipped with unloading valves and
accumulators. The hydraulic support system adopts three sets of cylinders to simulate
the hydraulic support, the simulated support cylinder and the loading cylinder interact to
realize the loading, of which two sets simulate the column cylinder and one group simulates
the pushing cylinders. The pressure sensors and flow sensors were installed at the pump
outlet, and displacement sensors and pressure sensors were installed in front of the cylinder
for feedback. The hardware of the control system mainly consists of an industrial computer
(ADVANTECH, Taiwan, China), PC (Lenovo, Shanghai, China), PCI data acquisition card
(Art-Control, Beijing, China), and PLC controller (Siemens AG, Munich, Germany), and the
software uses a Simulink/Real-time control system (MATLAB 2022b) and writes the control
program of the voltage regulator fluid supply in Labview. In addition, a filter module is
added to the control program to filter the signal collected by the sensor. The details of the
experimental equipment are shown in Table 1.

Table 1. Parameters of the experimental platform.

Name Parameter Value Units
Emulsion Density 998 kg/m3
Emulsion pump Flow 200/80 L/min
Energy accumulator Capacity 20 L
. . amount 3 /
Loading cylinder Cylinder/rod diameter 160/105 mm
. amount 2 /
Column cylinder Cylinder/rod diameter 110/80 mm
. . amount 1 /
Pushing cylinder Cylinder/rod diameter 110/80 mm
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Figure 2. Diagram of the experimental platform.

2.2. Establishment and Verification of the Simulation Platform

The AMESim-Simulink co-simulation model is established according to the built
experimental platform, and the parameters of each device are set according to the ac-
tual experimental equipment parameters to ensure the authenticity and reliability of the
calculation. The co-simulation model is shown in Figure 3.

In order to avoid the interference of redundant factors, the following simplification and
assumptions are made in the establishment of the simulation model: (1) the bulk modulus
and absolute viscosity of the emulsion are constant. (2) The emulsion is an incompressible
fluid, and its density is independent of temperature. (3) Do not consider the leakage of
each component in the system. (4) Ignore the influence of the electromechanical conversion
device on system characteristics. (5) Cavitation is not considered.

Based on the established hydraulic system simulation model, the accuracy of the
simulation model is verified by comparing the simulation results with the test results under
the rated fluid supply condition. Start emulsion pumps (3) and (4) before the operating test.
The speed of the converter is adjusted, and the two emulsion pumps operate at the fluid
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supply flow of 200 L/min and 80 L/min, respectively. When the emulsion pump runs stably,
the rated fluid supply flow of the pumping station is 280 L/min. The system pressure data
of the simulated hydraulic support were collected when the hydraulic support performed
no action with leakage, and the actions of descending, pulling, raising, and pushing were
performed. The comparison of experiment and simulation results under rated fluid supply
conditions is shown in Figure 4.

Pump station

M|

Figure 3. Co-simulation model of steady-pressure fluid supply.
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Figure 4. Comparison of system pressure between simulation and experimental results.

As shown in Figure 4, the overall change trend of system pressure measured by
experiment is in good agreement with the simulation results under rated fluid supply
conditions. It is divided into five stages, which are hydraulic support in no action leakage
stage, descending, pulling, raising, and pushing actions. In the pulling stage, the system
pressure fluctuates frequently in the operating pressure range of the unloading valve
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because the fluid supply flow is greater than the fluid demand of the system. On the
contrary, due to the large demand for fluid in the system, the fluid supply is insufficient in
the raising and pushing stage. The minimum system pressure drops to 8.9 MPa, and the
maximum pressure fluctuation is 22.6 MPa. The maximum relative error and the average
relative error between the simulation results and the experimental results are 16.70% and
3.73%, respectively, and the experimental results have good consistency with the simulation
results, which verifies the validity of the simulation model of the hydraulic support system.

2.3. Establishment of Optimal Flow Datasets under Different Operating Conditions
2.3.1. Steady-Pressure Fluid Supply Process

Nowadays, many underground hydraulic support systems in coal mines are rated
fluid supply, and the system pressure range is maintained through the unloading valve
in the pump station. The stability of the system pressure is an important measure of the
quality of fluid supply from the emulsion pumping station, while the fluid supply flow rate
also determines the hydraulic support operating speed and the degree of system pressure
stability. Figure 5 illustrates the measured data of hydraulic support system pressure in a
mine, and the rated flow rate of the emulsion pump station is 400 L/min.
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Figure 5. Curve of measured pressure data.

As can be seen from the system pressure data in Figure 5, because the different
operating modes of the hydraulic support actuator (descending, pulling, raising, and
pushing actions) have great differences in the demand for fluid supply flow, and the loads
are strongly time-dependent, this results in corresponding sudden changes in system
pressure. According to the classification of different amounts of fluid consumption of the
hydraulic support in the working face, the operation of the working face hydraulic support
is divided into three typical working conditions, and there are different degrees of pressure
fluctuations in each working condition:

Operating Condition 1: When the hydraulic support is inoperative and there is only a
small amount of system leakage, the leaking fluid is supplemented by the accumulator, and
the pumping station does not supply fluid to the system. At this stage, the system pressure
fluctuates regularly within the pressure limit of the unloading valve. Under this condition,
the demand for system fluid is very small, and excessive output flow of the pumping
station will lead to low system efficiency and increase the amount of system pressure
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fluctuation. Operating Condition 2: When the amount of fluid used by the hydraulic
support to perform the action is less than the amount supplied by the pumping station, the
system pressure continues to fluctuate frequently within the pressure limit of the unloading
valve, resulting in system instability. At the same time, due to the frequent action of the
unloading valve, the pump station output flow cannot fully enter the system and act on
the actuator, but directly into the fuel tank through the unloading valve, which affects the
movement speed of the support. Operating Condition 3: When the amount of fluid used by
the hydraulic support to perform the action is greater than the amount of fluid supplied by
the pump station, the system pressure is greatly reduced until it rises after the operation of
the hydraulic support is completed, which may cause the cylinder pressure of the column
to fail to reach the ideal initial support force, and the hydraulic support moves slowly due
to the low system pressure in the whole process.

For this reason, a steady-pressure fluid supply method adapted to the flow require-
ments of different working conditions of the hydraulic support was proposed. Reasonable
fluid supply flow was output through the emulsion pump station to ensure that the system
pressure remained relatively stable within a high-level range. The ideal steady-pressure
fluid supply process pressure curve is shown in Figure 6. The process is divided into four
stages: the system slowly leaks when the pump station is not replenished (stage a), the
system slowly leaks when the pump station is quickly replenished (stage b), the support
action during the accumulator supply (stage c), the support action during the pump station
supply (stage d). Through this pressure process curve, analyzing the support system of the
ideal steady-pressure fluid supply of the four phases of the hydraulic characteristics of the
theoretical analysis is specified as follows.

Stage of System leakage Stage of

Support action

Time
Figure 6. Pressure curve of steady-pressure fluid supply process.

(a) Stage of pump station not replenishing when the system is leaking slowly

In this stage, the hydraulic support does not perform any action, and the system
slowly leaks fluid, because the system pressure is higher than the unloading valve loading
pressure pj, the pumping station is in the unloading state, the pumping station does not
replenish the fluid to the system, and the leaking fluid is replenished by the accumulator,
which leads to a slow reduction of the system pressure from the unloading valve unloading
pressure py, to p;. The duration of this stage:

W%

Ta Qout (1)
where T} is the duration of stage a; V}, is the volume of the accumulator when the system
pressure is py; Vi is the volume of the accumulator when the system pressure is pj. Qout is
the leakage volume of the system.
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The relationship of accumulator pressure and volume:
px'(ve - Vx) = pe'Ve (2)

where pe is the rated pressure of the accumulator; Ve is the rated volume of the accumu-
lator; py is the current pressure of the accumulator; and V is the current volume of the
accumulator.

(b) Stage of pumping station rapid replenishment when the system is leaking slowly

In this stage, the hydraulic support does not perform any action, the system leaks
slowly, because the system pressure is higher than p;, the pumping station is in the loading
state, the pumping station replenishes the fluid to the system quickly. Due to the short
duration of this stage, the leakage of the system can be ignored, the output flow of the
pumping station is regarded as all the fluid charging to the accumulator, and the system
pressure is rising rapidly from p; to py,. The duration of this stage is:

W0
Qp

where Q) is the flow rate of fluid supplied from the pumping station.

(c) Stage of accumulator fluid supply during the hydraulic support operation

In this stage, the hydraulic support began to act, due to the system pressure being
higher than p), the pumping station is in the unloading state, the pumping station did not
supply fluid to the system, the hydraulic support action power source for the accumulator,
the accumulator output pressure fluid to push the hydraulic support hydraulic cylinder,
resulting in a rapid decline in system pressure to pj, at this time the hydraulic support
hydraulic cylinder to the initial speed v; into the pumping station supplying the fluid stage.

Qe — Qout
0 y™ 4)

where Qe is the flow rate of fluid supply to the accumulator, Qoyt is the fluid leakage of the
system; Ajy is the action area of the hydraulic support feeding cylinder.

(d) Stage of pumping station fluid supply during hydraulic support operation

At the beginning of this stage, the hydraulic cylinder of the hydraulic support moves
at the initial speed vy, the system pressure is the loading pressure of the unloading valve
p1, and the pump station enters the loading state to supply fluid to the system. Ideal
steady-pressure fluid supply situation system pressure rises uniformly, when the hydraulic
cylinder completes the current action at the same time, the system pressure rises to py.
Hydraulic cylinder force to meet the formula:

Ty 3)

pAin = Fq + 0vAout + ma )

where p is the real-time pressure, Aj, and Agy are the area of the hydraulic cylinder inlet
and outlet chambers, respectively, Fq is the load on the hydraulic cylinder, 6 is the resistance
coefficient of the hydraulic cylinder in relation to the speed of action, m is the mass of the
hydraulic cylinder, and a is the acceleration of the hydraulic cylinder action. The hydraulic
cylinder action stroke is:

1
AS =Ty + EaT32 (6)

According to the principle of volume balance within the hydraulic system, the emul-
sion pumping station supply flow rate is the sum of the flow rate required for the action of
the hydraulic cylinder of the hydraulic support, the flow rate required for the charging of the
accumulator, and the leakage flow rate of the system, which satisfies the following formula:

QpTq = ALAj + QoutTa+Vh—V1 7)
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According to Formulas (1)~(7), when the rated capacity of the accumulator and the
amount of fluid leakage in the system are constant, the flow rate of the ideal steady-pressure
fluid supply changes with the action area, action stroke, and load size of the hydraulic
cylinder in the execution of the hydraulic support.

2.3.2. The Concept of Optimal Flow Rate

As mentioned before, in the existing research [23], the control strategy of the output
flow rate of the pumping station is based on the optimal flow rate of the current actuator
action, which is always a fixed and stable flow rate of the current actuator action, ignoring
the influence of the actuator resistance and load. However, the downhole working condi-
tions are complex and variable, the actuator resistance and load have strong time-varying
characteristics, and the coupling of each factor with the fluid supply flow has a great
influence on the system pressure. Therefore, under different working conditions, a fixed
supply flow rate will limit the movement speed of the hydraulic cylinder and cause the
system pressure to fluctuate.

In order to achieve the highest operating efficiency of the emulsion pump under
partload conditions, the flow output control can be further relaxed so that a higher set
of flow outputs can be used. In order to achieve the optimum flow output control of the
emulsion pump, the objective function is defined as:

pset = Max(Q) (8)

The optimized constraint equation is expressed as Equation (9), which is used to
maintain an acceptable system pressure.

P < pser < Py ©)

where P; and Pj, are the lower and upper limits of system pressure, which are 28 MPa and
31.5 MPa (unloading valve operating pressure), respectively.

Since the system pressure will be increased by increasing the emulsion pump flow
output, the above optimization problem can be simplified to find the maximum flow output
value Qs, at which the system pressure can be kept high to allow the actuator to achieve a
faster speed of operation. Therefore, under different operating conditions, there will be a
corresponding value of Qset.

On the other hand, higher flow output values also lead to higher system pressure.
When the system pressure value reaches the regulated unloading pressure of the unloading
valve, the unloading valve opens, leading to unloading of the pumping station, and
ultimately there are fluctuations in the system pressure due to the oversupply of fluid,
which reduces the quality of the fluid supply. Therefore, in order to maintain acceptable
system pressures, the fluid supply flow should be limited to the range of the best control
method to be developed. In the current development, the lower limit of the system pressure
Py is set to 28 MPa, which is the closing pressure setting value of the unloading valve. The
upper limit of the system pressure, Py, is set to 31.5 MPa, which is the opening pressure
setting of the unloading valve.

Therefore, when the system pressure is higher than 28 MPa, the higher system pressure
accelerates the actuator’s movement [24] and ensures a faster movement speed maintained
by the actuator. In the process of determining the Qs+ value, when the matched pressure
value p reaches 31.5 MPa, the control method adjusts Qs+ downwards to avoid unloading
the unloading valve until p is in the range of 28-31.5 MPa.

2.3.3. Optimal Flow Dataset under Different Working Conditions

A simulation model is built to simulate a hydraulic support; the purpose is to establish
an emulsion pump output flow dataset and set the Qs dataset under different working
conditions by artificially controlling the flow rate of the fluid supply, so as to realize the
effect of the steady-pressure fluid supply as described in Section 2.3.1. Under specific
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working conditions, the inlet and outlet areas of different hydraulic cylinders represent
different types of hydraulic support movements, and the rest of the data are obtained
through experimental records. The accuracy of the sensors and sampling intervals may
cause some errors in some of the data, but these errors are acceptable for the accuracy
requirements of the flow prediction of the steady-pressure fluid supply.

The actual value of the system pressure p is limited to between 28 MPa and 31.5 MPa.
The required system pressure value is adjusted according to the difference between the
actual system pressure value p and the set ps, thus adjusting the output flow rate of the
emulsion pump to cope with the actual system pressure. The emulsion pump regulates the
required system pressure with a fixed output flow rate and supplies fluid to the actuator
at this system pressure. Thereafter, the output flow rate from the experiment can be used
as the desired Qst, which can then be specified as the optimum output flow rate Qs of
the emulsion pump for that particular operating condition, with the goal of maximizing
system pressure and minimizing system pressure fluctuations.

Using the simulation model of the analogue hydraulic support, obtain the dataset of
emulsion pump output flow rate for different working conditions set up as represented
by the four actions of the hydraulic support including descending, pulling, raising, and
pushing actions, which contains 300 sets of data on the hydraulic support action type,
action stroke, hydraulic cylinder load, and pipeline length.

3. Establishment of a GRNN Model for Predicting the Optimal Dataset of Flow Rates

This section attempts to present a new approach aimed at providing stabilization
of emulsion pressure. The GRNN artificial neural network modelling approach has the
advantages of simple network architecture, fast convergence, and excellent prediction
results when the sample data are small and unstable, and has been widely used in the
fields of heat load prediction [25], hydraulic control [26], time series prediction [27], and
trajectory tracking control [28]. Its specific modelling approach is extensively described in
the open literature [29]. It is suitable for the problem of prediction of unstable data under
such complex operating conditions as underground hydraulic support systems.

According to the optimal flow rate requirements introduced in the previous section,
the optimal flow output dataset of the hydraulic support system under different working
conditions was determined by simulation, and based on the relationship between the
inputs of the obtained dataset and the corresponding outputs, a GRNN prediction model
connecting the optimal flow output value with four environmental parameters, namely the
type of action of the hydraulic support, the stroke of the action, the length of the pipeline,
and the load of the actuator, was established.

3.1. Input and Output Parameters of the GRNN Model

Previous studies [15,22] have shown that when the actuator action resistance coeffi-
cient, system leakage, and unloading valve set pressure are certain, the type of actuator
action and action stroke, the length of the pipeline, and the actuator load are the main
factors influencing the flow rate of the fluid supply, so these four parameters are specified
as inputs to the GRNN model. At the same time, the optimal emulsion pump flow rate is
specified as the only output parameter of the GRNN model. The flow rate when the system
pressure profile is the steady-pressure fluid supply profile shown in Figure 6 is collected as
the optimal steady-pressure fluid supply flow rate output.

In order to be closer to the actual working conditions in the borehole, the size of the
pushing cylinder is selected according to the ZY9200/25/50D shielded hydraulic support
configuration cylinder. The action stroke range of descending, pulling, raising, and pushing
actions is determined according to the actual working conditions of top removal, and
the load range of the actuator is calculated by the size of the pushing cylinder and the
allowable range of system pressure. The optimal flow combination design scheme is shown
in Figure 7.
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Figure 7. Combined design scheme of optimal flow.

3.2. Training and Testing of GRNN Models

The total number of available data is 300 groups, and the random division method is
adopted. Considering the working characteristics of the hydraulic support, the main action
is divided into four actions: descending, pulling, raising, and pushing, and the four actions
have a large difference in the amount of fluid, so the experiments in this section randomly
adopt 70% of the data in each action data as the training data, and the remaining 30% of
the data as the test data, respectively. At the same time, the data underwent normalization
processing before modelling to eliminate the effect of different magnitudes of data on the
model error. The Min-Max normalization processing was used with a mapping range of
[0, 1], and the transformation function is as follows:

X = X — Xmin (10)
Xmax — Xmin
where x* represents the normalized data, x4y is the maximum value of the sample data,
and Xx,,,, is the minimum value of the sample data.

3.2.1. Training of the GRNN Model

A GRNN neural network for predicting the optimal flow output was constructed.
There are four layers in the GRNN model, an input layer, a pattern layer, a summation layer,
and an output layer [30,31]. The model structure is shown in Figure 8. The input layer
consists of four simple neurons, which pass the four input parameters of hydraulic bracket
action type N, hydraulic cylinder action stroke AS, pipe length L, and actuator load Fq
directly to the pattern layer, which contains 210 neurons, where each neuron corresponds
to a different training sample, and the transfer function of the neurons in this layer is a
Gaussian function [32,33]:

—|ID: |I?
<pi:exp<!c;> i=1,2,...,n (11)

where @; is the network output of each neuron in the pattern layer, the weight function
of the layer is ||Dj||* = (x — x;)T (x — x7), x is the input vector, x; is the ith training sample
corresponding to the ith neuron, o is the smoothing factor. When o is too large, the model
will be insensitive to the changes in the details of the input data and will not learn enough,
which may reduce its adaptability to new data. When o is too small, the model will be too
sensitive to the changes in the input data, resulting in overfitting, which may reduce the
stability of the network.

In the summation layer, two neurons are used to perform the summation operation,
a simple arithmetic summation neuron and a weighted summation neuron. Finally, the
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output layer outputs the predicted value, consisting of one neuron representing the optimal
emulsion pump flow output:

£ viexp (—[Di)*/20%)
y=— ; (12)
£ exp(— [0yl /20%)

Input Layer Pattern Layer Summation Layer Output Layer
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Figure 8. The structure of the GRNN model for predicting the optimal Qp.
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From Equation (12), when the GRNN model is developed using the training dataset
and its structure and weights are determined, the smoothing factor o has an important
impact on the performance of the GRNN model, so in order to obtain the optimal prediction
results and to avoid over-smoothing of the data due to too large a value of o or over-fitting
of the data due to too small a value of o, the parameter smoothing factor obtained by
the cross-validation method [23] is used as parameter values, the optimal value of o was
determined based on the expected error percentage EEP [25], the optimal o value was
determined to be 0.06 according to Equation (13), and the minimum EEP value was 1.82%.

1 (9 —yy)?/210
EEP — ](‘Z |Y) x 100% 13)

where ¥, is the ith predicted flow output value, y; is the flow output value in the ith dataset,
and ymax is the maximum flow output value in the 210 sets of training data.

A GRNN model has been developed which can be used to predict the optimum
regulated supply flow rate to be set for the emulsion pump under different operating
conditions. In Figure 9, the predicted data using the GRNN model are compared with the
training data. It can be seen that after training and fitting, the final average relative error of
the training set flow rate values was obtained to be 0.94%, and the R? value reached 0.9989
when training the GRNN model.
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Figure 9. Comparisons between the predicted data and the training data.
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3.2.2. Testing of GRNN Model

To test the learning ability of the model, the trained GRNN model was tested using
the test set. Figure 10 compares the predicted supply flow values with the test supply flow
values. The results show that after training and fitting, the average relative error of the
final test set flow values is 1.02%, the R? value during the model testing reaches 0.9985,
and the correlation coefficient R reaches 0.99894. Therefore, the established GRNN model
can be used to predict the optimal set of fluid supply flow of the hydraulic bracket system,
which can satisfy the demand of steady-pressure fluid supply with high accuracy.
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Figure 10. Comparisons between the predicted data with the testing data.

3.3. Online Updating of GRNN Model

Because of the complex and changeable working conditions of hydraulic support,
it is difficult for an offline algorithm to predict new working conditions, so an online
updating prediction algorithm is needed to identify the model fitting in real time to ensure
continuous learning to adapt to the new working conditions. The flowchart of the online
updating control approach can be summarized as shown in Figure 11.

GRNN prediction model
: ] T Initialize | |
Data  |—» Preprocessing Eg:’vlvn;ff G A
------------------------------------------------------------ . It ——
Upsale — PSO MSE Output Oser Control result
o optumizing

3
1 | Actual pressure
value p

Target pressure
value pe

Online updating model Hydraulic system
Figure 11. The flowchart of the online updating control approach.

The smoothing parameter o of the GRNN model is updated based on the PSO op-
timization algorithm, and the prediction accuracy of the GRNN model is improved by
adjusting o reasonably. The MSE of the collected mean square error between the system
pressure and the ideal pressure for steady-pressure fluid supply within 0.5 s before and
after the end of the hydraulic support action is selected to comprehensively evaluate the
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performance of the current GRNN, and the training dataset is constantly updated. The
MSE calculation formula is as follows:

MSE = ST, [p(6) — pas (1) (14)

where N is the data length, p is the current pressure value, and ps,; is the target pressure
value of steady-pressure fluid supply.

Taking MSE as the input of the PSO optimization problem, the fitness function of PSO
is calculated, and the smoothing parameters in each time step are continuously calculated
by PSO. Find the individual extreme value oy; = (0pi1,0bi2,.. Obim,) and the optimal position
of population history opp, = (0pb1,0pb2,.., Opbm,), and the optimal smoothing parameter is
obtained. Wherein, the speed and position updating formulas are, respectively:

k+1 k k k k k
Vign ) = uViSn) +tan (Ub(in)z - Ul(m>> +carp (Ur()bzn - Uz<m>> (15)
T =)+ Vi 16)

where k is the number of iterations, V;,,*) is the mth dimension component of the velocity
vector of the ith particle in the kth iteration, m = 1,2, ..., M, u are inertia weights, c; and c;
are acceleration weights, and r; and r, are random numbers in the interval (0,1).

w0 — Uax — k(”max - umin) 17)

itermax
where: intery,,;, is the maximum number of iterations.

4. A Numerical Study on the Development of Steady-Pressure Fluid Supply Method
and Its Numerical Implementation

In the numerical research introduced in this section, the GRNN model is used to predict
the optimal steady-pressure fluid supply flow rate, the GRNN model and AMESim /Simulink
co-simulation model of the hydraulic support system are established, and the optimal
control method of steady-pressure fluid supply is realized numerically. The self-adaptive
steady-pressure fluid supply control simulation is carried out for single-cycle constant
load and variable load conditions, respectively. In addition, the online updating of steady-
pressure fluid supply control simulation of the unexpected working condition of system
leakage, and the pressure fluctuation of the system, is obtained.

4.1. Single-Cycle Constant Load Steady-Pressure Fluid Supply Control

The action process of single-cycle hydraulic support with constant load is as follows: after
the system is stabilized for 5 s, four actions of descending, pulling, raising, and pushing are
executed in sequence, with a waiting time of 0.5 s before each action, and the load is constant.
Under different working conditions of hydraulic support, the constant fluid supply flow
will cause the system pressure to decrease in a large range or fluctuate frequently due to
the imbalance between supply and demand of flow. As a contrast, the rated fluid supply
mode and the steady-pressure fluid supply mode are taken as the research objects. In the
simulation model, the rated fluid supply flow rate of 280 L /min and the optimal steady-
pressure fluid supply flow rate mentioned above are used to supply fluid to the system,
respectively. The pressure curves of the system are shown in Figures 12 and 13.

As can be seen from Figure 12, in the traditional rated fluid supply scheme, when the
hydraulic support carries out the action of descending and pulling, the system pressure
continues to fluctuate frequently within the pressure limit of the unloading valve due to
the amount of fluid supplied by the pumping station being larger than that required by
the actuator; when the hydraulic support carries out the action of raising and pushing, the
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system pressure decreases greatly due to the fluid supplied by the pumping station being
smaller than that required by the actuator until it rises after the completion of the action.
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Figure 12. Pressure fluctuation curve of rated fluid supply scheme.

Pressure
— Flow 71000

800

N

600

400

Pressure(MPa)
— o

Flow(L/min)

200

-

|descending sl:;ge| §|];1111ing s‘ta‘ge| |ﬁsing stf;ge| |ushing stage| T
T T T T T T T T

1
0123 456 7 8 91011121314151617181920
Time (s)

0

Figure 13. Pressure curve of steady-pressure fluid supply scheme.

As can be seen from Figure 13, the established method of steady-pressure fluid supply
can significantly improve the hydraulic system pressure condition, effectively reduce the
number of pressure fluctuations during the action of descending and pulling action as well
as the amplitude of pressure fluctuations during the action of raising and pushing, and
slow down the loss of hydraulic components caused by pressure fluctuations. At the same
time, the system pressure is maintained at a higher level, which improves the movement
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speed of hydraulic support and reduces the cycle time of overall action from 9.61 s to 8.86 s,
saving 7.8% of time.

4.2. Online Updating of Steady-Pressure Fluid Supply Control for Variable Load Conditions

The actual working condition of underground working face is very complicated, the
load force on the actuator cannot be constant, the operation process of the hydraulic support
follower will be affected by the load characteristics, and different loads have a large impact
on the system pressure and fluid supply efficiency. It is difficult to adapt to the real-time
demand of the working surface by only considering the constant load condition for fluid
supply; therefore, for the variable load condition, the online update of the steady-pressure
fluid supply control is proposed. When the load force on the actuator changes, the emulsion
pump output flow dataset is adjusted online, so that the next moment of the fluid supply
flow more closely matches the working conditions.

In the simulation, varying loads are applied in the operation stages of the simulated
column raising and descending action stages, and the load signals are shown in Figure 14.
Under the variable load conditions as shown in Figure 14, GRNN neural network trained of-
fline and GRNN neural network updated o online were used to control the steady-pressure
fluid supply, and the pressure curves of the simulated column raising and descending
action were collected, as shown in Figure 15. As can be seen from Figure 15: When the
offline trained GRNN neural network is used for the steady-pressure fluid supply control,
due to the sudden increase in load at 5.2 s and 6.3 s, the output flow of the emulsion pump
station cannot adapt to the changing working conditions in time. As a result, the system
pressure reaches the unloading pressure before the cylinder reaches the target stroke at
5.5 s and 6.7 s. At this time, the unloading valve is in the unloading state, and the output
flow of the emulsion pump station cannot enter the system, so the flow control of the pump
station is invalid. In contrast, when using the GRNN neural network of online updating
o for steady-pressure fluid supply control, in the stage of a sudden increase in load, due
to excessive fluid supply flow, the system pressure change rate suddenly changes, and
the cylinder moving speed changes, especially in the process of raising and descending
action, but because the output flow is constantly updated to adapt to the load force, the
system pressure does not fluctuate greatly. And the actuator completes the raising and
descending action smoothly. The results show that the pressure change of the system is
more stable when the GRNN neural network is updated and trained online, and it has
good adaptability.

120

Loading

descending stage\-fq. '
|  [awmeos)

=]
<

Loading (kN)
(=)
=}
T

40

20

Time (s)

Figure 14. Load signals of the raising and descending stage.
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Figure 15. Online updating steady-pressure fluid supply pressure curve.

4.3. Online Updating of Steady-Pressure Fluid Supply Control

Because the downhole hydraulic support system is a high-pressure, large-flow, and
long-distance fluid supply system, system leakage is often encountered in practical engi-
neering. Under this working condition, due to system leakage, the output flow calculated
by GRNN neural network trained offline in advance will be less than the steady-pressure
fluid supply flow, which cannot meet the fluid demand of the actuator. Therefore, by online
updating steady-pressure fluid supply flow control, the system pressure of the hydraulic
support during each movement (descending, pulling, raising, and pushing) will be different
from the target pressure of the steady-pressure fluid supply, and the dataset of fluid supply
flow will be continuously adjusted to update the steady-pressure fluid supply flow trained
under this working condition until the difference between the system pressure and the
target pressure is controlled within the allowable range.

In order to simulate the system leakage condition above, a throttle port with an
opening diameter of 3 mm is designed in the pipeline in the simulation model, the steady-
pressure fluid supply control is carried out by online updating training, the system pressure
is compared with the ideal target pressure of steady-pressure fluid supply at the end of
each hydraulic support action, and the training dataset and the smoothing parameter o are
updated. The fluid supply flow during each operation cycle under five different working
conditions was randomly recorded and compared with the optimal steady-pressure fluid
supply flow under corresponding working conditions. The error is shown in Figure 16.
It can be seen that when the system leaks, the error between the output flow calculated
by the GRNN neural network trained offline in advance and the optimal steady-pressure
fluid supply flow reaches a maximum of 14.8%. However, due to the online updating of
0, the error between the output flow and the optimal steady-pressure fluid supply flow
decreases continuously with the adjustment of the fluid supply flow during each operation
cycle until the fifth online updating control. The error is all controlled below 3.7%, which
meets the requirements of pressure control of hydraulic support.

The changes in the system pressure curves under the online updating control for
several times are shown in Figure 17. From the figure, it can be seen that during the first
hydraulic support cycle action, the system pressure cannot rise stably due to the system
leakage. At the moment of the end of the action, the difference between the system pressure
and the unloading pressure is large, resulting in a sudden increase in the system pressure
after the reversing valve action, causing a system pressure shock. With each online update
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control to adjust the amount of fluid supply, during each hydraulic support action, the
system pressure rise tends to stabilize until the fifth online updating control; at the end
of the hydraulic support action, the system pressure shock basically disappeared. This
shows that the online updating GRNN neural network has good adaptability under sudden
changes in working conditions.
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Figure 16. Fluid supply error of online updating.
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Figure 17. Pressure curve for multiple online updating.

5. Experiment

In order to further verify the executability of the control method, an experimental
study was carried out through the constructed experimental platform. Since the total flow
rate of the two emulsion pumps in the experimental platform is up to 280 L/min, this paper
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only studies the two action processes of descending and pulling, which use less fluid. The
adjusting pressure of the proportional relief valve at the outlet of the loading pump is set
to 20 MPa, which can achieve the loading force loading of the actuator. The flow output of
the emulsion pumping station is controlled by the online updating steady-pressure fluid
supply flow of the GRNN neural network, and after several online updates, the system
pressure curve during the hydraulic support action is measured by the pressure sensor, as
shown in Figure 18.
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Figure 18. Pressure curve of steady-pressure fluid supply experiment.

It can be seen from the pressure curve that the trend of the system pressure curve and
the ideal steady-pressure control curve is the same during the operation of the hydraulic
support, which verifies the consistency of the simulation and experiment results. There is
no obvious pressure shock in the whole process, and there is only a small range of pressure
fluctuation during each action, so the pressure stability of the system is good, which is
beneficial to improve the smooth operation of the hydraulic support system.

6. Conclusions

In this paper, on the basis of analyzing the process of steady-pressure fluid supply
in the hydraulic support system of the comprehensive mining face, the optimal steady-
pressure fluid supply flow prediction model based on the online updating GRNN neural
network is proposed for the optimal tracking control of the fluid supply flow output of the
emulsion pumping station, and simulation and experimental validation are carried out.
The following conclusions can be drawn:

(1) The GRNN model established based on the theory of optimal flow rate for steady-
pressure fluid supply and the dataset evaluated by the simulation platform for simulating
hydraulic support system has good prediction accuracy, and different operating parameters
can be set according to different working conditions.

(2) The optimal control method of steady-pressure fluid supply flow developed based
on online updating of the GRNN model can realize good control of hydraulic support
system pressure. Under regular actuator load change conditions and special conditions
such as system leakage, the PSO optimization algorithm can be updated online in real
time to identify the model fitting in real time, ensuring continuous learning to adapt
to new working condition characteristics, so as to maintain stable system pressure and
improve the efficiency of following the machine to move the frame, which is of good
practical performance.
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Abstract: Foam mixers are classified as low-pressure and high-pressure types. Low-pressure mixers
rely on agitator rotation, facing cleaning challenges and complex designs. High-pressure mixers
are simple and require no cleaning but struggle with uneven mixing for high-viscosity substances.
Traditionally, increasing the working pressure resolved this, but material quality limits it at higher
pressures. To address the issues faced by high-pressure mixers when handling high-viscosity materials
and to further improve the mixing performance of the mixer, this study focuses on a polyimide high-
pressure mixer, identifying four design variables: impingement angle, inlet and outlet diameters, and
impingement pressure. Using a Full Factorial Design of Experiments (DOE), the study investigates
the impacts of these variables on mixing unevenness. Sample points were generated using Optimal
Latin Hypercube Sampling—OLH. Combining the Sparrow Search Algorithm (SSA), Convolutional
Neural Network (CNN), and Long Short-Term Memory Network (LSTM), the SSA-CNN-LSTM
model was constructed for predictive analysis. The Whale Optimization Algorithm (WOA) optimized
the model, to find an optimal design variable combination. The Computational Fluid Dynamics (CFD)
simulation results indicate a 70% reduction in mixing unevenness through algorithmic optimization,
significantly improving the mixer’s performance.

Keywords: DOE; foam polyimide high-pressure mixer; foam mixers; mixing unevenness optimization;
SSA-CNN-LSTM; WOA

1. Introduction

Polyimide foam is considered one of the most versatile high-performance materials of
the new century, with excellent mechanical properties, dielectric properties, organic solvent
resistance, high-temperature resistance, and radiation resistance. Due to these exceptional
properties, its demand is increasing in fields such as engineering materials processing,
microelectronics, aerospace, and the military [1]. Currently, polyimide foaming machines
are adapted from polyurethane foaming machines, leading to discrepancies between the
two materials. In actual production, the uneven mixing of raw materials can result in
the poor quality of the final molded products, low yield rates, and an inability to meet
market demands. To improve the material’s evenness, the most important component
mixer should be sufficiently considered and designed.

The mixer is the core component of the polyimide foaming machine, and its perfor-
mance directly affects the quality of the foam. To address the issue of uneven mixing in
the mixer, in addition to altering the operating parameters of the mixing head during the
mixing process [2], research on the optimization of the mixing head structure has demon-
strated that parameters such as the impingement angle, inlet diameter, outlet diameter,
and pressure all influence the mixing effect of the mixer [3,4]. Yuan Xiaohui et al. [5] used
the software “Ansys” (ANSYS 2022r1) to analyze the flow field of materials in the mixer’s
foaming machine, focusing on the unfolded flow channel. The shear stress was then deter-
mined based on the velocity field, revealing that circulation in the cross-sectional direction
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promotes the thorough mixing of materials in the foaming machine. Trautmann et al. [6]
conducted experimental research on the impingement angle and found that it influences
the mixing effect of the mixing head. Guo et al. [7] analyzed the mixing mechanism of
the foaming machine, confirming that high-pressure impingement mixing is superior to
low-pressure mixing. They also analyzed factors affecting the mixing effect, such as the
impingement pressure and feed diameter. Schneider [8] and Bayer [9] designed a feed
port with an asymmetric structure, where the fluid inlet is designed as a high-pressure
nozzle. Their research suggested that high-pressure mixing achieves a more uniform blend
compared to low-pressure mixing. Murphy et al. [10] conducted a detailed study of the
factors affecting rapid liquid-liquid mixing in impingement stream mixers, providing a
theoretical basis for the optimization design of mixers. Van Horn et al. [11] designed flow
channels in a Venturi shape, utilizing a reduction in diameter to increase the flow velocity
of the two fluid streams.

There are various optimization methods for fluid machinery, including traditional
verification methods and intelligent optimization techniques [12,13]. The former relies
on extensive data and experience, while the latter employs approximate models such as
the response surface method, kriging models, and artificial neural networks, utilizing
intelligent algorithms like genetic algorithms and particle swarm optimization for the
optimization process. Luo et al. [14] established a predictive model of centrifugal pump
parameters using a backpropagation (BP) neural network and then sought the optimum
value using genetic algorithms. After optimization, the impeller efficiency increased by
1.4%. Jiang et al. [15] utilized the orthogonal experimental method to analyze the impact
of design parameters on mixing efficiency, and then applied the GA-BP-GA methodology
for the structural optimization of the mixer. Following optimization, the mixing index
decreased by 52%. Li et al. [16] employed the response surface method to create a regres-
sion predictive model for supersonic nozzles, and using genetic algorithms, determined
the optimal structural parameters for the nozzle. Compared to traditional optimization
methods, the approach that combines approximate models with intelligent algorithms for
fluid machinery optimization can effectively enhance the efficiency of the optimization
process and reduce the time cycle.

In summary, to address the issue of uneven mixing in polyimide mixers handling
high-viscosity liquids, we focused on the impact of the mixing head’s structure on its
performance. Both domestic and international studies primarily employ fluid simulation
techniques to visualize flow fields, optimizing structures and operational parameters
based on the mixer’s performance [17-19]. Building on the existing high-pressure foam
equipment of a particular company, we assessed the impact of each structural component
on mixing unevenness using full factorial DOE and factor analysis. Samples were extracted
through OLH, and predictive models of mixing unevenness were established using the
SSA-CNN-LSTM. Subsequently, the WOA was used to optimize structural parameters,
aiming to enhance the mixing efficiency and structure of the mixing head.

2. CFD Simulation of Three-Phase Fluid Flow in a Polyimide Mixer

A high-pressure polyimide mixer is essential for producing polyimide foams. The
research, development, and design of such equipment often rely on empirical formulas,
leading to high uncertainty and lengthy development cycles. In some experiments, tech-
niques like Planar Laser-Induced Fluorescence (PLIF) and Particle Image Velocimetry (PIV)
visualize fluid concentration and velocity within the flow field [20,21]. For mixers syn-
thesized from reactants, methods such as Transmission Electron Microscopy (TEM) and
wavelength dispersive X-ray fluorescence spectroscopy accurately characterize nanoparticle
composition and size distribution [22,23]. However, experimental research methodologies
require significant time and resources. This chapter will treat the mixer as a black box,
using CFD simulation techniques to visually investigate the polyimide high-pressure mixer.
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2.1. Mixed Head Structure Analysis

High-pressure mixers are essential for mixing polyimide materials, making the study
of fluid flow characteristics within these mixers important. This research involves a simu-
lated study of a high-pressure mixer (Figure 1) used in a polyimide foam production line.
During operation, material flows into the mixer through the inlet and circulates back to
the feed pipe via the return duct. When the pressure reaches the set value, the material
enters the mixing chamber. Materials A and B mix and are ejected through the outlet into
the mold.

Return duct

—

Mixing
chamber

Outlet

Figure 1. High-pressure mixer.

In the high-pressure mixer, materials A and B are fed into the mixing chamber through
two separate inlets at a high speed and pressure by metering pumps, achieving high-speed
collision mixing. The geometric model of the polyimide high-pressure mixer was created
using 3D drawing software (Solidworks 2021) to explore the impact of the mixing head’s
structural parameters and optimize its structure. The model was used for the fluid analysis
of the high-speed collision mixing process of liquids A and B. The structure of the mixing
chamber is shown in Figure 2. Materials A and B enter the chamber through inlets A and
B. Inside, they collide and mix at high speed at a specific impingement angle determined
by the two inlets. The shape of the fluid collision area is complex and irregular due to the
high-speed, angled collision, generating intense turbulence and vortices. Rapid changes
in the fluid velocity and direction after the collision result in highly irregular, nonlinear
flow paths. Additionally, the significant velocity gradient within the collision area causes
uneven material distribution and pronounced shear interactions between the fluids. These
factors collectively contribute to the complexity and unpredictability of fluid flow within
the mixing zone. After mixing, the materials exit the chamber through the outlet. The
inlet diameters for components A and B are 8 mm, the outlet diameter is 35 mm, and the
impingement angle is 180 degrees.
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Figure 2. High-pressure-mixer three-dimensional model.

2.2. Mathematical Model

This section introduces the conservation laws of energy, mass, and momentum that
fluid follows in a mixer. Based on the Navier-Stokes equation theory, a mathematical
model is established. The mass and energy conservation equations are described, clarifying
parameters like fluid density, velocity components, and temperature. The turbulence
model, proposed by Launder and Spalding, is explained, detailing the relationship between
turbulence energy, dissipation rate, and viscosity. The multiphase flow model is discussed,
employing the Volume of Fluid (VOF) model to handle gas-liquid-liquid three-phase flow,
introducing the continuity equations for each phase and the momentum conservation
equation. These theories and equations provide a foundation for numerical simulations
and analyses.

2.2.1. Reynolds Time-Averaged Control Equation

When fluid flows within a mixer, it adheres to the laws of conservation of energy,
mass, and momentum. The mathematical model is established based on the theory of the
Navier-Stokes control equations. The specific expression of these equations is as follows.

Mass conservation equation:
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In the equation: p—fluid density, with units in Kg/m?; u, v, w—velocity components
in the X, y, z directions, respectively, in m/s.
Energy conservation equation:
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In the equation: C,—specific heat capacity, with units in KJ/ (kg x °C); T—temperature,
in units K; k—fluid heat transfer coefficient; and St—viscous dissipation term.

Apw) | puw) | dpow) | Apww)

ot ox dy Jz
T dw 4 Ju
_ p | d@udi+Adiov) | alu(F+E)] | Oln(G +5)]
=pfz - 2t "oz + w T

y

153



Actuators 2024, 13, 303
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In Equation (4), u, v, w—velocity components in the X, y, z directions, respectively,
in m/s; p—fluid density, in kg/ m?3; P—static pressure, in Pa; and p—molecular viscosity,
in Pa-s.

2.2.2. Turbulence Model

The standard model, proposed by Launder and Spalding, is a predominant tool in
engineering flow field computations due to its broad applicability, cost-effectiveness, and ac-
curacy. It is recognized as the simplest model producing effective computational outcomes,
especially in simulating a single-phase fluid flow within stirred tanks. Consequently, this
turbulence model is chosen to address turbulence in mixers. In this model, the relationship
among turbulence energy k, the rate of turbulence dissipation ¢, and the turbulent viscosity

W is represented as follows:
2

k
b= 0Cuc Q

The turbulence kinetic energy k equation is:
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The equation for the turbulence energy dissipation rate is:
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The production term of the turbulent kinetic energy k due to the mean velocity is
calculated by the following expression:
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2.2.3. Multiphase Flow Model

Extensive numerical simulations have demonstrated [24-28] that the VOF model
exhibits an excellent performance in managing both steady-state and transient gas-liquid

interfaces. This study examines a gas-liquid-liquid three-phase flow, employing the VOF
multiphase flow model. The continuity equations for each phase are as follows:

day .
Pa gy I+ V(u"‘qpq) =Su; + Z (mpq Mpg) )
r=1

In these equation, p and q denote different phases; p, is the density of phase g; t
represents time; « is the volume fraction; U is the velocity at any point in the flow field;

S(Xq indicates the source phase; and I;lpq and I;lqp are the mass transfer rates between the
two phases.
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In the VOF model, all phases share a single velocity field. The momentum conservation
equation is given by:

9 - —— - T —
3¢ + Ve(pUl) = VP + Ve[u(VU+U" )] +pg + F (10)

2.3. Numerical Solving Method

The standard k-¢ model is used to solve the flow within the mixer. The inlets for
materials A and B both use pressure inlet boundary conditions, with the pressure at
the inlets set to the impingement pressure. The inner walls of the mixer are treated as
stationary walls. Gravity is also considered, with its direction being perpendicular to the
outlet plane. The pressure—velocity coupling method utilizes the SIMPLE algorithm, with
pressure discretization using PRESTO! All other discretization schemes adopt a second-
order upwind scheme, with under-relaxation factors set to default values and variable
residuals all set to 107°. Additionally, the VOF multiphase flow model is incorporated.
According to actual working conditions, fluids A and B are selected as working substances.
Fluid A has a density of 1.17 g/cm?® and a viscosity of 0.16 Pa-s; fluid B has a density of
1.25 g/cm® and a viscosity of 0.36 Pa-s, with an operating pressure of 10 MPa. Because the
fluid’s mixing time within the mixer is brief, and the viscosity has a minimal impact on
the mixing performance. To simplify the calculations, the following assumptions are made:
(1) no reactions occur within the mixer; (2) temperature and pressure effects on viscosity
are neglected; and (3) the flow field within the mixer is considered as a three-dimensional,
steady, isothermal, incompressible viscous fluid in stable turbulent flow.

2.4. Grid Partitioning and Investigation of Grid Independence

The mixer was meshed using the grid function in Fluent software (Fluent 2022).
As the study focuses on impingement mixing effects rather than flow details near the
wall, the boundary layer was not considered. This simplifies the model and conserves
computational resources. Due to the complexity and irregular shape of the fluid collision
area, the number of grids significantly affects calculation accuracy. Too many grids increase
the computational burden and prolong calculation time, while too few compromises
precision. Therefore, selecting an appropriate number of grids is essential. The mesh
element quantities for the five sets of plans are listed in Table 1, and the resulting pressure
drop is shown in Figure 3.

1.52x10 7
1.50x107 A
1.48x107 A
1.46x107
1.44x107 A

1.42x107 A

Pressure Drop

1.40x10" 4
1.38x107

1.36x107

T T T T T

i 2 3 4 5

serial number

Figure 3. Mesh independence verification.
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From Figure 3, it is observed that when the number of grids reaches 146,142, the pres-
sure drop remains nearly constant. Therefore, the selected number of grids for calculation
is 146,142. The results of the mesh division are shown in Figure 4. The quality of the mesh
elements is greater than 0.444, meeting the computational and accuracy requirements.

Table 1. Mesh element quantities for five plans.

Plan Number of Mesh Elements
Plan 1 58,574
Plan 2 63,874
Plan 3 86,824
Plan 4 146,142
Plan 5 221,348

Figure 4. Mesh division results.

2.5. Results Analysis and Discussion

This section evaluates the mixing performance of the mixer through both qualitative
and quantitative analyses methods. The qualitative method includes plotting density
contour maps of the outlet cross-section and observing color bands and distributions to
assess mixing uniformity. The quantitative method uses the root mean square deviation of
the liquid density at various sampling points to measure mixing quality. The specific steps
involve, after completing numerical calculations, uniformly selecting liquid density values
from nodes on the outlet cross-section for calculation.

2.5.1. Mixer Mixing Performance Evaluation Index

To ensure the accuracy of the conclusions, both qualitative and quantitative analyses
are employed to evaluate the mixing effects. The qualitative method involves plotting a den-
sity contour map of the outlet section to observe color bands and distribution, determining
the uniformity of the mixing.

The quantitative method uses mixing unevenness, the root mean square deviation
of the liquid density at various points. This metric represents the degree of difference
between the liquid density at the sampling points and the average liquid density of the
mixing system under investigation. Thus, this article uses the root mean square deviation
of the density values on the mixer’s outlet cross-section to assess the mixing quality of the
designed mixer. The S parameter can be determined:

(11
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In Equation (11), p represents the liquid density, and n stands for the number of
sample points. Generally, the smaller the mixing unevenness, the smaller the difference
in liquid density across the cross-section, indicating a smaller density gradient and better
mixing quality.

To compute the mixing index, after the numerical calculations are completed, the
liquid density values at 50 uniformly selected nodes on the outlet cross-section are taken,
as shown in Figure 5.

Circle

O Uniformly distributed points

-10 -

-15 L

Figure 5. Distribution of sampling points.

2.5.2. Simulation Results

To improve the mixing performance of the mixer head, an internal flow field analysis
is conducted. Based on the prototype mixer, the effect of the mixer head’s geometric
parameters on mixing efficiency is investigated by altering dimensions such as the inlet
diameter, outlet diameter, impingement angle, and impingement pressure. This serves
as a foundation for further explorations into enhancing mixing efficiency and optimizing
the mixer’s structure. After setting the boundary conditions, the flow field analysis of
the mixing head is conducted. A density contour plot for the outlet section of the mixing
head is generated to make the results more visually intuitive. The figures used in this
document are exclusively density contour plots. The relevant density contour plot is shown
in Figure 6.

contour-2
Density (mixture)
1.25
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1.23
1.23
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117
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Figure 6. Original mixer head outlet section density contour.
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As shown in Figure 6, the density is greater toward the middle sides and the lower
middle side, with less density on the left side and the lower right side. Given the 1:1 mixing
ratio of the materials, thorough mixing would result in fewer color bands, and the density
should be between 1.20 and 1.21 g/cm?. In the figure, the high-density and low-density
areas occupy a larger proportion, indicating that the surface mixing effect is poor and
further optimization is needed.

The calculated mixing unevenness of the original mixing head is 0.11, indicating a poor
mixing performance. The structure of the original mixing head is optimized to improve the
mixing effect.

3. Full Factorial DOE and Significance Analysis of Influencing Factors

In this chapter, a full factorial DOE was used to analyze the significance of four
parameters affecting the mixer’s performance. A factor level table was established, and the
mixing unevenness for each experimental group was calculated. Finally, factor analysis
was conducted to determine the impact of each parameter on the mixer’s performance,
laying the foundation for subsequent structural optimization.

3.1. Full Factorial DOE

Experimental design is a common statistical method, including confounding, response
surface, full factorial, and fractional factorial designs. The full factorial DOE is a classic
method characterized by its comprehensive nature, typically including two or more factors,
each with multiple levels. This approach encompasses all combinations, providing a com-
plete understanding of factor interactions. When designing a full factorial DOE, researchers
consider which factors could impact results and select variables accordingly. The use of
full factorial DOE helps researchers understand various factors in an experiment, but key
factors, like sample size and repeatability, must also be considered to ensure accuracy
and reliability.

Taking mixing unevenness as the experimental impact index, four factors—mixer
inlet diameter Dy, outlet diameter D,, impinging angle 0, and impinging pressure P—were
chosen as screening parameters. Each factor was set at two levels according to the experi-
mental design requirements. The two-level values for these four parameters are detailed in
Table 2. The mixer inlet diameter D; ranges from 8 mm to 16 mm, the outlet diameter D, is
set at 25 mm and 45 mm, the impinging pressure P is set at 8 MPa and 20 MPa, and the
impinging angle 0 is set at 60° and 180°.

Table 2. Factor-level table.

Parameters [Unit] Valuel Value
Dy [mm] 8 16
D; [mm] 25 45
0[°] 60 180
P [MPa] 8 20

A two-level full factorial DOE was conducted on the four parameters, yielding
19 sample points. For the experimental design of the mixer’s structural parameters, this
meant obtaining 19 slightly different mixer models. Simulation analyses were separately
performed on these mixer models, yielding the mixing unevenness (S) for each model, as
shown in Table 3.

Table 3. Full factorial DOE results.

S.N D; [mm] D; [mm] P [MPa] 0[] S
1 16 25 20 180 0.600989
2 16 45 20 60 0.653101
3 16 45 8 180 0.742879
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Table 3. Cont.

S.N D; [mm] D; [mm] P [MPa] 0[°] S
4 6 25 8 180 0.824658
5 6 25 8 60 0.795684
6 11 35 14 120 0.239548
7 16 25 8 60 0.593242
8 16 45 8 60 0.644044
9 11 35 14 120 0.238963
10 11 35 14 120 0.233965
11 6 45 8 180 0.832547
12 6 45 20 60 0.429569
13 6 45 20 180 0.826549
14 6 45 8 60 0.448426
15 16 25 8 180 0.614530
16 6 25 20 180 0.815843
17 6 25 20 60 0.786324
18 16 45 20 180 0.717372
19 16 25 20 60 0.551930

3.2. Factor Analysis

To analyze the impact of varying structural parameters on mixing unevenness, factor
analysis was conducted using the simulation results of the mixing head flow field. The
numerical simulation results were used as the ordinate, and the levels of its four struc-
tural parameters were used as the abscissa. The experimental data were processed with
MINITAB, resulting in a pareto chart of the standardized effects of the response variables, as
shown in Figure 7. From Figure 7, it is evident that the inlet diameter, outlet diameter, and
impingement angle significantly impact the mixing effect, while the effect of impingement
pressure is relatively small. The influence order of each structural parameter on mixing
unevenness is: mixer outlet diameter > impingement angle > inlet diameter > impingement
pressure. It can be observed from the figure that the impact of impingement pressure on
the mixing effect is minimal and can therefore be disregarded.

2. 262

S

Factor

A

B
C
D

Name
Inlet Diameter
Outlet Diameter
impingement pressure
impingement angle

Figure 7. Pareto chart of standardization effect.

4. Optimization of Mixing Head Structure

In this chapter, the mixer’s structure is optimized using a joint optimization algorithm
combining SSA-CNN-LSTM and the WOA. Initially, the optimization objectives were
determined, and a sample library was established using OLH. Subsequently, an SSA-
CNN-LSTM prediction model was constructed and compared with CNN-LSTM and LSTM
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prediction models. Finally, the WOA was employed to optimize the constructed prediction
model to obtain the optimal structural parameters.

4.1. SSA-CNN-LSTM-WOA Optimization Process

This paper optimizes the structural parameters of the polyimide mixer to minimize
mixing unevenness. Four structural parameters were selected for significance analysis to
determine their impact and eliminate insignificant ones, thereby reducing computational
effort. The proposed optimization process combines sample extraction, approximate
model establishment, and optimization algorithms. OLH was used to select samples for
training the approximate model, and numerical simulation results for each sample were
computed. An SSA-CNN-LSTM surrogate model was constructed to fit the relationship
between optimization objectives and variables. The WOA was used to find the optimal
solution. If the optimization results meet the design requirements, the search is concluded,
and the results are subjected to simulation and experimental validation. If the results are
unsatisfactory, variables are reselected for further optimization until the requirements are met.
Figure 8 illustrates the mixer optimization process based on the SSA-CNN-LSTM-WOA.

Analyze prototype

mixer

Construct SSA-CNN-
LSTM agent model

Input design
variables

Optimal Latin

Hypercube Sampling L
Optimization
reasonable?

CFD numerical
calculation

L ical Establishing A
Generate training Optimization results ] >| Numerl.ca stablishing
samples | | calculation scheme

Establish optimized data samples Optimization calculation Optimization result verification

Figure 8. SSA-CNN-LSTM-WOA optimization process.

4.2. Selection of Optimization Objectives

From the full factorial DOE, it is evident that impingement pressure has a minimal
impact on mixing uniformity. Hence, the inlet diameter, outlet diameter, and impingement
angle are chosen as the optimization variables. Thus, establishing its mathematical model
for optimization. The optimization model consists of three factors: the design objective,
variables, and constraints. The minimum mixing unevenness of the mixing head is the
optimization goal. The impingement angle, inlet diameter, and outlet diameter are the
design variables. The constraints are the value ranges of these variables. The mathematical
model is shown in Equation (12).

W = F(S) = min

S = f(D1,Dy,0)

6<D; <16 12)
25 < D, <45

60 <6 <180

In Equation (12):
e W-—represents the optimization objective function of the mixer;
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e  Dj;—denotes the inlet diameter of the mixer;
e  Dr,—denotes the outlet diameter of the mixer;
e  O—represents the impingement angle.

4.3. Construction and Validation of the SSA-CNN-LSTM Model

This section employs OLH to extract a certain number of samples, followed by the
construction of an SSA-CNN-LSTM prediction model. The model is evaluated using Mean
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root Mean Square
Error (RMSE) as performance metrics. To demonstrate the superiority of the SSA-CNN-
LSTM model, comparative analyses are conducted with CNN-LSTM and LSTM models.

4.3.1. Establishment of Training Samples

Before constructing the model, multiple sets of samples must be obtained to serve as
training data, ensuring they are uniformly distributed within the design space. This paper
selects three optimization variables. Manually assigning samples often leads to an uneven
distribution, resulting in training data that do not adequately represent the sample space.
Therefore, uniform sampling and Latin Hypercube Sampling (LHS) are commonly used.

Uniform sampling considers only the distribution of samples, without ensuring they
are neat and comparable. Scholars later proposed the LHS method, which divides the
sample space into equidistant single spaces and randomly takes one sample from each.
This method is efficient and stable, but the samples are not uniformly distributed within
the design space. To better represent the sampling space, OLH was developed as an im-
provement to LHS. OLH is a stochastic multidimensional stratified sampling approach that
divides the probability distribution function of experimental factors into N non-overlapping
sub-regions based on the value ranges of the influencing factors, with independent equal-
probability sampling within each sub-region. Compared to orthogonal experiments, LHS
offers more flexible grading of level values, and the number of experiments can be man-
ually controlled. However, the experimental points may still not be evenly distributed,
and as the number of levels increases, some regions of the design space may be missed.
OLH improves upon LHS, enabling uniform, random, and orthogonal sampling within
the design space of experimental factors, allowing substantial model information to be
acquired with relatively few sampling points [29]. Figure 9 shows the results of 16 samples
at 2 levels of OLH, demonstrating that this method better fills the sampling space. Figure 10
shows the sampling results of LHS.

6 T = T T 1

25 30 35 40 45

Figure 9. OLH sampling results.
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Figure 10. LHS sampling results.

The training samples should be at least ten times the number of input variables. To
ensure credible results, this paper uses OLH to draw 60 sample points from the sample
space, as depicted in Figure 11. Based on these samples, 60 mixer models are constructed in
3D drawing software, resulting in 60 CFD computational models. The numerical simulation
method is identical to the one used for the prototype mixer discussed earlier, producing
60 sets of data for mixing unevenness corresponding to 60 sets of parameters. A sample
database is established, as shown in Table 4.

Figure 11. Sampling space.

Table 4. Sample library.

S.N D, [mm] Dq [mm] o [°] S S.N D, [mm] Dq [mm] o[°] S
1 27 9 85 0.565601332 31 40 16 161 0.792021249
2 36 8 66 0.695298038 32 40 6 70 0.658225944
3 29 11 76 0.439453453 33 30 16 167 0.277265494
4 44 7 71 0.604243547 34 28 13 93 0.32291663
5 35 9 160 0.039434946 35 34 10 129 0.388527015
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Table 4. Cont.

S.N D; [mm] Dq [mm] o[°] S S.N D; [mm] Dq [mm] o[°] S
6 36 15 122 0.230791242 36 31 12 132 0.288808952
7 35 8 123 0.090646802 37 29 14 107 0.48610121
8 28 10 150 0.03733436 38 42 13 110 0.420938856
9 40 7 142 0.156511798 39 37 8 170 0.220676555
10 38 10 66 0.433840623 40 27 14 80 0.379446807
11 44 9 101 0.358081664 41 38 6 154 0.246376589
12 32 9 72 0.53680958 42 39 12 117 0.539765996
13 32 10 89 0.33418985 43 37 6 61 0.615474219
14 26 8 176 0.730686246 44 35 16 165 0.508707806
15 28 13 110 0.566211296 45 30 11 131 0.314845462
16 31 14 96 0.571509591 46 31 9 139 0.409969816
17 34 9 178 0.102667462 47 41 12 157 0.159976293
18 26 14 144 0.513248826 48 43 12 88 0.470201261
19 27 7 115 0.036445866 49 34 14 155 0.171068748
20 32 12 175 0.76855878 50 25 13 127 0.080966932
21 39 15 169 0.687295763 51 37 15 105 0.661896866
22 34 13 164 0.464086254 52 44 11 138 0.665976529
23 41 11 140 0.743605475 53 29 11 148 0.503747507
24 33 10 74 0.547576058 54 28 7 80 0.446037397
25 39 13 82 0.359809661 55 37 14 119 0.16558753
26 44 12 135 0.405659276 56 45 7 114 0.546648081
27 42 15 126 0.607806714 57 25 15 90 0.570496729
28 42 8 104 0.135733924 58 38 8 99 0.252273179
29 33 7 151 0.220021216 59 43 10 173 0.814712302
30 42 15 63 0.46109265 60 32 11 95 0.209671239

4.3.2. Construction of the SSA-CNN-LSTM Model

In the CNN-LSTM model, SSA adjusts various parameters to enhance performance.
The network structure has three main components: CNN for extracting spatial features,
LSTM for learning time series information, and SSA for optimizing parameters (e.g., number
of convolutional kernels and LSTM units). Input data pass through the CNN to extract
spatial features, then into the LSTM to learn time-series information. SSA optimizes
parameters through iterative searching and updating. Ultimately, this optimized model
can be used for data prediction tasks.

The application of the SSA to optimize the CNN-LSTM model involves the following steps:

(1) Data preprocessing: data labeling, dataset division, data normalization, and data
format conversion;

(2) SSA population initialization: setting the initial size of the sparrow population (n), the
maximum number of iterations (N), the proportion of discoverers (PD), the number of
sparrows perceiving danger (SD), the safety value (ST), and the alert value (R2);

(3) Computing fitness, updating discoverer positions, updating joiner positions, updating
scrounger positions, and updating the optimal individual position;

(4) Feeding data into the CNN network, passing data through CNN layers, batch normal-
ization layers, activation function layers, and average pooling layers;

(5) Entering data into the LSTM neural network after going through LSTM layers to the
fully connected layer and SoftMax layer;

(6) Outputting the results.

Although the SSA algorithm has global search capabilities and adaptability, it is sensi-
tive to the selection of initial parameters and requires tuning for specific problems. When
optimizing the CNN-LSTM model, carefully selecting appropriate optimization objectives
and fitness functions ensures the SSA algorithm significantly enhances performance. The
parameters optimized by SSA mainly include the number of neurons in the LSTM layer,
convolution kernel size, number of convolutional layers, number of neurons in the fully
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connected layer, and learning rate. The schematic diagram of the SSA-CNN-LSTM model
is shown in Figure 12.
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Figure 12. Schematic diagram of the SSA-CNN-LSTM model.
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Number of neurons in the LSTM layer: The LSTM layer is an important part of
the CNN-LSTM model, and the choice of the number of neurons directly affects
the performance of the model. Through the SSA algorithm, the optimal number
of neurons in the LSTM layer can be dynamically searched, thereby improving the
model’s prediction accuracy.

Convolution kernel size: The convolution operation in the CNN-LSTM model is very
important for extracting spatial features of the data, and the choice of convolution ker-
nel size will affect feature extraction. The SSA can optimize the size of the convolution
kernel to further improve the accuracy of the model.

Number of convolutional layers: The deeper the convolutional layers in the CNN-
LSTM model, the greater the computational cost required during forward propagation,
but the accuracy of the model will also increase correspondingly. By optimizing the
number of convolutional layers, the SSA algorithm can enhance model accuracy within
an acceptable range of computational costs.

Number of neurons in the fully connected layer: The number of neurons in the fully
connected layer determines the output dimension and prediction ability of the model.
By optimizing the number of neurons in the fully connected layer, the SSA can improve
the accuracy and generalization ability of the model.

Learning rate: The CNN-LSTM model needs to specify a learning rate during training.
Too high or too low a learning rate will affect the convergence and accuracy of the
model. The SSA can search for the optimal learning rate to improve the efficiency
and accuracy of model training. Combining the above module construction steps, the
flowchart of the SSA-CNN-LSTM model is shown in Figure 13.

4.3.3. Benchmark Methods and Evaluation Criteria

In the comparative study of models, this paper adopts the following two machine

learning models:

M

LSTM Model
LSTM is a type of Recurrent Neural Network (RNN) with two gates and one cell

state, allowing it to store data longer than standard RNNs. The gates regulate information
flow by specifying activation functions within the LSTM cell. The LSTM model in this
paper consists of four consecutive pairs of LSTM and Dropout layers. The Dropout layers
reduce dependency on previous data, and the final output is obtained through a fully
connected layer.
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(2) CNN-LSTM Model

The CNN-LSTM model can achieve multi-feature classification prediction. The CNN is

used for feature (fusion) extraction, and then the extracted features are mapped as sequence
vectors input into the LSTM.
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Figure 13. SSA-CNN-LSTM model flowchart.

To evaluate the effectiveness and applicability of the prediction models on the dataset,
three common evaluation metrics are used to quantify the precision and errors of predic-
tions, namely MAE, MAPE, and RMSE.

The calculation for MAE is shown below; it represents the average of the absolute
errors and can reflect the actual situation of prediction errors.

1& R
MAE = -} |vi = §il (13)
i=1

The calculation for MAPE is as follows, representing the fitting effect and precision of
the prediction model.

z 1
MAPE = Ly Wi =3l (14)
Zizn Y

165



Actuators 2024, 13, 303

RMSE measures the deviation between the actual and the predicted values, with its
calculation shown as below.

1 R
RMSE = 22;1 (yi — 9:)? (15)

where z represents the number of samples, y; is the actual value, and ¥; is the predicted
value. These three indicators represent different aspects of the predictive performance, and
the smaller their values, the better the performance.

4.3.4. Experimental Parameter Settings

In this section, the SSA-CNN-LSTM model is employed for predicting mixing un-
evenness. The model optimizes CNN-LSTM using the SSA, with parameters including the
number of iterations (M), population size pop, the proportion of discoverers (p_percent),
fitness function (f,), and the dimension of parameters to be optimized (dim).

(1) Number of iterations (M): This parameter determines the computation time and
accuracy of the algorithm. Typically, the more iterations, the longer the computation
time and the higher the accuracy. Here, it is set to 50.

(2) Population size (pop): This refers to the number of sparrows used for computation,
with no explicit rule for its size. Typically, it is based on a specific analysis of the
problem at hand. For optimizing general problems, setting 50 sparrows is sufficient to
solve most issues. For particularly difficult or specified problems, it might be necessary
to increase the population size. Generally, the smaller the population size, the easier it
is to fall into local optima, while a larger population size results in slower convergence.
Here, the population size is set to 50.

(3) Proportion of discoverers (p_percent): The percentage of discoverers in the population,
set here to 20%.

(4) The percentage of sparrows that are aware of danger is set to 10%.

(5) Safety threshold (ST) is set to 0.8.

(6) Fitness function (f,): Determines the fitness of a sparrow’s position.

(7) Parameter dimension (dim): Indicates the number of parameters to be optimized.
Here, optimization is applied to three parameters of the LSTM layer, which are the
optimal number of neurons, the optimal initial learning rate, and the optimal L2
regularization coefficient, making the dimension 3.

4.3.5. Comparative Analysis

Five sixths of the data from the chosen sample database were used as training data,
with the remaining serving as the test set. The predictive performance and prediction errors
of various algorithms are shown in Figures 14 and 15, respectively. It can be observed
from the figures that SSA-CNN-LSTM has the smallest prediction error, not exceeding
2%, followed by CNN-LSTM, with LSTM showing the poorest predictive performance. In
the experiment, the prediction indicators were inlet diameter, outlet diameter, and angle
of attack. The SSA optimized three parameters for CNN-LSTM: the optimal number of
neurons was set at 75, the optimal initial learning rate at 0.006258, and the optimal L2
regularization coefficient at 0.0004562. By comparing the actual values and predicted
values, it can be seen that SSA-CNN-LSTM fits better than various baseline models.

The prediction results of the above three algorithms were statistically analyzed, and as
shown in Table 5 and Figure 16, SSA-CNN-LSTM achieved the best results according to the
evaluation metrics RMSE, MAE, and MAPE. MAPE was reduced from 12.5% to 7%, achiev-
ing an accuracy improvement of 44 percentage points. RMSE and MAE also decreased,
indicating that the model’s predictive performance had improved following optimization.
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Figure 14. (a). SSA-CNN-LSTM prediction results. (b). CNN-LSTM prediction results. (c). LSTM

prediction results.

Table 5. Predictive indicator values of various algorithms.

Method MAE MAPE RMSE
LSTM 0.125 0.502 0.221
CNN-LSTM 0.071 0.18 0.074

SSA-CNN-LSTM 0.07 0.0165 0.0083
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Figure 15. Prediction errors of various algorithms.
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Figure 16. Comparison chart of evaluation indicators.

4.4.

Joint Optimization Design of SSA-CNN-LSTM and the WOA
The WOA is a relatively novel optimization algorithm proposed in recent years. In

2016, Mirjalili et al. [30] from Griffith University in Australia introduced the WOA, inspired
by the unique predatory behavior of humpback whales observed in the ocean. As an
emerging swarm intelligence optimization algorithm, the WOA is characterized by its

few

parameters, simple structure, and high flexibility. Specifically, the advantages are

as follows:

@

@
®G)

The algorithm’s optimization mechanism is primarily controlled by a random number
(Pa), a threshold parameter (A), and a random number (C), resulting in fewer control
parameters.

The WOA is divided into three main optimization mechanisms, with a relatively
simple formula model that is easy to implement.

The WOA offers high flexibility, as it can switch between optimization mechanisms
using the random number (Pa) and the threshold parameter (A).

As a result, the WOA can be widely applied in various engineering fields [31]. For

example, Li et al. [32] designed a WOA-based optimization algorithm for evaluating bipolar
transistor models. In the field of intelligent healthcare, Hassan et al. [33] proposed a hybrid
algorithm based on the WOA for diagnosing equipment faults. He et al. [34] developed an
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improved WOA for adaptively searching for optimal parameters in stochastic resonance
systems. El-Fergany et al. [35] used the WOA to enhance the accuracy of fuel cell models.

The overall optimization process of the WOA mainly consists of three parts: Encircling
Prey, the Bubble-Net Attacking Technique, and Searching for Prey. Through the cooperation
of these three processes, the optimization process can achieve good global search capability
and accurate and fast local convergence ability. Thus, while ensuring fast convergence
of the algorithm, it can also avoid falling into local optimal solutions, ensuring that the
obtained optimal solution is the global optimum, fully leveraging the best performance of
the optimization algorithm.

The optimization process of the WOA is as follows: First, initialize the WOA parameter
values and input the structural parameters to be optimized. At the beginning of each
iteration, check if the maximum number of iterations has been reached. If it has, return
the current best structural parameter values and their corresponding fitness values. If the
maximum number of iterations has not been reached, update the WOA parameters (A, a,
C, and Pa).

The search strategy is then determined based on the random number (p): If Pa < 0.5,
further check the value of IAl.If | Al <1, select a random agent and update its position
using the range search mechanism; otherwise, update the search agent’s position using
the spiral search strategy. Next, calculate the new fitness value for each search agent and
update the structural parameters based on these fitness values. This process repeats until
the maximum number of iterations is achieved. Finally, when the maximum number of
iterations is reached, the algorithm returns the best structural parameter values and their
corresponding fitness values.

Based on the above algorithm steps, the flowchart of the WOA is illustrated as shown
in Figure 17.

Based on the information provided, the combined optimization algorithm of SSA-
CNN-LSTM and the WOA can rapidly optimize structural parameters. Utilizing the
determined structural model, an SSA-CNN-LSTM prediction model is built from the sam-
ple library to establish a functional relationship between structural parameters and their
corresponding fitness values. This enables the input of parameter values to yield fitness
values as outputs. After determining the optimization range of parameter values, the
parameters of the optimization algorithm are initialized. The SSA-CNN-LSTM model
determines the fitness value of each individual in each generation, facilitating selection and
iteration, ultimately obtaining the best parameter values and outputting the optimal solu-
tion with its corresponding fitness value. Compared to traditional optimization methods,
the combined algorithm offers higher efficiency, achieving superior optimization accuracy
and better results in a shorter time. The combined optimization process of SSA-CNN-LSTM
and the WOA is illustrated in Figure 18.

The prediction output of the trained model is used as the individual fitness value,
eliminating individuals with inferior fitness values in favor of superior ones. The WOA is
utilized to globally optimize the search for extrema in the prediction model. To demonstrate
the superior capabilities of the WOA, it is compared with traditional genetic algorithms
and particle swarm optimization.

The Particle Swarm Optimization (PSO) algorithm initializes a swarm of particles
within the feasible solution space, characterizing each particle by its position, velocity,
and fitness. As the particles move, they update their positions using the individual
best position—Pbest—the position with the optimal fitness value experienced by the
particle—and the global best position—Gbest—the position with the optimal fitness value
found by all particles in the swarm. Pbest and Gbest positions are continuously updated
by comparing and adjusting fitness values [36].

The Genetic Algorithm (GA) [37] follows Darwin’s theory of survival of the fittest and
simulates biological gene inheritance. The GA calculates a fitness function to evaluate the
quality of individuals in the population, classifying them based on these values. Inferior
individuals are eliminated, while superior ones survive. This iterative process ensures

169



Actuators 2024, 13, 303

that the best individuals are passed on to subsequent generations, eventually leading to a
population containing the optimal individuals [38,39].

Initialize WOA and structural parameters

. Ret timal
Reach maximum eturns optima
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Figure 17. WOA process.

Update structure parameters ‘

The optimization performance is highlighted by comparing optimization times and
the optimization effects of the best fitness values. The results are shown in Figure 19. From
the figure, it can be seen that the GA requires 303 iterations to obtain the optimal parameter
values, PSO also requires 41 iterations to achieve the optimal parameter values, while
the WOA only needs 17 steps to obtain the best optimization solution. At the same time,
compared with the GA and PSO, the WOA yields better optimization results. According to
the previous text, the lower the mixing unevenness achieved, the better the performance.
Here, combined with Figures 4-12, it can be observed that the best solutions obtained by
the GA, PSO, and WOA are 0.039, 0.037, and 0.03, respectively. Through comparison, it can
be seen that the WOA has a faster optimization speed and can achieve better optimization
results with fewer iterations. After optimization by the WOA, the best structural parameters
obtained are: inlet diameter of 7, outlet diameter of 31.6, and impingement angle of 119.5°.
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5. CFD Validation Results

After optimization using SSA-CNN-LSTM-WOA, we compared the density distri-
bution at the mixer outlet and the flow conditions within the mixer before and after the
optimization. This comparison was conducted to verify the effectiveness of the optimization.

5.1. The Density Distribution at the Outlet after Optimization

Based on the WOA optimization results, three parameters were adjusted in 3D drawing
software. The obtained structural parameters will be subjected to simulation calculations.
The optimized outlet cross-section density cloud image and corresponding density data
were obtained and calculate the mixing unevenness, which was found to be 0.031. Figure 20
displays the density cloud image post-optimization. There is a significant difference in
the density distribution before and after optimization; initially, it was more concentrated,
whereas, post-optimization, the density distribution is noticeably more uniform compared
to the original model. As illustrated in Table 6, the pre-optimization mixing unevenness
was 0.11. Following WOA optimization, this value decreased to 0.031, a reduction of 70%.
Comparing this with the predicted mixing unevenness in MATLAB, the error margin is
3.1%, demonstrating the stability of the SSA-CNN-LSTM prediction. Additionally, the
mixing effect of the mixer has been enhanced to some extent after the WOA optimization.

contour-2
Density (mixture)
1.25

1.24
1.23
1.23
122
121
1.20
119
119
118

1.17
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Figure 20. Density distribution of the exit cross-section after WOA optimization.

Table 6. Optimization result.

Structure Dq [mm] D, [mm] 0 [°] S
Original Structure 8 35 180 0.11
Joint Algorithm Optimization 7 31.6 119.5 0.031
Reduction in Mixture Non-Uniformity 70%
Prediction error 3.1%

5.2. Velocity Distribution before and after Optimization

Figure 21 shows the velocity vector diagram before optimization. As seen in the
figure, due to the excessive impingement angle, the liquid’s velocity decreases sharply
after collision, almost no vortices are generated, and the high-speed region is concentrated.
The velocity gradient is significant, and the liquid almost exits the mixer without hitting
the walls, resulting in poor mixing. Figure 22 shows the velocity vector diagram after
optimization using the joint optimization algorithm. The figure illustrates that the two
materials collide at a certain angle, resulting in less velocity loss compared to the original
mixer, and generating a certain number of vortices, which improves the mixing effect.
Additionally, Figure 22 indicates that the velocity changes smoothly at the intersection,
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with the velocity vectors being more uniform and the velocity gradient being smaller. Based
on the analysis of the velocity changes and vortex structures, it can be concluded that the
flow characteristics within the optimized mixer are more conducive to mixing compared to
the original mixer.
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Figure 21. Velocity vector diagram before optimization.
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Figure 22. Velocity streamline diagram after optimization.
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6. Conclusions

In this study, the analysis of the current high-pressure mixier is executed and an
optimal design framework is proposed. Firstly, the most important parameters that dis-
tinctly influence mixing unevenness are selected by using the full factorial DOE. Afterward,
we constructed an SSA-CNN-LSTM prediction model and used the WOA algorithm to
determined the best parameter set. The verification is achieved in the CFD simulation and
the detailed conclusions are as follows:

(1) The structural parameters that obviously influence mixing unevenness are mixer outlet
diameter, impingement angle, inlet diameter, and impingement pressure, ranked in
order of decreasing importance.

(2) An SSA-CNN-LSTM prediction model achieves a prediction accuracy of up to 98%,
which is higher than the LSTM neural network and CNN-LSTM models. Mean-
while, the SSA demonstrated its superior optimization and convergence capabilities
to determine the optimal parameters faster and accurately.

(3) A joint optimization framework based on SSA-CNN-LSTM and the WOA is proposed
to obtain the best parameter set. Based on the optimized mixer parameter values, the
mixing unevenness decreases by 70%, significantly enhancing the mixer’s performance.
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Abstract: In order to obtain information regarding changes in the air cushion flow field and load-
bearing characteristics of a single row hole air cushion belt conveyor, a structural model of the air
cushion of the belt conveyor was established, with the single row hole air cushion belt conveyor
as the research object. Firstly, according to the theory of fluid lubrication, a mathematical model of
the air cushion was established. Then, the effects of air cushion thickness, pore velocity, and belt
velocity on the pressure and bearing characteristics of the air cushion flow field were studied using
FLUENT software. In addition, the equivalent stress, displacement, and pressure curves between
the air cushion flow field and the conveyor belt and the material were analyzed using the two-way
fluid-solid coupling method. Finally, the experimental platform of a single row hole air cushion belt
conveyor was built, and the flow field and bearing characteristics of the belt were verified through
experiments. The results show that reducing the thickness of the air cushion and increasing the pore
flow rate can improve the pressure and bearing characteristics of the air cushion, while speed has
little effect at lower belt speeds.

Keywords: air cushion belt conveyor; air cushion pressure; load-bearing characteristics; flow field
characteristics; fluid—solid coupling method

1. Introduction

The working principle of the air-cushion belt conveyor is that the fan sends a certain
flow and pressure of air into the air chamber. The gas flows out through the air holes onto
the disk groove, generating an air film with a certain pressure between the disk groove
and the conveyor belt, thus forming an air cushion to support the conveyor belt and the
materials on it. The air cushion conveyor utilizes air cushions instead of traditional idlers,
converting the rolling friction between the conveyor belt and idlers into fluid friction
between the conveyor belt and the disk groove, with air as the medium [1]. Therefore, the
formation of a uniform and stable air cushion state is key to the design and operation of air
cushion belt conveyors.

In terms of gas film thickness, Wu et al. introduced a method for assessing the
thickness of the air film in an air cushion belt conveyor. They developed accompanying
software to automatically generate a curve depicting the variations in air film thickness [2].
Zhu et al. constructed a mathematical model for the air film and researched on the thickness
of the air film in air cushion belt conveyors, utilizing gap flow theory and experimental
methods [3]. Pang summarized and introduced four calculation methods for the air film
thickness of an air cushion belt conveyor based on the theory of incompressible viscous
fluid flow [4]. Xiong et al. analyzed the thermal elastic deformation characteristics of air-
lubricated thrust bearings based on fluid—structure coupling. They found that the thermal
warping deformation of the rotor at low speeds plays a dominant role in increasing the
thickness of the air film [5]. Hou et al. proposed a parallel hybrid floating height prediction
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model that can predict the floating height of the strip in an air-cushioned furnace under
low floating conditions [6-8].

Researching air cushion pressure, Ji et al. constructed a mathematical model of the air
cushion pressure field based on theoretical research, carrying out a numerical simulation of
the air cushion pressure field [9]. Pang et al. devised a formula to calculate the air cushion
pressure at different groove positions and its theoretical distribution curve. They used
FLUENTS®.2 software to simulate the starting flow field [10]. Huang analyzed two kinds of
air cushion pressure calculation methods for the purpose of reasonable fan selection [11].
Zhang et al. employed the finite element method to compute the air cushion pressure of an
air cushion belt conveyor and performed experimental validation [12]. Yang et al. studied
the pressure distribution in the air cushion chamber of an air-cushion-supported catamaran
under low and high-speed conditions [13]. Jing, et al. employed the boundary element
method to compute and examine the motion response of a barge platform assisted by a zero-
pressure air cushion when subjected to both regular and irregular waves [14]. Eremeyev
et al. proposed a dynamic mathematical model of a balloon-type air cushion vehicle that
can predict all the main characteristics of ship motion, such as trajectory, force, moment,
and air cushion pressure [15]. Xu et al. conducted a numerical study on the pressure
response characteristics of the cushion system of an air cushion vehicle [16]. Wu et al.
studied the contact interaction between a finger and an object when wearing air-cushioned
gloves and concluded that the internal air pressure can adjust the contact characteristics
of the fingertip object [17]. Finally, Lu et al. analyzed the influence of cushion pressure
and airflow on the resistance performance of an air-cushion-supported catamaran from the
perspective of total resistance [18].

In terms of air cushion bearing capacity, Li simplified the gas film bearing problem
of an air cushion belt conveyor to a two-dimensional gas lubrication problem represented
by the Navier-Stokes equation and calculated the numerical relationship of the design
parameters such as gas film bearing capacity using the finite element method [19]. Mo et al.
took an air-floating guide rail in the form of a single row of orifices as the research object
and obtained the changing trend of the air-floating guide rail’s bearing capacity along with
the gas film’s thickness [20]. Li et al. studied the influence of structural parameters on
the bearing capacity of spiral groove hydrodynamic thrust gas bearings under variable
operating conditions [21]. Zhang et al. analyzed the bearing characteristics of micro spiral
groove thrust air bearings in an ammonia—air mixed environment [22]. Fan et al. studied
the characteristics of a gas film flow field and the change in bearing capacity near the
orifice of an aerostatic journal bearing under eccentricity conditions and different gas
supply pressures [23]. Guo et al. studied the film-forming behavior of an air-cushioned
belt conveyor under a stable load [24], while Zhang et al. analyzed the loading capacity of
gas film and verified the stability of its bearing capacity through experiments [25]. Quan
et al. studied an air bearing and obtained the load-bearing capacity and its variation and
extruded film air bearing. Reducing the gap between the bearing and the rotor, increasing
the amplitude of the bearing sleeve, and increasing the contact area between the bearing
and the rotor can improve the load-bearing capacity of the extruded film air bearing [26].

Researching air film stiffness, Yu et al. conducted numerical simulation and analysis
on the air film stiffness of non-contact dynamic sealing spiral grooves. The air film stiffness
decreased with the increase of air film thickness, and the curve of air film stiffness with
thickness tended to be stable with the rise of air film thickness [27]. Ding et al. analyzed
the testing and stability of the air film stiffness of spiral groove dry gas seals. They tested
three prototypes with different helix angles in the experiment and found that when the
helix angle was 74°, the air film stiffness was the highest, and the air film stability was
the best [28,29]. Hashimoto et al. proposed an optimal design method to minimize the
friction torque and maximize the gas film stiffness of spiral and bone-suction gas film thrust
bearings [30]. Ibrahim et al. obtained the optimized dynamic stiffness by changing the
allowable film thickness [31]. Lin et al. analyzed the individual stiffness and vibration
error sources of a hydrostatic guideway. They obtained the micro-errors of the gas film
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stiffness and individual stiffness of four different cross-section bearings caused by random
air vibration [32]. Moreover, Chen et al. analyzed the vibration of a gas-bearing table under
the micro-scale effect. According to the Reynolds equation and the airflow characteristics,
considering different microscopic factors, the stiffness (K) and damping (C) of the gas film
were obtained [33].

Many scholars at home and abroad have done much work on the air cushion belt
conveyor, mainly focusing on numerical simulation. However, there are few studies on
the flow field characteristics and bearing characteristics of the air cushion belt conveyor
through the two-way fluid—solid coupling analysis method. The change in the pressure
of the air cushion field will cause the conveyor belt to deform, and the thickness of the
air cushion will also change, resulting in movement and displacement in the fluid area.
The two-way fluid-solid coupling analysis can better analyze the air cushion’s flow field
and bearing characteristics than the one-way analysis. Based on predecessors, this paper
studies air cushions’ flow field and bearing characteristics using theoretical derivation,
numerical simulation, and experimental verification. The air cushion flow field’s pressure
and velocity distribution law are obtained, and the bearing capacity of the air cushion is
analyzed, which provides a basis for the optimal design of the air cushion belt conveyor.

2. Theoretical Analysis of Air Cushion Flow Field
2.1. Theoretical Distribution of Air Cushion Pressure

Figure 1 shows a cross-sectional diagram of the air cushion belt conveyor. The air cushion
pressure is equal to the pressure carried by the air cushion belt conveyor, which is a necessary
condition for its operation. The pressure P; is generated by the weight of the conveyor belt,
the additional bending deformation force P, is required for the conveyor belt to bend into a
disk-shaped groove, and the pressure P; is generated by the weight of the material.

Material :
. Belt Groove

Figure 1. Air cushion belt conveyor cross-sectional diagram.
The calculation equation for the air cushion pressure P is as follows [34]:

P=P+P+DP; 1)

Py = Gp(2cosf — cos¢)/B (2)

(1 —cos®)0EI

2(1—sin) )
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o sin ¢ sin ¢ . sina
Py = Rpg{cos 6 —cos¢p — Sinx 0T Soa cos|arcsin( sing sinf)] } 4)
where EI is the transverse stiffness of the conveyor belt, N/m; B is the width of the conveyor
belt, mm; 6 is the groove position angle, rad; Gp is the weight of conveyor belt per unit
length, N/m; p is material density, kg/m?; g is the acceleration of gravity, m/s?; ¢ is the
maximum disk groove position angle, rad; R is the radius of the groove, mm; and « is the
material accumulation angle.

2.2. Gas Flow Model near the Pores

The theoretical thickness of the air cushion on the belt conveyor is theoretically 3-5 mm,
and the variation range is relatively small. Therefore, the gas flow of the air hole attachment
can be regarded as the radial gap source flow between the parallel disks [35], as shown in
Figure 2.

g ()

i)

Figure 2. Schematic diagram of pore radial gap source flow.

The parallel disk model is symmetrical to the z axis. Due to the relatively small
thickness of the air cushion, it is possible to consider ug = 0, u, = 0, u; = u. The
Navier-Stokes equation represented by a cylindrical coordinate system can be simplified

as follows:
1 0P Pu 1u Fu u _ou Ju

et Ge et TR T w ey ©®)
1 oP
fz*;lg—o (6)

The continuity equation is simplified to

u  ou
o =0 7

The pressure and velocity distribution equations of the flow field near the hole can be
obtained as follows:

p_p APIn(%2) @®
-0 In(2
_ldp »

u= ﬂﬂ(z hz) ©)

where f; is the radial mass force, m/ s%; 01 is air density, kg/ m?; P is the air cushion pressure,
Pa; Py is the inlet pressure, Pa; AP is the total pressure difference, Pa; r; is the radius of
the disk, mm; r; is the pore radius, mm; v is air viscosity, m?/s; u is the speed, m/s; f. is
the mass force in the z direction, m/s2;  is the dynamic viscosity of air, Pa-s; and £ is the
thickness of the air cushion, mm.
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2.3. Cross-Section Gas Outflow Model

The material on the conveyor belt is distributed on the conveyor belt in the middle thick
and thin areas on both sides, which also leads to the gradual decrease in air cushion pressure
from the middle to the edges along the bandwidth direction. Similarly, the thickness of the
air cushion is in the direction of the bandwidth, the middle thick edge is relatively thin, and
the radius of the groove is much larger than the thickness of the air cushion. Therefore, the
angle-wedge-shaped gap formed by the conveyor belt and the disk groove can be used, that
is, the air cushion transverse gap flow model, as shown in Figure 3.

A

y

Q
A
\

=

B/2

Figure 3. Wedge gap flow model.

For the above reasons, the following can be considered: uy = u, uy = u, = 0, mass
force fy = fy =0, f- = —g.

The pressure distribution and temperature of the cross-section of the air cushion
remain basically unchanged. The air cushion is regarded as incompressible flow, and the
density is constant. At this time, the N-S equation can be simplified as follows:

19P Pu  u  u du

5% +U(@+@+@)=ua (10)
-g- %% =0 (11)
f%g—i =0 (12)
The continuous equation can be simplified to
g—z =0 (13)

Continuing to simplify the above equations, the velocity and pressure distribution of
the air cushion along the cross-section can be obtained:

2
y~ —hydpP
T 2u o dx (14
o2 (W2 — W2
po=p 4+ 2T (15)

12 (15 — 1)

where P, is the pressure at the center of the air cushion, Pa; P, is the pressure at the outlet
of the air cushion, Pa; /1 is the thickness at the center of the air cushion, mm; and #, is the
thickness at the outlet of the air cushion, mm.
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2.4. Air Cushion Stiffness Analysis

The stiffness of the air cushion can reflect its carrying capacity: the greater the stiffness,
the greater the carrying capacity. When the load changes, the air cushion has a stronger
anti-interference ability and stronger stability. Analogous to spring stiffness, air cushion
stiffness can be defined as follows:

K= (16)

where W is the air cushion bearing capacity, N, K is the stiffness of air film, N/mm.

3. Numerical Simulation of Air Cushion Field

The simulation hardware device used was an Intel (R) Xeon (R) Gold 6133 CPU @
2.5 GHz 2.49 GHz (two-core processor) equipped with 96 GB RAM and a Win10 64-bit
operating system workstation. The simulation environment was Workbench 2021R1.

3.1. Model Foundation

The radius of the groove is 1007 mm, and the width of the conveyor belt is 1000 mm.
The thickness of the outlet on the left and right sides of the air cushion model is /iin, and
the thickness of the middle of the air cushion is /imax. Based on the upper surface of the
disc groove, the arcs are made at the three points determined by /iy and himax values,
respectively, as the position of the lower surface of the conveyor belt. The cross-section
of the air cushion thickness is made with the upper surface of the disc groove and the
lower surface of the conveyor belt as the edge, and then stretched along the z direction
to form a complete air cushion model. The front and rear sides of the air cushion are set
as symmetrical surfaces, and the left and right sides are gas outlets. The model of the air
cushion is shown in Figure 4.

Conveyor belt

Air cushion
Figure 4. Air cushion model.

3.2. Influence of Air Cushion Thickness on the Pressure of Air Cushion Flow Field and Bearing
Capacity of Air Cushion

Considering the symmetry of the geometric model, a half air cushion model is used
for the analysis. The mesh is polyhedral mesh divided by Fluent mesh, and the minimum
orthogonal mass is 0.35. Due to the relatively small thickness of the air cushion, the
boundary layer is set to two layers. Due to the relatively low pressure and velocity of the
air cushion, air is considered an incompressible fluid, and the influence of air gravity is
ignored. The static pressure at the inlet of the air cushion pressure is set to 6.8 kPa, the
outlet pressure on both sides of the air cushion is set to 0 kPa, and we assume that the fluid
is air at temperature of 300 K. The density is constant as the default of the software, the
density is 1.225 kg/m?, and the viscosity is 1.7894 x 1075 kg/m-s. The three-dimensional
dual-precision model is adopted. The turbulence model uses the standard k — e model. The
coupled solution method is used. At the same time, the residual curve is selected as the
monitoring window to observe the iterative process of the solution process.

Because this paper analyzes the single row hole air cushion belt conveyor and since
the air hole spacing is not very large, the pressure between the two pores is relatively
stable, and the mutual influence is not very large. However, the pressure loss of the air
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cushion belt conveyor in the cross-section is larger than that in the running direction, so,
the following focuses on the analysis of a curve pressure distribution along the bandwidth
near the air cushion hole and on the cross-section.

Under the condition that the radius of the groove is constant, the diameter of the hole
is 8 mm, the distance between the holes is 100 mm, and the thickness of the outlet on both
sides is 0.5 mm. Figure 5a—d illustrates the wall pressure distribution corresponding to
the central hole with air cushion thicknesses of 3 mm, 4 mm, 5 mm, and 6 mm. From the
pressure cloud map, it can be concluded that the pressure around the central hole decreases
approximately monotonically from the inside out along the radius direction of the central
hole. Due to the existence of the gas eddy current effect, the pressure value of some areas in
the center of adjacent pores is lower than that of adjacent areas. The smaller the thickness
of the air cushion, the larger the pressure near the center of the pore, and the more uniform
the distribution of the larger pressure value. The maximum pressure appears in the center
of the air hole, and the pressure peaks are 6718, 6697, 6705, and 6785 Pa, respectively. The
maximum value of the wall pressure does not increase with the decrease in air cushion
thickness, but the distribution of a larger pressure value is more uniform, which also reflects
the complexity of the pressure generation in the air cushion flow field.

(a) (b)

() (d)

Figure 5. Wall pressure distribution corresponding to the center hole of different air cushion thick-

nesses. (a) Air cushion thickness of 3 mm. (b) Air cushion thickness of 4 mm. (c) Air cushion thickness
of 5 mm. (d) Air cushion thickness of 6 mm.

The variation curves of the air cushion pressure with different air cushion thicknesses
are shown in Figure 6. The maximum pore pressure is located in the center of the pore. Due
to the generation of eddy currents near the pores, gas flow pulsations and pressure losses
occur, resulting in certain fluctuations in the pressure values near the pores. The larger the
thickness of the air cushion, the more intense the pressure fluctuations near the pores. The
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pressure distribution curves of the different air cushion thicknesses are basically the same,
and the pressure at the same position of the air cushion decreases with an increase in the
air cushion thickness. The pressure of the air cushion is symmetrical around the central

hole, and the pressure of the cross-section of the air cushion exhibits an approximately
flat-top distribution.
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Figure 6. Air cushion pressure distribution of different air cushion thicknesses.

The thickness interval of the air cushion is 0.5 mm, and the bearing capacity of the air
cushion for seven kinds of air cushion thicknesses is obtained. The relationship between
the thickness of the air cushion and the bearing capacity is shown in Figure 7. It can be
seen from the figure that as the thickness of the air cushion increases, its bearing capacity
gradually decreases. Using interpolation and fitting methods, we can deduce that the
thickness of the air cushion is inversely proportional to its load-bearing capacity.

T T T T T T T T T T T T T
|
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o B; -257.54+29.97
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5] 1600 =
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g
-
<
o
©
=
2
=
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3 1500 | ]
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<

1400 1 L 1 N 1 L 1 L 1 . 1 L

3.0 35 4.0 4.5 5.0 5.5 6.0

Air cushion thickness(mm)

Figure 7. Relationship between air cushion thickness and air cushion bearing capacity.

184



Actuators 2024, 13, 424

According to Equation (16), the stiffness of the air cushion can be obtained by deriving
the fitted air cushion bearing equation. Equation (17) shows that the air cushion stiffness
has a linear relationship with the thickness of the air cushion and decreases with a decrease
in thickness.

K= —(By + 2B % x) (17)

3.3. Influence of Air Hole Velocity on Air Cushion Flow Field Pressure and Bearing Capacity

Under the condition that the radius of the groove is constant, the diameter of the hole
is 8 mm, the spacing of the holes is 100 mm, the thickness of the air cushion is 3 mm, and
the thickness of the outlets on both sides is 0.5 mm. Figure 8a—d shows the wall pressure
distribution corresponding to the center hole of the hole velocity of 70 m/s, 80 m/s, 90 m/s,
and 100 m/s. As it can be seen from the pressure cloud diagram, the maximum pressure
appears at the center of the hole, and the pressure peaks are 5944, 7714, 9727, and 11,932 Pa,
respectively. The pressure peak increases gradually with an increase in the flow velocity.

@ ®)

(9) (d)

Figure 8. Wall pressure distribution corresponding to central holes of different pore velocities. (a) Air
holel velocity of 70 m/s. (b) Air holel velocity of 80 m/s. (c) Air holel velocity of 90 m/s. (d) Air
holel velocity of 100 m/s.

The variation curves of air cushion pressure at different pore velocities are shown in
Figure 9. The maximum pore pressure is located near the center of the pore. The distribution
curves of air cushion pressure at different pore velocities are basically the same, and the
pressure at the same position of the air cushion increases with an increase in pore velocity.
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Figure 9. Air cushion pressure distribution at different pore velocities.

The pore velocity interval is 10 m/s, and the air cushion bearing capacity of seven
kinds of pore velocity is obtained. The relationship between air cushion velocity and air
cushion bearing capacity is shown in Figure 10. From the diagram, it can be seen that with
an increase in the air cushion flow rate, which is equivalent to an increase in the air supply
volume of the fan, the air cushion bearing capacity also gradually increases. Using the
interpolation fitting method, it can be concluded that the air cushion thickness has a linear
relationship with the air cushion bearing capacity.
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Figure 10. Relationship between pore flow velocity and air cushion bearing capacity.

3.4. Influence of Belt Speed on Air Cushion Flow Field Pressure and Bearing Capacity

Under the condition that the radius of the groove is constant, the diameter of the hole
is 8 mm, the hole spacing is 100 mm, the thickness of the air cushion is 3 mm, the thickness
of the outlet on both sides is 0.5 mm, and the inlet pressure is 6800 Pa. Figure 11a—d shows
the wall pressure distribution corresponding to the central hole with velocities of 1 m/s,
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3m/s,5m/s, and 7 m/s. The speed of the conveyor belt is to set the upper surface of
the air cushion, that is, the surface in contact with the conveyor belt, as the moving wall
surface and the other wall surfaces are set unchanged. Then, the running speed of the
conveyor belt is simulated by setting different speeds. The pressure cloud map reveals
that the maximum pressure appears at the center of the air hole, and the peak pressures
are 6678, 6677, 6677, and 6675 Pa, respectively. Compared with the data in Figure 5a, the
dynamic pressure generated by the low belt speed does not have much of an effect on the
pressure corresponding to the wall surface of the center hole and only slightly decreases.

(a) (b)

© )

Figure 11. Wall pressure distribution corresponding to the center hole of different belt speeds. (a) Belt
speed of 1 m/s. (b) Belt speed of 3 m/s. (c) Belt speed of 5 m/s. (d) Belt speed of 7 m/s.

Figure 12 shows the curves of the air cushion pressure at different belt speeds. The
maximum pore pressure is located near the center of the pore. When the belt speed is low,
the pressure distribution curves basically coincide; thus, it can be concluded that a lower
belt speed will not have much influence on the air cushion pressure.

At a speed interval of 1 m/s, the bearing capacity of seven kinds of air cushions
with speed is obtained. Figure 13 shows the relationship between the belt speed and the
bearing capacity of the air cushion. The diagram reveals that the difference in the bearing
capacity of the air cushion at different belt speeds is minimal, indicating that the air cushion
conveyor is particularly suitable for high-speed operation.
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Figure 12. Air cushion pressure distribution at different belt speeds.
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Figure 13. Air cushion bearing capacity at different belt speeds.

3.5. Fluid-Solid Coupling Analysis of Air Cushion Flow Field, Conveyor Belt, and Material

The conveyor belt and material are supported by a very thin layer of air cushioning
for air cushion belt conveyors. The pressure exerted by the air cushion causes deformation
in the conveyor belt, and the altered shape of the conveyor belt, in turn, influences the
thickness of the air cushion, leading to displacement and motion within the fluid domain.
This interactive dynamic should be analyzed through bidirectional fluid—-structure cou-
pling. This mutually influential relationship should be analyzed using two-way fluid-solid
coupling. This approach considers the simulation of fluid and solid characteristics at the
same time so that the results are closer to the real situation. In the coupling simulation,
in order to provide the flow channel of the airflow and the boundary conditions of the
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flow field, the initial thickness of the air cushion flow field is set to 1 mm, and the inlet
pressure is 6800 Pa. Gravity loads are applied on conveyor belts and materials, as shown
in Figure 14. The lower surface of the conveyor belt is set to the Fluid Solid Interface, and
symmetrical constraints are added at the specified positions of the three surfaces.

etry

constrain

Fluid solid interface
Symmetry =2

constraint Gravity

Figure 14. Constraints and loads.

The data transfer between the coupling surface in the fluid analysis and the fluid—solid
interface in the solid analysis is set. The minimum number of coupling iterations is two, the
maximum number of iterations is five, the time step is 0.001 s, and the simulation time is
0.1 s. The density, elastic modulus, and Poisson’s ratio of the conveyor belt and the material
are set as shown in Table 1.

Table 1. Solid domain material properties.

Material Density (kg/m?) Elastic Modulus (MPa) Poisson Ratio
Conveyor belt 1545 2810 0.49
Coal 1300 3500 0.32

Figure 15 is the equivalent stress cloud diagram of the conveyor belt and the material
at the time of 0.1 s. It can be seen that the stress in the bearing area of the conveyor belt is
very small due to the gravity of the material. However, the stress at the connection between
the bearing area and the non-bearing area of the conveyor belt is large. This is because
there is no material in the non-bearing area, and the amount of suspension in the conveyor
belt is slightly larger under the action of air cushion pressure, resulting in a larger stress on
the upper surface.

0.77486 Min

Figure 15. Equivalent stress cloud diagram at 0.1 s.
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The maximum and minimum equivalent stress curves of the conveyor belt during
the fluid-solid coupling process are shown in Figure 16. The maximum equivalent stress
changes considerably at 0-0.04 s, and the maximum equivalent stress is stable near 15,200 Pa
after 0.04 s. The minimum equivalent stress gradually stabilizes at 0.06 s and then stabilizes
near 0.78 Pa.
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Figure 16. Equivalent stress change curves. (a) Maximum equivalent stress change curve. (b) Minimum
equivalent stress change curve.

Figure 17 is the displacement curve of the conveyor belt. The variation trend of the
maximum and minimum displacement curves is basically similar. From the beginning of
the conveyor belt, there is a small increase, and it gradually stabilizes at 0.1 s. From the
size of the stable value, the difference between the maximum and minimum displacement
values is not large.
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Figure 17. Displacement change curve.

Figure 18 shows the pressure distribution of the air cushion at 0.1 s. The figure shows
that the pressure near the air inlet is maximum. It then gradually decreases from the center
of the conveyor belt towards the sides, eventually reaching zero. This behavior aligns with
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the characteristic that the air cushion pressure depends on the load. After loading, the
conveyor belt undergoes elastic deformation, and the air cushion pressure obtained from
the fluid—solid coupling simulation is basically consistent with the theoretical calculation.
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Figure 18. Air cushion pressure distribution at 0.1 s.

4. Experimental Platform Construction and Experimental Verification

The experimental platform is shown in Figure 19, with a length of 3 m. The mechanical
structure mainly comprises of a disk groove and a gas chamber. The micro-differential
pressure transmitter model is GH-130/Y-B8-mA, the range is 0-10 kPa, 24 V DC input,
4-20 mA DC output, and the stability is +0.5%. The laser displacement sensor model is
BL-100 NZ, its measurement range is 65~135 mm, the accuracy is 0.075 mm, the power
supply voltage is 24 V, and the reaction time is 10 ms. The micro-differential pressure
transmitter measures the pressure value at the lower hole of the conveyor belt. The laser
displacement sensor is arranged above the conveyor belt to measure the displacement in
the vertical direction of the conveyor belt, and the gas film thickness is calculated. The core
of the control system is the PLC. The PLC transmits the control signal to the inverter to
control the fan speed, which can change the air cushion pressure and air cushion thickness.
Labview2018 software was used to design the system data acquisition software. The data
acquisition module can monitor the pressure in real-time and alert when the pressure value
exceeds the limit value.

Figure 20 shows the cross-section of material accumulation. The experimental material
is coal, the density is 1300 kg/m3, and the loading mass is 150 kg. The conveyor belt is a
wire rope core conveyor belt of type ST-2000, with a bandwidth of 1000 mm, a thickness of
22 mm, and a mass per unit length of 34 kg.

The air cushion pressure was measured in the experiment, and the average was calcu-
lated from three sets of measurements. From Table 2, the theoretical values of the central
hole air cushion pressure exhibit a slight discrepancy when compared to the measured
values, with the theoretical values consistently higher than the experimental measurements.
Due to the influence of the elasticity of the conveyor belt, the force condition changes when
the suspension condition occurs, which increases the curvature of the conveyor belt and
results in additional pressure on the air cushion. However, in the actual situation, this
elastic strain will be restored, reducing additional stress. The theoretical calculation does
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not consider the additional stress caused by the bending of the conveyor belt, and the
pressure value will be smaller than the measured value.
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Figure 20. Material accumulation cross-section.

Table 2. Comparison of air cushion pressure results.

Air Cushion Position (m)

Method
X1 = 0.5 Xp = 0.5 X3 = 0.5
Experimental measurement 2200.56 Pa 2199.68 Pa 2201.32 Pa
Theoretical calculation 1851.78 Pa 1851.78 Pa 1851.78 Pa

Figure 21 shows the thickness distribution of the air cushion. The thickness measured
during the experiment is not much different from the theoretical calculation; the middle
value is large, and the edge value is small. However, the edge change of the conveyor belt
measured during the experiment is slightly different from the theoretical calculation, and
the change range at the edge is faster. The reason for this may be that the displacement of
the edge part of the conveyor belt is relatively unstable due to the absence of load.
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Figure 21. Air cushion thickness distribution.

5. Conclusions and Perspectives

On the basis of constructing the ideal parameter model, this paper assumes that the
load of the conveyor belt is evenly distributed to simplify the research on the air cushion
flow field and the bearing characteristics of the single-row hole air cushion belt conveyor,
and reveals the influence of air cushion thickness, air hole velocity, and belt speed on the
air cushion performance. Some conclusions are drawn as follows:

1. In this study, the air cushion structure model of the air cushion belt conveyor is first
constructed, and the theoretical formula of the air cushion pressure and the velocity
and pressure distribution of the gas inflow and outflow model is obtained through
mechanical analysis. These theoretical results provide a solid theoretical basis for the
subsequent numerical simulation and experimental analysis of air cushions.

2. Under certain conditions, this study reveals the influence of air cushion thickness, pore
velocity, and belt velocity on the performance of air cushions. Specifically, reducing
the thickness of the air cushion can improve its pressure and bearing capacity. The
pore velocity is linearly and positively correlated with its bearing capacity. At the
same time, the study also found that at a lower belt speed, the change of belt speed
has little effect on the air cushion performance and bearing capacity, which indicates
that the air cushion conveyor is very suitable for high belt speed operation.

3. In this study, the two-way fluid-solid coupling method is used to further analyze the
maximum equivalent stress, displacement curve, and air cushion pressure distribution
of the conveyor belt. Through numerical simulation and experimental verification, we
obtained the relationship between air cushion pressure and air cushion thickness and
found that the theoretical calculation was basically consistent with the experimentally
measured values, which verified the accuracy and reliability of the research results.

Due to the uneven thickness of the air cushion during the operation of the air cushion
conveyor, the research on the flow field characteristics and bearing characteristics of the
air cushion conveyor is still very challenging. This paper can be regarded as a preliminary
attempt to study the air cushion flow field and bearing characteristics of single row hole air
cushion belt conveyors. The conclusion is helpful to the system design of single row hole
air cushion belt conveyors. It should also be noted that the influence of gas eddy current
effect on the flow field and bearing characteristics of the air cushion is not considered in the
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theoretical analysis of the air cushion in this paper, which is also important for the design
of the air cushion belt conveyor. Therefore, further research work should be carried out on
the interaction of gas eddies on the air cushion flow field and load-bearing characteristics.
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Abstract: This study investigated the effectiveness of a dielectric barrier discharge (DBD) plasma
actuator operating in burst-in-burst (BIB) mode for flow separation control on a NACA 0015 airfoil.
Time-resolved particle image velocimetry measurements were conducted at a Reynolds number of
66,000 and 13° angle of attack. Various BIB signal configurations were tested, with actuation periods
of 70 ms and 150 ms, non-actuation periods ranging from 5 ms to 50 ms, and burst frequencies
of 300 Hz and 600 Hz. Proper orthogonal decomposition was applied to analyze the flow field
dynamics. The results showed that BIB actuation maintained flow attachment with reduced power
consumption compared with continuous burst actuation. However, the effectiveness was highly
sensitive to the BIB parameters, with some configurations failing to achieve consistent reattachment
and becoming unstable. This study reveals complex interactions between actuation vortices and
separation processes, highlighting both the potential and challenges of intermittent plasma actuation
for efficient flow control.

Keywords: plasma actuator; flow control; separation control; burst-in-burst; vortex generator; fluid
mechanics; particle image velocimetry; proper orthogonal decomposition; experimental

1. Introduction

Flow control is a crucial aspect of aerodynamics and fluid mechanics, significantly
impacting the performance, efficiency, and stability of various systems such as aircraft, au-
tomobiles, and wind turbines. By effectively managing the fluid flow (such as air or water)
around these systems, engineers can achieve benefits like reduced drag [1,2], increased
lift [3,4], and noise reduction [5,6]. Flow control methods can be broadly categorized into
passive and active types. Passive flow control devices, such as vortex generators, winglets,
or riblets, do not require an external energy source. While these devices are simple and
easy to implement, they are typically designed for specific operating conditions and may
not perform optimally in different situations. Conversely, active flow control devices, such
as synthetic jets, movable surfaces, and plasma actuators, require an external energy input.
The main advantage of active flow control devices is their ability to adapt to changing flow
conditions, offering greater flexibility and performance across a wider range of scenarios.

Corke et al. [7] described DBD plasma actuators as typically consisting of two elec-
trodes separated by a layer of dielectric material, as shown in Figure 1. When a high voltage
is applied to the electrodes, the surrounding air is ionized, forming non-thermal plasma.
The charged particles interact with the electric field generated by the electrodes and collide
with air particles, transferring momentum. This interaction accelerates the surrounding
neutral air, generating a jet that is tangential to the surface and directed from the exposed
electrode to the grounded one [8-10].
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Figure 1. Diagram of plasma actuator installed on wing model.

Plasma actuators offer several advantages over traditional flow control methods. They
have no moving parts, potentially reducing maintenance and increasing reliability. They
can also respond almost instantaneously to control signals, which allows us to use them
with high-frequency control inputs. Moreover, plasma actuators can be easily retrofitted
onto existing structures, without significant modifications [11]. However, they also have
disadvantages, such as significant power consumption, which can be a limiting factor for
some applications [12], and a relatively small body force generation, which might not be
sufficient for controlling large-scale flows without using multiple actuators.

Numerous studies have investigated the specific electrical and geometric parameters of
dielectric barrier discharge (DBD) plasma actuators that influence performance [13,14]. Re-
search indicates that increasing the applied voltage, while maintaining a small but positive
electrode gap, can significantly enhance maximum ionic wind velocities [15]. The config-
uration of the active electrode is another major factor, where substituting a standard flat
electrode with a thin wire can boost the velocity and minimize streamer formation [16].
Experimental investigations have also explored the effects of varying the number and
arrangement of encapsulated electrodes within the dielectric layer [17]. Efforts have been
directed towards identifying an effective multi-electrode configuration that overcomes the
negative interactions between successive DBD plasma actuators [18]. The selection of dielec-
tric material and its thickness plays a crucial role in actuator performance, with materials
like Kapton demonstrating superior results at specific voltage frequencies [19].

Plasma actuators have been found to be sensitive to flow [20-28] and environmen-
tal [29-32] conditions, which can change the optimal electrical settings for the plasma
actuator. Recent advancements have focused on the implementation of feedback control
for flow separation using plasma actuators [33—40]. This approach aims to optimize ac-
tuator performance by dynamically adjusting to changing flow conditions, consequently
enhancing the overall efficiency and effectiveness of the system.

A significant breakthrough in the field of plasma actuators was the use of burst
actuation. Burst actuation involves modulating the actuation frequency, applying a high
voltage in short, periodic bursts rather than continuously. While in continuous actuation a
plasma actuator simply provides a steady linear momentum to the flow, a plasma actuator
with a burst signal behaves like a spanwise vortex generator, creating vortices with each
burst. This approach has been shown to reduce power consumption while maintaining,
or even enhancing, the effectiveness of the actuators [41]. Viguera et al. [42] studied the
effects of activating and deactivating control using a plasma actuator under normally
separated flow conditions. The flow reattachment process when activating the plasma
actuator was substantially observed to be faster than the separation process, even with
burst frequencies considered sub-optimal for steady separation control. This asymmetry
suggested that intermittent actuation in a burst-in-burst (BIB) pattern, in which the burst
actuation is intermittently turned on and off, could further improve the efficiency of plasma
actuators. Figure 2 shows an example of a new signal with a BIB pattern. This method
involves adding a new layer of low-frequency modulation to a typical burst signal.

This study analyzed the effects of a leading-edge plasma actuator driven by a BIB signal
on flow separation, comparing various combinations of actuation and non-actuation periods.
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Single burst

Burst set, Tgig, on TgiB, off

Figure 2. Example of driving signal of plasma actuator in BIB mode.

The methodology consisted of obtaining time-resolved particle image velocimetry
(PIV) data of the flow field, centered on the recirculation region. The plasma actuator was
initiated along with the recording of particle images. Due to the 0.25 s required for the
laser to reach full operating power after the initial triggering, data from the first 0.25 s of
each run were excluded from analysis. This was a sufficiently long time for the longest
BIB period signal to complete well over one full period, meaning that the reattachment
transient processes from quasi-steady separated conditions should not affect the results.
After completing data acquisition, proper orthogonal decomposition (POD) was applied to
the entire set of stacked PIV data.

Here, POD is a technique that breaks down high-dimensional data into a superposition
of simpler modes, which can provide a low-dimensional description of the most significant
features of the flow field [43]. This analysis provides more easily interpretable insights into
the data, based on the superposition of coefficients associated with leading spatial modes,
and is an effective tool in this scenario because the main variations in the flow field are
naturally defined. Figure 3 illustrating the energy ratio of POD modes shows that the first
mode alone expresses 60% of the total energy and is a good indicator of the overall state of
the flow field in terms of separation and attachment.

0.02
.8
& 0.5 0.01
>
20
E 0
0 0.01
10° 10! ‘
Mode -0.02

Figure 3. (Left): energy ratio of POD modes. (Right): spatial distribution of first POD mode.

The curl of the velocity fields was calculated, and the vorticity field was obtained.
Lastly, phase-averaged data were also analyzed, averaging the actuation and non-actuation
periods of each case. The time measurements were conserved across cases, rather than
analyzing at the same fractions of the cycle, and flow phenomena were characterized. The
time required for the separation and reattachment processes was measured from the last
control state when the plasma actuator was turned off and on, respectively.

2. Experimental Setup and Methodology

The wind tunnel used for this work was the Tohoku University Basic Aerodynamic
Wind Tunnel, with a closed test section of 300 mm x 300 mm and an open circuit. The wing
model was a NACA 0015 airfoil with a span of 300 mm and a chord length of 100 mm.
The wing had piezoelectric pressure sensors installed, but their data were not considered
in the analysis, due to intense electromagnetic noise from the plasma actuator. The plasma
actuator was installed on the leading edge of the wing, with the exposed electrode on the
suction side, as shown in Figures 1 and 4. The electrodes of the plasma actuator were made
of copper tape with a thickness of 0.07 mm. The exposed electrode had a width of 6 mm and
the grounded electrode was 14 mm, with a gap between them of 1 mm centered along the
leading edge of the wing. The layer of dielectric material was made of polyimide tape with
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a thickness of 0.05 mm. The overall dimensions of the plasma actuator were approximately
200 mm long spanwise and 21 mm wide chordwise. The electrodes of the plasma actuator
were connected to a PSI-PA1050 (PSI, Kawagoe, Japan) high voltage amplifier with a ratio
of 1:1800, and a maximum voltage of 8 kV peak to peak was delivered. The driving signal
was created using a WF1948 (NF Corporation, Yokohama, Japan) function generator, with
custom functions for each BIB configuration.

Figure 4. (Left): plasma actuator as installed on wing model. (Right): detail of gap between elec-
trodes.

The signals sent to the amplifier of the the plasma actuator were generated with the ba-
sic structure shown in Figure 2, with the observations from our previous work in mind [42].
The reattachment process was observed to take Ty, ~ 7 to reach a quasi-steady condition.
The separation process progressed slowly until To¢ ~ 3. Here, Ty and Ty nondimensional
times elapsed from the start and end of actuation, respectively, nondimensionalized by
u . Considering this, the minimum Tgyg on (overall period of burst actuation, nondimen-
sionalized by the same factor) was set at 7, as it was suspected that a shorter actuation
period might not be able to achieve full reattachment in certain conditions. Additionally,
a value of Tgrg on = 15 was also tested, so that the interruptions of the separation process
could be isolated with a, in principle, sufficiently long time. Here, a sufficiently long time
TgiBon = 15 seemed to guarantee a fully quasi-steady attached condition before the actua-
tion was stopped. The periods of non-actuation Tgyp o Were determined as a range between
0.5 and 5 in increments of 0.5, so that the effects of interrupting the separation process at
some of its more relevant stages could be verified for this application. Additionally, two
different burst frequencies were selected for the actuation mode inside each Tgig on period,
300 and 600 Hz, or nondimensional frequencies F + equal to 3 and 6, respectively. The burst
ratio for the burst actuation was 0.1, and the frequency of the sinusoidal wave was 30 kHz.

The experiments were conducted at a freestream velocity of 10 m/s, corresponding to
a Reynolds number of 66,000, and the angle of attack was 13°, conditions at which there
was consistent boundary layer separation at the leading edge of the wing.

The PIV data acquisition was performed with an LDY-303PIV (Litron Lasers, Rugby,
England) Nd:YLF laser illuminating dioctyl sebacate (Tokyo Chemical Industry, Tokyo,
Japan) particles, and a Phantom v2640 (Vision Research, Wayne, NJ, USA) high speed
camera synchronized with the laser captured images at a frequency of 10 kHz, which
translates to a PIV sampling frequency of 5 kHz. The image data were then processed
using Dynamic Studio 6.11 (Dantec Dynamics, Skovlunde, Denmark). After background
removal, the velocity field was obtained with the program’s adaptive PIV algorithm with
an8 x 8 px2 interrogation window.

Pressure data were also obtained in two ways: steady and unsteady pressure sensors.
The wing had 29 ports for steady and 9 for unsteady pressure measurements, although many
of them were unavailable, due to either being physically blocked by the plasma actuator (the
ports are concentrated near the leading edge, with fewer spread over the chord length) or
individual pressure transducers not working properly. The steady pressure sensors had the
disadvantage of a low sampling frequency, meaning they were not adequate for studying
the quick pressure changes of an experiment of this nature, but they formed a backup of the
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PIV data. The unsteady pressure sensors, on the other hand, were extremely sensitive to the
electromagnetic noise from the plasma actuator, because of their close proximity. For this
reason, and the fact that breaks in actuation were short given the control signals used, most of
their data were unusable. A simplified diagram of the equipment connections is shown in

Figure 5.
IHV Ampl
+ & GND

Flow l PA
Static Pressure
Transducer

| Unsteady Pressure

Data PC | Signal Amp| Sensors

7
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Figure 5. Schematic diagram of experimental setup.

3. Results and Discussion

The results were first divided into three sets of conditions, depending on their Tgyp ;.
This was because each set showed different tendencies and effects, mainly caused by the
difference in the distinctive stages of the separation process at the time when it was interrupted.

3.1. TBIB,Off 0.5t01.5

First, the cases with Tgp o shorter than 2 were analyzed. These cases were charac-
terized by a stable reattachment during each actuation. Figure 6 shows phase-averaged
U velocity fields of four different conditions at the end of their respective periods of no-
actuation. During the non-actuation periods, a separation bubble grew to nearly 20% of the
chord length at Tgyp off = 0.5, around 30% at Tgp off = 1, and 35% to 45% at Ty o = 1.5.
The burst frequency F™ = 3 induced larger vortices into the flow than F* = 6, which made
the separation process slightly faster during Tg;p of, leading to larger separation bubbles,
by 5% to 10%.

IU /e =048

(a) F* =3and TBIB,off =05 (b) Ft =3and TBIB,off =15

tb /c—048 fU /c =148

-

(C) Ft = 6 and TBIB/oﬁ‘ =05 (d FT =6and TBIB off = =15
Figure 6. Phase-averaged U velocity component at end of the non-actuation period for the cases of

TBon = 7-

Figure 7 shows the vorticities of the flow field phase-averaged for the actuation
periods, with the phase measured in nondimensional time from the start of actuation.
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Additionally, plots of the coefficient of the first POD mode for the corresponding cases are
shown, and the coefficient is compared with the time-averaged coefficient of the first POD
mode for a continuous actuation reference case (z ~ —116) and that of a fully separated
(non-actuation) reference case (z =~ 487).

A small, but stronger than normal, clockwise vortex of plasma actuators flowed
continuously from the leading edge as the actuation recovered in the case of Tgyp ofr = 0.5.
These vortices are shown in Figure 7a near x/c values of 0.1 and 0.2. The reattachment
vortices became even larger with greater vorticity at their core in the case of Ty off = 1,1.5,
as shown in Figure 7c near x/c values of 0.2 and 0.3 for T off = 1 and in Figure 7e near
x/c values of 0.1 and 0.3 for Tgpp off = 1.5. These vortices were observed to immediately
break down into a large set of eddies, which caused the peaks in the first POD mode
coefficient for the different cases, as observed in Figure 7d,f. The vortex structures spread
slightly further for the F + = 3 cases, likely due to its actuation vortices being naturally
larger than those for F™ = 6. It should be noted that these reattachment vortices rotate in
the clockwise direction, which decreases lift.

In addition, the separation bubble was never completely eliminated, but it was con-
tained at a small size, with only vortices influenced by the actuation shed from it.

500

R -
-500
0 50 100 150
tU/c
(b)
500
N 0 |
A A A A A AN
500
0 50 100 150
tU/c

500

0 50 100 150
tU/c
(e) ®
Figure 7. Vorticity and time history first POD mode coefficient for the cases of F™ = 6 and Tpip on =
15. In subfigures (b,d,f), blue and red shaded areas indicate periods of actuation and no actuation,
respectively, and the top and bottom horizontal thin lines show the averaged first POD mode
coefficient values at the fully separated and fully attached conditions, respectively. (a) Phase-averaged
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vorticity of reattachment vortices with Tgyp o = 0.5. (b) Time history of first POD mode coefficient
for Tgig off Of 0.5. (c) Phase-averaged vorticity of reattachment vortices with Ty o = 1. (d) Time
history of first POD mode coefficient for Tgp of of 1. (e) Phase-averaged vorticity of reattachment
vortices with Tgg o = 1.5. (f) Time history of first POD mode coefficient for Tgrp of of 1.5.

3.2. TBIB/Off 2.0to 3.5

The second set of cases had a Tgp o that ranged from 2 to 3.5. The Ty o periods
of these cases, particularly 3 and 3.5, fell inside the range where the separation bubble
became large enough to cover the entire chord length of the wing when the actuation was
ended, while the flow was quasi-steady. These cases showed a significant deterioration in
the reattachment. Some cases did not complete reattachment before the plasma actuator
was switched off, even with Tgig o, = 15. Figure 8 shows the first POD mode coefficient
of characteristic cases with Ty of values of 2 and 2.5. Here, the effectiveness of the case
of Ft' = 3, Tgigon = 7 and Tprp o = 2.5 (Figure 8a) was better than that of F* = 3,
TgiBon = 15, and Ty o = 2 (Figure 8b), which had a longer actuation time and shorter
non-actuation time. At the same time, the cases with F™ = 3, Tgjp o = 2.5, and Tgp,on
values of 7 and 15 showed significantly better reattachment characteristics than the case
of F™ =6, Tgigon = 7, and Tyyp off = 2.5, even though F™ = 6 was considered to perform
better for the shorter Tgip of periods.

500 500 8
-500 -500 o
0 50 100 150 0 50 100 150
tU/c tU/c
(@) F™ =3, Tgig,on = 7, and Ty off = 2.5 (b) F™ =3, Tgig,on = 15, and Tpp ot = 2.0
500
-500 -500 o
0 50 100 150 0 50 100 150
tU/c tU/c
(¢) F* =3, Tgi on = 15, and Tpp ot = 2.5 (d) F™ = 6, Tgig,on = 7, and Ty off = 2.5

Figure 8. Time histories of first POD mode coefficient for Tgip of of 2.0 and 2.5. Here, blue and red
shaded areas indicate periods of actuation and no actuation, respectively, and the top and bottom
horizontal thin lines show the averaged first POD mode coefficient values in the fully separated and
fully attached conditions, respectively.

Figure 9 shows the two worst-performing cases of the entire dataset. Figure 9a,b
present the case with the highest average value of z, and the case that failed to achieve
reattachment at all actuation periods, respectively. The four worst cases happened to
be at Tggoff = 3.5, although it is difficult to establish a connection with the separation
transient process from a fully attached condition, when reattachment was barely achieved
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in these cases. When reattachment failed, large vortices were continuously shed from the
leading edge, without an immediate reduction in size, as occurred when reattachment was
successful. This suggests there was a complex and highly condition-sensitive interaction
between the actuation vortices and the separation vortices near the leading edge.

soo [NENER RN ERANEERE
N 0 N
500 -500
0 50 100 150 0 50 100 150
tU/c tU/c
(a) F* =3, Tgigon = 7, and Tyyp o = 3.5 (b) F* =3, Tgigon = 15, and Tgp off = 3.5

Figure 9. Time histories of first POD mode coefficient for F* = 3 and Tgyp ot = 3.5. Here, blue and
red shaded areas indicate periods of actuation and no actuation, respectively, and the top and bottom
horizontal thin lines show the averaged first POD mode coefficient values in the fully separated and
fully attached conditions, respectively.

Failure of reattachment also suggests that by the time the plasma actuators had been
turned off, there was already a separated flow to varying degrees, and that the plasma
actuator was not always turned on in the same separation phase. Figure 10b shows the
case of F* = 3, Tgigon = 15 and Tgjp off = 3. There is a clear peak in the z curve without
any actuation at t% ~ 80, which indicates the shedding of the large vortex, followed by a
substantial reduction in the size of the recirculation region. This kind of vortex shedding
may occur at t% > 5 after the end of actuation from a fully attached condition, but was
not observed to occur in any cases within t% = 3 in our previous work [42].

tU__/c = 82.50; PA off

@ (b)
Figure 10. U velocity component and time history of the first POD mode coefficient for the case of
Ft =3, TgiB,on = 15, and Tgpp o = 3.0. In subfigure (b), blue and red shaded areas indicate periods
of actuation and no actuation, respectively, and the top and bottom horizontal thin lines show the
averaged first POD mode coefficient values in the fully separated and fully attached conditions,
respectively. (a) U velocity component with large vortex shed and dissipating. (b) First POD mode
coefficient of F™ = 3, Tgig,on = 15, and Tpjp ot = 3.0.

3.3. TBIB,off 4.0t0 5.0

Lastly, the set of cases with T off 4.0 to 5.0, where the actuator was turned on
in the vortex shedding stage of the separation process, are discussed. In these cases, a
small but noticeable improvement in effectiveness over the previous set was observed.
Figure 11 shows the coefficient of the first POD mode for all of the cases in this Tgyp off
range. Although the value of z at the time the plasma actuator was reactivated tended to
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increase significantly more than in the cases of Tgyp o 2.0 to 3.5, half of the cases showed a
relatively good control authority compared with the previous set. This suggests that the
flow state during Tgyp off had reached a degree close to a completely isolated quasi-steady
state, where the plasma actuators recovered some effectiveness.

0 50 100 150
tU/c tU/c
(a) F =3, Tgigon = 7, and Tip off = 4.5 (b) F* =6, T,on = 7, and Tpip off = 4.5

500 500

-500 -500

(=}

50 100 150 50 100 150
tU/c tU/c
() F™ =3, Tpipon = 15, and Tpyp oft = 4.5 (d) F* = 6, Tpis,on = 15, and Tgipof = 4.5

(=1

500 500

-500 -500

(=}

50 100 150
tU/c tU/c
() F* =3, Tgip,on = 15, and Tgyp oft = 5.0 (f) F* =6, Tgi,on = 15, and Tgyp of¢ = 5.0

(=1

50 100 150

Figure 11. Time histories of the first POD mode of the Tgip o 4.5 and 5.0 cases. Here, the blue and
red shaded areas indicate periods of actuation and no actuation, respectively, and the top and bottom
horizontal thin lines show the averaged first POD mode coefficient values in the fully separated and
fully attached conditions, respectively.

An unexpected occurrence was observed during one of the actuation periods of
the case of F* = 6, Tpigon = 15, and Tpipof = 4.5 (Figure 11d), where the plasma
actuator failed to keep the flow attached, even after seemingly achieving full reattachment.
Figure 12 shows the U velocity component at the times when the flow became fully
attached, and when it began separating again during actuation. While this behavior was
not observed in any other actuation period or case, it raises concerns about the stability
and the repeatability of intermittent control. Further experiments are necessary to find the
cause of this type of failure, as key information may be hidden outside the camera frame
chosen in this study.
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tU_/c = 116.00; PA on c =118.20; PA on
o0 o0

Figure 12. U velocity component of F* = 6, Tgg on = 15, and Tgyp ot = 4.5 before (left) and after
(right) separation during actuation.

3.4. Effectiveness Comparison

Figure 13 shows the phase-averaged coefficient of the first POD mode on the actuation
periods, directly comparing all of the cases and the effect of the different parameters in the
different stages of actuation.

Although F' had a relatively small influence on the decrement rate of z in most
cases and, as mentioned in Section 3.1, the separation bubble in the shorter Tgp .ff cases,
the higher burst frequency noticeably improved the quasi-steady state, which translated
to a weaker separation level during Tgipofr, and in turn smaller reattachment vortices
after the plasma actuator was turned on again. These vortices had a significant impact
nonetheless, and proportionately they had a larger effect on the z value of cases with
successful reattachment than those that failed to reattach consistently.
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300} g T 15 300 e,
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—T =45
N oo, off N 100
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(a) Ft =3and TBIB,on =7

400 400 T =05
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300 300 - To!
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0
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td?Uoc/C tc’)Uoc/C
(C) Ft =3and TBIB,on =15 (d) Ft =6and TBIB/on =15

Figure 13. Comparison of phase-averaged first POD mode during actuation for all cases.

Some cases, particularly those where actuation was generally effective with few or no
reattachment failure events, showed a reduction in the time at which the peak of z occurred.
In these cases, the decrease in the z value began earlier and the z value peak was smaller
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with F* = 6. Other cases, such as the ones with Tpjp on = 7 and Tgip ot = 2.5, and those
with Tppon = 15 and Tpppoff = 5, presented drastically different behaviors at either F*
value. This trend reinforces the idea that the effectiveness of a burst frequency is highly
dependent on very specific flow conditions.

Figure 14a shows a simplified curve of the separation process, based on the results
of our previous work [42], for visual reference. The cases this curve represents had a
quasi-steady separation first POD mode value of approximately 300, and a quasi-steady
attached value of approximately —400, explaining the differences with the values of the
current tests. The time was measured from the instant the plasma actuator was turned off.
Additionally, the standard deviation is included to illustrate the differences across runs in
their attached conditions and the evolution of the different separation processes. On the
other hand, Figure 14b—e show the phase-averaged first POD mode for the non-actuation
period of the current test.

1000
500
N
5007
-1000
0

5 1 -
toUs/c

(d) (e)
Figure 14. Comparison of phase-averaged first POD mode during non-actuation for all cases.

(a) Nllustration of z after separation started [42]. (b) F* = 3 and Tppon = 7- (¢) Ft = 6 and
TBIB,on =7. (d) Ft =3and TBIB,on =15. (e) Ft =6and TBIB,Dn =15

2 3

206



Actuators 2024, 13, 435

The first point to notice is the difference in the initial value of the different cases. It
is clear that failure to achieve reattachment led to a significantly increased initial z value.
These cases exhibited smaller variations in z over time compared to cases of similar duration
with more effective reattachment. This is partially because its growth tends to slow down
once the separation region is established over the entire chord of the wing. In addition,
the flow being separated at the start of Tgyp o¢f means that large vortices can shed early,
potentially decreasing the area of the recirculation region, which leads to smaller values of
z on the latter half of the Tgp of period, an effect that rarely appears early in the separation
process from a fully attached condition, as explained in Section 3.2. Nevertheless, these
cases showed a critical failure in the BIB settings, as during this period it is necessary that
the flow remains attached for as long as possible.

Comparison of the cases in which reattachment was achieved illustrates that there
was a variation of 100 in the z values. This is likely explained by Figure 14a, which shows
the z value history in the same operating conditions that achieved quasi-steady attached
flow for all 30 runs of the ensemble. Despite differing initial values, the curves tend to
converge near fyl/c = 2.5. Figure 14a also shows this convergence as a narrowing of
the standard deviation band at the same point in the separation process. After this point,
the curves tend to diverge, possibly indicating different behaviors in the vortex shedding
stages of the separation process. However, it is difficult to discern the impact of the failure
of reattachment events in the phase-averaged data.

The shorter Typ off cases showed minimal changes in the z value, which is the expected
behavior for a working BIB signal.

Lastly, we discuss the difference between the first POD mode coefficients of each case
and the reference value for the fully attached flow established in Section 3.1, to create a
metric for the effectiveness of each case. We also evaluate the power consumption using
the ratio of the actuation time of the plasma actuator. The attachment effectiveness and the
power consumption are defined as follows:

Effectiveness = 100 x <1 - M) , 1)
Zsep — Zatt
T
Power consumption = 100 x BIB,on 2

— ‘BBon
To1B,oft + TBIB,off

where Zpy is the mean value of the first POD mode of the BIB case during fully captured
cycles, and Zyt and Zsep are the reference values for fully attached flow and fully separated
flow, respectively. The effectiveness in Equation (1) is expressed as a percentage of the
effectiveness of continuous burst actuation at F© = 6. The power consumption is also
expressed as the percentage of the consumption of the plasma actuator under continuous
burst. Given that the burst ratio is the same, it is estimated as the fraction of time with
actuation over the total BIB signal time, as shown in Equation (2).

Figure 15 shows the estimated effectiveness and power consumption for all the cases.
Since the reference values for separated and attached conditions are approximate and
inter-run variance is significant, effectiveness values slightly above 100% do not necessarily
indicate the superiority of a particular BIB signal over continuous burst actuation. Likewise,
small differences between conditions may not be statistically significant.

Figure 15 gives us two main observations: F* = 6 works better than F* = 3 at equal
Tg1,off almost every time, and more importantly for BIB as a control method, the drop in
effectiveness follows the trend of the reduction in consumption. For F + = 6, the effec-
tiveness is maintained briefly when Tgyp o values are up to 1. However, the effectiveness
rapidly declines as Tgyp off increases beyond this point. In the range of Tgyp off between 2 and
3.5, the actuation tends to fail to achieve reattachment, causing the effectiveness to power
consumption ratio to drop significantly in most cases. This leads to a highly ineffective and
inefficient actuation. A few exceptions to this were noticed, notably Tgjp off = 2.5, where
three of the four cases consistently achieved reattachment. With successful reattachment,
the effectiveness was at the level of the power consumption, leading to a similar efficiency
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(regarded as the ratio of effectiveness to power consumption, relative to the continuous
burst mode) as that of cases Tgpoff < 2. As Tpp off increases further, the effectiveness
appears to align once again with the decreasing trend in power consumption.

It should be noted that this effectiveness metric could be overestimating the effective-
ness of the plasma actuator, as the region immediately surrounding the leading edge of
the wing could not be observed in the images for PIV, implying that there is information
missing to comprehensively quantify the state of the flow field around the wing. All of
this means that, at most, an efficiency increase of approximately 15% can be expected from
using BIB signals, although this value might decrease noticeably in actual use.

120 120 120

= 2
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(@) Tpion =7 (b) TpiB,on = 15

Figure 15. Comparison of actuation effectiveness and power consumption of all cases.

4. Conclusions

This study investigated the effectiveness of a DBD plasma actuator operating in BIB
mode for flow separation control on a NACAO0015 airfoil. The results demonstrated that
BIB actuation could effectively control flow separation, while reducing power consumption
by up to 15% compared to continuous burst actuation. However, the effectiveness was
highly sensitive to BIB parameters, particularly Tgig of. Shorter non-actuation periods
(TgiB,off < 1.5) consistently achieved reattachment, while longer periods often resulted in
incomplete or inconsistent reattachment.

Higher burst frequencies (F* = 6) generally outperformed lower frequencies (F* = 3),
especially in maintaining quasi-steady attached flow states. When full reattachment was
consistently achieved, the separation bubble increased with Tgyp o, with corresponding
large reattachment vortices at the start of each actuation cycle. Complex interactions
between actuation vortices and separation processes were observed with larger Ty of¢
values, particularly for intermediate Tgyp o values (2.0-3.5), where reattachment was often
incomplete. This suggests a delicate balance between actuation and flow dynamics, which
requires careful optimization. At larger Tgip off values (4.0-5.0), the flow at the end of
each Tgp off period more resembled a quasi-steady separated flow, which improved the
reattachment process, though complex vortex interactions persisted. Notably, the effective-
ness of the plasma actuator in BIB mode decreased at roughly the same rate as the power
consumption, except for Tgyp off Values between 2.0 and 3.5, where the effectiveness could
drop significantly. This indicates that the benefits of BIB control are limited to short Tgyp off
periods.

Future work should focus on refining BIB strategies to enhance stability and exploring
their applicability across a wider range of flow conditions and geometries. Additionally,
further investigation into the mechanisms of reattachment failure during actuation periods
is necessary to improve the robustness of BIB control systems.
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Abbreviations

The following abbreviations are used in this manuscript:

o Standard deviation

BIB Burst-in-burst

c Wing chord

DBD Dielectric barrier discharge

T Nondimensional burst frequency
PIV Particle image velocimetry

POD Proper orthogonal decomposition
t Time

TgBon Nondimensional period of time with actuation
TeBoff Nondimensional period of time without actuation

u Horizontal component of wind velocity

Ueo Freestream velocity

z First POD coefficient

Zatt Time average of z during quasi-steady controlled condition
ZBIB Time average of z over fully captured BIB cycles

Zsep Time average of z during fully separated condition
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Abstract: In the present study, to address the issue of flow rate instability in the flow
boiling experimental system, a flow rate adaptive control system is developed using a
single-neuron PID adaptive algorithm, enhanced with the whale optimization algorithm
(WOA) for parameter tuning. A recursive least-squares online identification method is
integrated to adapt to varying operating conditions. The simulation results demonstrate
that in step response the WOA-improved single-neuron PID significantly mitigates the
overshoot, with a mere 0.31% overshoot observed, marking a reduction of 98.27% compared
to the traditional PID control. The output curve of the WOA-improved single-neuron PID
closely aligns with the sinusoidal signal, exhibiting an average absolute error of 0.120,
which is lower than that of the traditional PID (0.209) and fuzzy PID (0.296). The WOA-
improved single-neuron PID (1.01 s) exhibited a faster return to a stable state compared to
the traditional PID (2.46 s) and fuzzy PID (1.28 s). Finally, the effectiveness of the algorithm
is validated through practical application. The results demonstrate that, compared to
traditional PID and single-neuron PID algorithms, the WOA-improved single-neuron PID
algorithm achieves an average flow stability of 9.9848 with a standard error of 0.0914394. It
exhibits superior performance, including faster rise and settling times, and higher stability.

Keywords: flow boiling experimental system; WOA-improved single-neuron PID; RLS;
flow control

1. Introduction

Heat exchangers play a crucial role in various sectors including chemical engineering,
automotive, food, and many others [1-3]. they facilitate processes such as heat transfer,
temperature regulation, and energy efficiency enhancement. Fin and tube heat exchangers
are one of the most common types of compact heat exchangers [4]. Many factors influence
the performance of heat exchangers [5-8]. The flow distribution characteristics of gas-liquid
two-phase fluid within the plates under various operating conditions are crucial factors
influencing the performance of heat exchangers [9]. The flow distribution characteristics
of heat exchangers include flow distribution, pressure loss, temperature distribution, and
so on. In the study of heat exchanger performance, research methods typically include
physical experiments and numerical simulations. Mehrpooya M et al. [10,11] employed
numerical simulation methods to model and analyze various types of heat exchangers,
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investigating their heat transfer performance under different structural configurations and
operating conditions. Mehdi M et al. [12]. performed a three-dimensional CFD numerical
simulation of a coaxial borehole heat exchanger and determined the optimal operating
conditions for the heat exchanger. Their findings offer valuable insights for optimizing
heat exchanger design. Many researchers have also conducted experimental studies on the
heat exchange performance of various types of heat exchangers. Li Jun et al. [8] studied the
influence of flow distribution deviation and nonuniformity on heat transfer performance
and outlet temperature distribution by controlling flow rate, and the results show that the
heat exchanger has the best performance under uniform inlet flow. Wei chao Lao et al. [13]
conducted experimental studies on the flow boiling of refrigerant R134a in a plate heat
exchanger with certain temperatures, pressures, and mass flow rates while also analyzing
the effects of vapor quality and mass flux on the variation of heat transfer coefficient (HTC).
Burak Markal et al. [14] studied the effect of inlet temperature on flow boiling behavior of
expanding micro-pin-fin type heat sinks under a certain flow rate, and it was concluded
that inlet temperature is an influential parameter for thermal characteristics, as are pressure
drop values. From the previous references, it can be seen that scholars pay special attention
to the parameters of flow, temperature, and pressure when studying the boiling flow
characteristics of heat exchangers. These parameters directly influence the heat transfer
mechanism, flow regime, system stability, and boiling efficiency. A systematic study of
these parameters facilitates a better understanding and optimization of the boiling process,
improves heat exchange efficiency, and reduces energy waste. Tahseen et al. [15]. believe
that flow is an extremely important parameter that can affect the heat transfer coefficient
and pressure drop of a heat exchanger. Flow rate directly impacts heat transfer efficiency,
system stability, and safety, so flow control is critical in flow boiling experimental systems.
Real-time flow control can track changes in operating conditions, preventing issues such
as equipment overheating and bubble dry-out. Therefore, it is very important to develop
a flow boiling experimental system with adaptive flow control. The system encompasses
the measurement of system temperature, pressure, and flow rate, along with the adaptive
control of pipeline flow and heating power.

To control the flow, many researchers have conducted studies in this area. Yunbin
Cheng [16] designed a PID controller for the water circulation system in a dynamic flow
detection device. Experimental results demonstrated that the control system effectively
enhanced the stability of the water circulation system’s flow rate. Qixing Liu [17] proposed
an expert PID control algorithm for flow control systems, and simulation results indicated
that the algorithm enhanced control accuracy and dynamic performance. E. B. Priyanka
et al. [18] devised a fuzzy PID controller designed to automate oil pipeline systems. Experi-
mental results demonstrated that the controller maintained flow within a specified range
while achieving optimal performance and minimal time delay.

In summary, previous studies have primarily focused on the effects of flow, tempera-
ture, and pressure on heat exchanger performance; however, several research gaps remain,
which this study aims to address:

Although PID, fuzzy PID, and expert PID controllers are widely used for flow control,
they struggle to maintain optimal performance under the varying operating conditions
of this experimental system. Traditional PID requires manual parameter tuning, which
can result in instability and inefficiency as operating conditions change. Although fuzzy
PID and expert PID methods offer greater flexibility, they still demand significant expertise
for tuning and are sensitive to external disturbances, limiting their practical application
in dynamic flow boiling experimental systems. In addition to this, the flow boiling ex-
perimental system lacks real-time and adaptive control, as most studies focus on the flow
boiling characteristics of plate heat exchangers, with limited attention to the development
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of adaptive control systems. Real-time adaptive control is essential for maintaining op-
timal performance and preventing issues such as overheating or bubble drying, which
directly impact the system’s efficiency and safety. Absence of Effective Control Solutions
for Variable Operating Conditions: Existing flow control methods often fail to provide
adequate real-time adjustments to changes in load and operating conditions. As a result,
maintaining consistent and reliable performance in flow boiling experimental systems
remains a challenge.

Novelty of This Research: Introduction of WOA-Improved Single-Neuron PID Adap-
tive Control: This study introduces a novel whale optimization algorithm (WOA)-improved
single-neuron PID adaptive control system. Unlike traditional PID or fuzzy PID controllers,
this method allows for more efficient parameter tuning without the need for manual
adjustments, making it suitable for flow boiling systems that experience varying operat-
ing conditions.

Adaptive Control for Flow Boiling Experimental Systems: The proposed control
system is specifically designed to enhance the performance of flow boiling experimental
systems. By implementing real-time adaptive control, this research ensures that flow can be
adjusted automatically, thus improving the system’s ability to handle dynamic conditions.
By addressing these gaps, this research provides a more adaptive flow control solution for
flow boiling experimental systems.

The following are the novelties of this paper:

A single-neuron PID adaptive control algorithm optimized by the whale optimization
algorithm (WOA) is proposed for the flow control of the flow boiling experimental sys-
tem. The algorithm optimizes the scaling factor through WOA, overcomes the defect of
traditional PID requiring manual parameter adjustment, and significantly improves the
response speed and robustness of the system.

In order to solve the problem that the parameters of the flow rates model fluctuate
due to the change in operating conditions, this paper combines the RLS method for online
identification. This method improves the accuracy of model identification and enables the
control algorithm to dynamically adapt to the changes of the flow model.

2. System Design

Our research focuses on developing an experimental system for flow boiling that
incorporates adaptive control ability. The experimental system requires to measure pressure,
temperature, and flow. Given that the refrigerant must enter the heat exchange plate with
a specific dryness, it is essential to regulate the flow and temperature within the system.
The system’s experimental temperature is controlled by the heating power, the flow rate is
regulated by the motor speed, and the pressure is influenced by the quality of the injected
refrigerant, heating power, and flow rate.

The experimental system comprises a computer (Savior y7000, Lenovo, Beijing, China),
data acquisition cards (I-7017, Hongge Technology Co., Ltd., Shanghai, China), flow meter
(DMF-1, Zhongxing Bona automation equipment Co., Ltd., Xian, China), reservoir (Make
by oneself), temperature sensors (thermocouple and PT100) (K type thermocoupleand
PT100, Jiumao Automation (Dalian) Co., Ltd., Dalian, China), pressure sensors (JM-801,
Anhui Jiamin instrument Co., Ltd., Anhui, China), preheater (Make by oneself), heating
rods (Make by oneself), MS20CA power controllers (MS20CA, Zibo Silicon Microelectronics
Technology Co., Ltd., Zibo, China), gear magnetic pump (CS.Y015, Shenzhen Weikeda
precision Technology Co., Ltd., Shenzhen, China), product (fins) (Make by oneself), con-
densers (Make by oneself), and chiller (DHF-50/80,Shanghai Sinovac Instrument Co., Ltd.,
Shanghai, China). The schematic diagram of the system is illustrated in Figure 1. The entire
experimental setup constitutes a cyclic system. At the onset of the experiment, refrigerant is
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injected into the reservoir, then the magnetic pump propels the refrigerant to flow through
the pipeline. The condenser transforms the refrigerant from a gas state to a gas-liquid
two-phase state. Then, the refrigerant flows through the flowmeter. The flowmeter is
responsible for measuring the flow of refrigerant in the pipeline. Then, the refrigerant flows
through the preheater and enters the product. Finally, the refrigerant passes through the
second condenser and returns to the reservoir to form a cycle.

S N
o R |
} } I } | @ Temperature sensor
! I ™w) | v Reservoir }
} ! Condenser | | @ Pressure sensor
|
|
| 0 M. ic pump } ——— Circulating pipe
e Flowmeter L } ——— Cooling pipe
| ~~~ Electric signal
|
|
U
5 AC
AC 3 ﬁ]ﬁt‘ng rods (16 pieces) “ R |:E
<=
S
& Condenser —~ TT 1
om— NS NEN } [N
} N
|
I MS20CA o |
cowater () (@) |
| controller — }
! I I
|
| | 16 ‘ |
| |
| \ [ I [
I | I Ms20cA } | !
|
\ | Lo powe | Chiller !
| | | controller } | \
! | | I I I
o JR N NN 4

Figure 1. Flow boiling experimental system.

The chiller and the condenser form a cooling cycle, primarily tasked with reducing the
temperature of the refrigerant within the experimental loop. The temperature sensor is used
to measure the fluid temperature in each section of the pipeline, as well as the temperature of
the experimental product. Likewise, the pressure sensor is utilized to measure the pressure
of each section of the pipeline. The data acquisition card transmits the data collected by
the sensors to the computer. The experimental conditions are established based on the
measured temperature, pressure, and flow. With stable power output from the preheater
and heating rod, the flow rate of the refrigerant at the inlet of the experimental section
is regulated by adjusting the motor speed. This adjustment ensures that the refrigerant
enters the product at the desired dryness level. Table 1 lists the technical specifications for
key components.

Table 1. Technical specifications of key components.

Measured Parameter Equipment/Model Range Accuracy
Temperature of product K-type thermal couple —50-800 °C 0.1 +0.0017 Itl
Temperature of pipeline ~ Pt100 thermal resistance ~ —50-200 °C +0.3% of full scale
Pressure Pressure sensor/JM-801 0-1 MPa +0.5% of full scale
Flow of pipeline Flowmeter/DMF-1 0-25kg/h £0.2% of full scale
Magnetic pump speed CS.Y015 0-4000 rpm £0.5% of full scale

3. System Flow Rates Model Identification

In order to understand the dynamic characteristics of the system flow rates, design
a more effective controller, and optimize the system performance, it is necessary to iden-
tify and simulate the control system. Typically, mathematical models can be established
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using theoretical analysis or experimental methods [19]. In this paper, the experimental
modeling method is used. During the offline identification process of the system, the
heating is turned off, and the system heating is considered as noise when designing the
flow adaptive controller.

The system flow rates model is solved through offline identification. A step signal is
used as the identification signal, with the servo motor controlling the system flow rates by
adjusting its speed. During the identification process, it was observed that various factors,
such as the refrigerant quality, coolant flow rate, and type of refrigerant, could result in
different flow rates at the same motor speed. From the above description, the output of
the system (i.e., flow rate) is influenced not only by the current input (servo motor speed)
but also by the system’s inherent characteristics and external factors, such as refrigerant
quality, coolant flow rate, and refrigerant quality.

It is a common system identification method to use a step signal as the system input
for model identification [20]. Sharma et al. [21] proposed using step input to identify
continuous-time systems with dead time. This method can estimate the model parameters
more accurately. Dazi Li et al. [22]. presented a three-step closed-loop identification method
based on step response and open-loop transformation. This proposed method avoids the
complexity of direct closed-loop identification and enhances the results and accuracy of
identification for continuous systems with large time delays. Yongli Zhang et al. [23]
identified the experimental platform of a resonant system using the step response system
identification method, and the results indicate that the identified model fits well. The
previous literature indicates that a step signal can be used to identify continuous-time
systems with dead time and delays. In practical applications, most systems are of this type,
including the system identified in this paper. Therefore, this paper employs a step signal
for system identification. To determine the appropriate sampling frequency, data were
collected at a higher sampling rate and analyzed using Fourier transformation, revealing
that most of the system’s spectral components are below 0.5 Hz. The system’s traffic is
sampled every 1 s until it reaches a steady state, after which the data is imported into the
MATLAB System Identification Toolbox for offline identification. Due to the ambiguous
order of the system, the primary models utilized in practical applications are first-, second-,
and third-order models. Therefore, this paper primarily identifies these three models,
compares their fit, and conducts a comprehensive analysis to select the best model.

The main operating range for this system is 800 rpm to 2500 rpm. To identify the
system, flow response data were collected at motor speeds of 1000 rpm, 1500 rpm, and
2000 rpm, under conditions characterized by a coolant temperature of —10 °C, a coolant
speed duty cycle of 80%, a refrigerant mass of 1.8 kg, and an initial pressure of 370 kPa.
Table 2 shows the corresponding experimental conditions.

Table 2. Experimental condition.

Experiment Coolant Coolant Speed Refrigerant Initial
P Temperature/°C Duty Cycle/% Mass/kg Pressure/kPa
Casel —10 80 1.8 370
Case2 —10 100 1.3 300

From (a) in Figure 2, it is evident that the steady-state value of the system flow
increases with motor speed. The system exhibits an overshoot in response to the step signal,
indicating oscillatory characteristics, which suggests that the system model is at least a
second-order system [24]. Furthermore, the repeated experiment with a motor speed of
2000 rpm in (a) of Figure 2 demonstrates that the system operates stably.
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Figure 2. (a) The system flow step response; (b) fitness of identification flow model at 1000 rpm
speed, (c) fitness of identification flow model at 1500 rpm speed, and (d) fitness of identification flow
model at 2000 rpm speed model fitness.

The flow data identification model at a motor speed of 1000 rpm was utilized, while
the flow data at 1500 rpm and 2000 rpm were employed to validate the model. The
model fitness [25] was employed to evaluate the identification results. A higher model
fitness value indicates better performance of the identification system, approaching the
actual system.

From the results of the identification in (b) of Figure 2, it is evident that the models
P1 (first-order without delay), P1D (first-order with delay), P2 (second-order without zero
point and delay), P2D (second-order without zero point but delay), P2DZ (second-order
with one zero point and delay), and ARX1 (linear regression equation) demonstrate higher
fitness, all exceeding 80%. From the verification set presented in (c) and (d) of Figure 2, it
can be observed that the model fitness of P1, P1D, P2, P2D, P2D, and ARX1 under the data
at 1500 rpm remains relatively consistent, all exceeding 70%. However, the fitness of P1,
P1D, P2, P2D, and ARX1 models under the data at 2000 rpm is notably reduced to less than
60%, whereas P2DZ remains above 70%. Thus, it can be concluded that the P2DZ model,
which includes two poles and one zero point with delay, performs the best. The identified

del is as follows:
model is as follows _ 0.09654s +0.009529 5

T4+ /s 110

G(s)

s is a complex variable, a variable of the Laplace transform. e(~2 represents the
dynamic behavior of a pure delay (or pure lag). The linear dynamic response of the system
to the input is represented as 0.09654 s, and is related to the rate of change in the input
signal. The constant term 0.009529 usually represents the static gain of the system, that is,
the steady-state value of the system output when there is no dynamic change in the input.

)
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It relate to the initial flow rates of the system. The quadratic term 111.4s2 indicates that the
system is a second-order system, usually with inertial or lagging behavior. This kind of
behavior is often encountered in motor control systems, especially when the system has
mechanical delays or inertia. The value 71.11 s is related to the damping characteristics
of the system. The smaller the damping, the more likely the system is to oscillate. The
denominator constant term is set to 1 to standardize the transfer function. e(=29 indicates
that the input signal of the system begins to affect the system after 2 s.

In practical applications, the system transfer function in the s-domain should be
discretized [26]. The z-transform results are as follows:

y(k) = 0.001072u(k — 1) — 0.0008663u (k — 2)
—(1.3¢ = 5)u(k — 3) + 1.259y(k — 1) )
—0.2788y(k — 2)

u(k — 1) represents the previous system input, u(k — 2) represents the input from
two steps ago, u(k — 3) represents the input from three steps ago, y(k — 1) represents the
previous system output, and y(k — 2) represents the output from two steps ago. From the
discretization formula, it is evident that the current system output is influenced by the
inputs of the first three. This delay indicates that the system’s response to the input signal
exhibits a certain historical dependence. Furthermore, the system’s output also depends
on the outputs from the previous moment and the two preceding moments, suggesting
the presence of a feedback effect. Notably, the current output is most influenced by the
previous output.

When factors such as the quantity of refrigerant introduced into the system change,
the flow model of the system may also be affected. To verify the variation of the flow
rates model under different working conditions, flow data of the system were collected
under the conditions of Table 2 when the input signal of the system was set to 1000 rpm.
Coolant temperature and coolant speed duty cycle are properties of the cooling system that
influence the pressure, flow, and temperature within the circulating system. Refrigerant
mass is a characteristic of the circulatory system that affects both the pressure and flow in
the system.

From Figure 3, it is evident that the steady-state value of the system flow is influenced
by factors such as refrigerant quality. Changes in refrigerant mass may cause the transfer
function to change. This varying property complicates accurate modeling of the system
using a transfer function with fixed parameters, necessitating the use of adaptive control or
online adjustment control strategies. The model identified under case 2 is as follows:

~0.79719s + 0.0056841 o(29)
T 1114.3s2 + 122585 + 1

Ga(s) ©)

Equation (3) represents the relationship between the input speed and the output flow
rate. Upon comparing Equations (1) and (3), it becomes evident that the coefficients of
the system model vary under different conditions. These variations suggest that a fixed
control strategy may not be adequate to maintain optimal performance across all operating
scenarios. Therefore, an adaptive control strategy, which dynamically adjusts the control
parameters based on real-time feedback, is essential.
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Figure 3. Flow response at motor speed of 1000 rpm under case 1 and case 2.

4. WOA Improved Single Neuron PID Control Algorithm

Due to the variation in system model parameters with changing conditions, an adap-
tive algorithm is necessary to control the system flow. The single-neuron PID [27] serves as
an adaptive control algorithm. This paper employs an incremental PID combined with a
single neuron to enhance control performance.

The control model of the single-neuron PID is depicted in Figure 4, where (k) repre-
sents the set flow (expected value) and e(k) denotes the difference between the expected
value and the output value of the device wl’(k), w2'(k), and w3/ (k) denote the connection
weights of the single neuron, while k represents the gain of the system output variable.
Au(k) stands for the input increment of the controlled object, u(k) represents the total
input of the controlled object, 71 signifies the system delay, y(k) denotes the output of
the controlled system, and e(k) is processed to obtain x1(k), x2(k), and x3(k). These are
expressed as:

x1(k) = e(k) @)

®)

(6)

v (k)
controlled object >

X1k
Processing (L)\)n' )
input @k)wz‘ 15
signals W3 (k)
X3(k)

Figure 4. Single-neuron PID control block diagram.
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In numerous practical applications, engineers have observed that the online adjust-
ment of weights is primarily associated with e(k) and e(k — 1).
Therefore, the weight formula is expressed as follows:

wi(k) = w;(k = 1) +ne(k)u(k)(2e(k) — e(k — 1)) @)

At this time, the input control of the controlled system can be written as follows:

u(k) = u(kfl)JrKiw;(k)xi(k) )]
i—1
o wik)

“ = (o) ©

In a single-neuron PID controller, the scale factor K is a crucial parameter that deter-
mines the relationship between the neuron output and input. The scale factor K is closely
linked to the dynamic characteristics, error margin, expected control response, and external
interference of the system. If the system’s dynamic response is slow, a larger k value may
be necessary to enhance the response speed. Conversely, for systems with a fast dynamic
response, a smaller k value can help prevent overly aggressive control. By adjusting the k
value through an optimization algorithm, the controller’s performance can be significantly
improved, allowing the system to maintain good response characteristics under complex
working conditions. This paper optimizes this value using the WOA.

The WOA [28] is a novel heuristic optimization approach inspired by the hunting
tactics of humpback whales. The WOA mimics the predatory behaviors of whales, which
can be categorized into three main strategies: Surrounding Predation, Bubble Net Attack,
and Search for Prey. The WOA algorithm used in this paper comes from the literature [29].
Through comparing the optimization results of the WOA and the Particle Swarm Optimiza-
tion (PSO) algorithm for one-dimensional functions, it is observed that the convergence
speed of the WOA surpasses that of PSO. The WOA reaches the optimal value within
5 iterations, whereas PSO requires 10 iterations. These results suggest that WOA exhibits
superior optimization ability compared to PSO.

In the controller designed in this article, ITAE [30] is chosen as the fitness function
of the WOA algorithm. ITAE not only indicates the magnitude of the error (control
accuracy) but also reflects the speed of error. To ensure that the ITAE fitness function of
the WOA algorithm places greater emphasis on system overshoot, an overshoot penalty
term is introduced when overshoot occurs. The updated fitness function is provided in
Equation (10).

F:{ o tetldt e >0 a0
fo tle(t)|dt +exp(le]),e <0

To improve the accuracy of approximating the real system when using the whale
optimization algorithm for optimization, the Recursive Least Squares [31] method is em-
ployed to perform online identification of the flow rate model. To evaluate the accuracy of
the Recursive Least Squares (RLS) method, simulation identification is performed on the
aforementioned Equation (2). The true values of al, a2, b1, b2, and b3 are 1.259, —0.2788,
0.001072, —0.0008663, and —0.000013. And with approximately 500 iterations, the esti-
mated values of al, a2, b1, b2, and b3 are 1.258644, —0.278447, 0.001071, —0.0008663, and
—0.00001362; the estimated values closely approximate the true values. It is evident that
the RLS method exhibits strong identification capability. Considering the variability of the
flow model coefficients under different working conditions, Equation (1) is used as the
initial system during online identification. When the actual output of the system deviates
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Start

from the output of the identification model beyond a certain threshold, the RLS method is
employed to conduct the online identification process and obtain new model parameters.
The combination of a single-neuron PID and the whale optimization algorithm is
shown in Figure 5. The parameter changes of the system flow rates model are primarily
attributed to variations in the system itself, such as the quality of the refrigerant injected
into the system and the system’s heating power. Based on the above analysis, before starting
single-neuron PID control, only one run of RLS is needed to identify the flow model of the
current experimental system and one run of the WOA optimization algorithm to find the
optimal scale factor K of the current model. This scale factor will be used continuously in
subsequent control. When the output error between the identification system and the actual
system exceeds 10%, the RLS and WOA methods should be reactivated for optimization.

WOA
. - 1 ;
Initidlize PID O!Jta:n the Calcu]an? sngle Update single
I optimal scale | neuroninputs [ neuron output — Output results
parameters . i
factor K and weights increment

Figure 5. WOA improved single-neuron PID control block diagram.

5. Results

To assess the feasibility and positional tracking capability of the enhanced whale-
optimization-based single-neuron PID control algorithm, simulations are conducted against
the standard PID algorithm, the WOA-improved single-neuron PID controller, and the
fuzzy PID control algorithm. All simulations are conducted on LabVIEW.

The simulation system employs the model described by Equation (2). The resulting
step response and sine signal response are shown in Figures 6 and 7. In the step response,
the initial step value is 10, and the step value transitions to 15 at t = 3 s. In the sine signal
response, the sinusoidal signal frequency is 3, the amplitude is 2, and the offset is 2.
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Figure 6. Step response simulation of three control algorithms.
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Figure 7. (a) Sine signal response and (b) absolute error of sine signal response.

From the Figure 6, it is apparent that the conventional PID control curve demonstrates
considerable overshoot and requires a longer time to achieve a steady state; the initial
overshoot reaches 18.01%, and the initial adjustment time needs 1.69 s. Although the
fuzzy PID has no overshoot, its adjustment time is longer, reaching 0.88 s. In contrast, the
WOA-improved single-neuron PID significantly mitigates the overshoot, with a mere 0.31%
overshoot observed, marking a reduction of 98.27% compared to the traditional PID control.
The adjustment time is 0.45 s, presenting a reduction of 48.86% compared to that of the
fuzzy PID control method. In the system’s steady state, when the step value changes, the
traditional PID control curve still exhibits overshoot, with the overshoot peaking at 6.21%,
the adjustment time is recorded at 1.04 s. The fuzzy PID method similarly demonstrates
no overshoot, with a longer adjustment time, extending to 1.42 s. In contrast, the WOA-
improved single-neuron PID showcases a minimal overshoot of only 0.22%, marking a
reduction of 96.46% compared to the traditional PID control. Additionally, the adjustment
time is 0.32 s, representing a reduction of 69.23% compared to PID. The Y-axis represents
the constants.

It can be seen from the sine signal response diagram that the traditional PID parameters
can achieve better results after adjustment. However, the traditional PID control curve
cannot accurately fit the sinusoidal signal, and there is a phenomenon of tracking ahead.
The fuzzy rules of fuzzy PID are taken from the literature [32]. The output curve of the
WOA-improved single-neuron PID is closer to the sinusoidal signal. Upon comparison
of the tracking absolute error curves, it is evident that the tracking absolute error of the
WOA-improved single-neuron PID is markedly smaller than that of the traditional PID
and fuzzy PID methods. The average absolute error [33] for the traditional PID stands at
0.209, while that for the fuzzy PID is 0.296. In contrast, the average absolute error for the
WOA-improved single-neuron PID is 0.120, representing a 45.58% reduction compared to
the traditional PID. This underscores the superior position tracking effectiveness of the
improved single-neuron PID based on WOA among the three algorithms.

To ascertain the resilience of the WOA-improved single-neuron PID against external
interference, an instantaneous disturbance with an amplitude of 5 is introduced to the
system output when it is in a stable state [34]. The step response of the three control
algorithms to this external interference is illustrated in Figure 8. The Y-axis represents
the constants. From Figure 8, it is evident that the WOA-improved single-neuron PID
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exhibits the highest resilience against external interference. The traditional PID requires
2.46 s to return to a stable state, while the fuzzy PID necessitates 1.28 s. In comparison, the
WOA-improved single-neuron PID demonstrates the swiftest recovery to a stable state,
taking only 1.01 s. This represents a 1.45 s improvement over the traditional PID and a
0.27 s enhancement over the fuzzy PID.

18
16_ 16 /I
141 2

Setpoint
Fuzzy PID
0- ‘ PID

2 —— WOA-single neuron PID

-1 0 1 2 3 4 5 6 7 8

time(s)

Figure 8. Anti-interference ability test of three algorithms.

The online identification simulation results of the system are presented in Figure 9. As
illustrated, when the parameters of the original system model change, the model identified
by the algorithm can rapidly adapt to fit the system.
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Figure 9. System online identification simulation.
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In order to verify the effectiveness and reliability of the RLS method and the WOA-
improved single-neuron PID control algorithm in the flow boiling experimental system, the
experiment was carried out in the flow boiling experimental system. Figure 10 is a physical
diagram of the entire system.

Magnetic pump [g

' y - l'? ).. '-..:—“_‘ 3
i fi = = a..& Cas) ‘3‘?{
/ &' v | f

L\ 9 e
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Figure 10. Physical system.

In order to verify the effectiveness and reliability of the RLS method and the WOA-
improved single-neuron PID control algorithm in the flow boiling experimental system,
the experiment was carried out in the flow boiling experimental system. Figure 10 is a
physical diagram of the entire system. The step response of identification system and actual
system are as Figure 11. When the experimental refrigerant volume changes from 1.8 kg to
1.7 kg and the coolant temperature changes from —10 °C to —9 °C, we conducted online
identification of the traffic model. The initialization values of al, a2, b1, b2, and b3 are 1.259,
—0.2788, 0.001072, —0.0008663, and —0.000013. After online identification, al, a2, b1, b2,
and b3 are 1.084, —0.2504, 0.003644, —0.0032430, and 0.001175. The step response of the
identified model is presented in Figure 11a. It can be seen that when the working conditions
change, the system model identified by the RLS method is in good agreement with the
actual system. The error at each sampling point is basically within 10%, and the maximum
is 8%. The final stable value tends to be consistent, and the steady-state error between the
identification system and the actual system is within 5%. Therefore, it is feasible to use the
RLS method in this system.

To validate the efficacy of the control algorithms in the flow boiling experimental
system, flow data is collected upon issuing control signals, with an acquisition interval
of 1 s. The control strategies employed include PID, single-neuron PID, and the WOA-
improved single-neuron PID. PID parameters are determined using the empirical trial-
and-error method. The control parameters of the single-neuron PID are derived from the
previous experiment.
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Figure 11. (a) Step response of identification system and actual system and (b) the control effect of
three control algorithms on system flow.

The flow control outcomes are presented in (b) of Figure 11. Table 3 presents the
performance of the three control algorithms. The table and figure demonstrates that the
WOA-improved single-neuron PID algorithm outperforms traditional PID and single-
neuron PID algorithms across multiple performance metrics. In terms of dynamic response,
the WOA-improved single-neuron PID achieves the shortest rise time of 29 s, significantly
faster than the 40 s of single-neuron PID and the 78 s of traditional PID. This indicates
that the WOA-improved single-neuron PID enables the system to reach the target value
more quickly, thereby reducing the time required for startup or adjustments in practi-
cal applications.

Table 3. Control performance index.

Steady-State

Control Algorithm Rise Time/s Adjusting Time/s Average Flow Rates
PID 78 110 9.9659
Single-neuron PID 40 63 9.9799

WOA-improved

single-neuron PID 29 38 9.9848

Regarding adjustment time, the WOA-improved single-neuron PID exhibits superior
performance, with an adjustment time of only 38 s, compared to 63 s for single-neuron PID
and 110 s for traditional PID. This highlights the effectiveness of incorporating the WOA-
improved single-neuron PID in improving the system’s adaptability, enabling it to stabilize
faster after disturbances or initial changes while minimizing overshoot and oscillations.

The steady-state average flow achieved by the WOA-improved single-neuron PID is
9.9848, which is closer to the target value compared to 9.9799 for single-neuron PID and
9.9659 for traditional PID. Additionally, the WOA-improved single-neuron PID achieves
the lowest standard error of 0.091439, outperforming the 0.109586 of single-neuron PID and
the 0.126469 of traditional PID. This reflects the ability of the WOA-improved single-neuron
PID to maintain higher stability and precision during long-term operation, effectively
reducing fluctuations and errors.
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6. Discussion

In this paper, the WOA-improved single-neuron PID algorithm is integrated with the
Recursive Least Squares algorithm (RLS) to establish a robust adaptive control framework.
The findings of this study demonstrate the significant advantages of the WOA-improved
single-neuron PID algorithm in addressing flow control challenges in flow boiling exper-
imental systems. The proposed approach demonstrates substantial improvements over
traditional PID and fuzzy PID controllers. The simulation and experimental results reveal
significant reductions in overshoot, adjustment time, and steady-state error achieved by the
WOA-improved single-neuron PID algorithm. Traditional PID relies on fixed parameters
and manual adjustment. Similarly, fuzzy PID, though more flexible, requires domain-
specific expertise and struggles with parameter adaptation under varying conditions. The
WOA-improved single-neuron PID algorithm effectively adapts to variations in system
parameters, such as changes in refrigerant mass and coolant temperature, ensuring stable
and accurate performance. This adaptability is particularly advantageous in dynamic
operating environments. Future investigations could expand upon these findings by eval-
uating the algorithm’s performance under more diverse and extreme conditions, such as
multi-variable system configurations or transient disturbances in large-scale industrial
systems. While these advancements highlight superior control precision, the computational
demands introduced by iterative WOA optimization warrant further analysis. Future
studies could explore strategies to balance computational efficiency with real-time control
performance, particularly in applications requiring high-speed response.

The proposed control framework aligns with the broader need for intelligent and
adaptive control systems in modern industrial applications. The demonstrated ability to
integrate the WOA-improved single-neuron PID algorithm with identification techniques
(RLS) suggests that such hybrid approaches could be extended to other dynamic systems,
including multi-phase flow systems, chemical reactors, and distributed energy manage-
ment systems. Future research could focus on augmenting the proposed framework with
predictive or model-based control methods to enhance its anticipatory capabilities. Addi-
tionally, integrating mechanisms to mitigate external disturbances or sudden parameter
shifts could further improve system reliability and robustness.

In conclusion, the WOA-improved single-neuron PID algorithm not only addresses the
limitations of traditional control methods but also provides a flexible and adaptive solution
with significant implications for both academic research and industrial applications.

7. Conclusions

The research focus of this paper is flow rate control in a flow boiling experimental
system. We obtained the flow model of the experimental system through offline identifica-
tion and adopted the RLS identification method to address the issue of changes in model
parameters. We then compared the control effects of the WOA-improved single-neuron
PID controller and the other two control algorithms through simulation. Finally, the feasi-
bility of the WOA-improved single-neuron PID controller was verified through specific
experiments. The main conclusions drawn are as follows.

1. This paper identifies the flow model of the experimental system, and the identified
model is a second-order system, with model parameters influenced by factors such
as the quantity of refrigerant injected into the system. Therefore, in order to control
the flow rates of the system, this paper adopts the WOA-improved single-neuron
PID algorithm.

2. For the changes in the system flow model parameters, this paper adopts RLS online
identification to improve control accuracy. The online identification results demon-
strate that the identified system model exhibits improved fitting to the actual system.
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The steady-state error between the identification system and the actual system is
within 5%.

3.  Based on the simulation and experimentation, it has been concluded that the WOA-
improved single-neuron PID adaptive controller outperforms PID and single-neuron
PID in terms of speed and accuracy in controlling the flow of the experimental
platform. It eliminates the need for manual parameter setting and can automatically
determine the current optimal control parameters based on the online identification
of the system model. The algorithm improved flow stability, achieving a standard
error of 0.0914394, lower than that of the compared methods, and a steady-state flow
average of 9.9848, closely matching the set value.

4. Under external interference, the WOA-improved single-neuron PID (1.01 s) controller
exhibited the fastest recovery to stability, outperforming the traditional PID (2.46 s)
and fuzzy PID (1.28 s), showcasing its robustness and adaptability.

5. The control strategy proposed in this article has certain engineering application value
in the field of control systems with model parameter change.
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