
Novel Tornado-Like Vortex
Generator with Intelligent Controller

by

Xin Liu

A thesis
presented to the University of Waterloo

in fulfillment of the
thesis requirement for the degree of

Master of Applied Science
in

Mechanical and Mechatronics Engineering

Waterloo, Ontario, Canada, 2021

© Xin Liu 2021



Author’s Declaration

I hereby declare that I am the sole author of this thesis. This is a true copy of the thesis,
including any required final revisions, as accepted by my examiners.

I understand that my thesis may be made electronically available to the public.

ii



Abstract

Cooking fumes may cause multiple adverse health e�ects, and range hoods play central
roles in controlling indoor air pollution caused by cooking fumes. However, the traditional
design of the range hoods has a low e�ciency due to its working principle, and the e�ciency
decreases rapidly as the mounting height of the exhaust hood increases.

This thesis is aimed at design and building a novel tornado-like vortex generator
(TLVG) with an intelligent controller to enhance the e�ciency of traditional range hood.
Both experimental results and numerical simulation indicate that most of the cooking fumes
are spreading to surrounding areas when the traditional range hood is working alone, while
the cooking fumes are drawn into the tornado-like vortex and exhausted through the range
hood when the novel TLVG is on.

The e�ects of various factors on the e�ciency of sucking cooking fumes are analyzed
by orthogonal experiment design. The results show that the key factor a�ecting the per-
formance of the TLVG is the horizontal jet angle. A higher jet velocity results in a lower
negative pressure, which helps concentrate and exhaust the fume. The results also reveal
that the exhaust 
ow velocity marginally a�ects the pressure around the source of cooking
fumes, but the tornado-like vortex cannot be produced when the value of the exhaust 
ow
velocity is too high. In addition, the �gures of the velocity �eld, pressure �eld, and tracking
particle �eld are plotted and analyzed.

In this thesis, an intelligent controller of TLVG is designed and simulated to adapt to
various types of range hoods. Adaptive-Network-based Fuzzy Inference System (ANFIS)
is used in this intelligent controller, which combines the merits of both Fuzzy Inference
Systems and Neural Networks. The results from the numerical simulation of the TLVG
can be used to train and test the neural fuzzy system. Besides, Particle Swarm Optimiza-
tion (PSO) is used for e�ective training in ANFIS networks. Digital simulation results
demonstrate that the designed ANFIS-Swarm controller realizes a better prediction of the
checking data than that from a basic ANFIS controller.

This study provides information for improving the kitchen environment, and it can also
be applied to di�erent types of range hood, exhaust ventilation system, and air pollution
control.
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Chapter 1

Introduction

1.1 Motivation

Cooking has been reported as the main source of indoor air pollution [15], which causes
multiple adverse health e�ects such as respiration disease [7], acceleration of skin aging
[15] and even lung cancer [5]. Therefore, high-performance ventilation systems are needed
to remove fumes from cooking. The most common approach to improving the exhaust
performance is to increase the 
ow rate using a centrifugal fan with a high power.

Nowadays, the 
ow rate of range hood can be up to 20m3=min, which leads to large
energy consumption and loud noise [35]. This thesis compares six types of range hoods
from Chinese market. As shown in Table 1.1, the average 
ow rate and average noise of
the range hoods in China are 15:75 m3=min and 66.92 dB, respectively.

However, the 
ow rate of the fume generated from cooking is much lower than the 
ow
rate of a range hood [4],[35],[16]. The great di�erence indicates that cooking fume is only
a small part of the gas exhausted by the range hood. In view of the wide range of the
range hood applied, researchers realized that it is important to improve the e�ciency of
the range hood for energy saving.

The e�ciency of a traditional range hood is limited by its working principle [35], [2],
[17]. The suction force is from the negative pressure generated by the centrifugal fan in
the range hood [2], [6], and there is always a distance between the range hood and the
source of the cooking fumes. The absolute value of the negative pressure decreases rapidly
as the distance increases [24]. As a result, the power is insu�cient to completely exhaust
the cooking fumes, while clean air is a considerable part of the total gas exhausted from
the range hood [23]. That is the reason for large energy waste in a traditional range hood.
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Table 1.1: Parameters of di�erent range hoods.

Brand Flow Rate ( m3=s) Noise ( dB)

ROBAM 17 67.5

FOTILE 15 66

SIEMENS 14.5 69

HAIER 17 68

SACON 16 63

MIDEA 15 68

Average 15.75 66.92

As for a suction system like vacuum cleaner, a pipe is used to extend the negative
pressure area to the target, and the pipe directs the suction force to the target, which
means that high power is not necessary even if the centrifugal fan in the vacuum cleaner
is far away from the target. As for a range hood, e�ciency will be signi�cantly improved
if the source of the cooking fumes is enclosed by a pipe. However, a big solid pipe is
impractical in reality. Inspired by the concept of tornado in nature, a virtual gas pipe
can be generated, and even heavy objects can be captured and lifted into the atmosphere
because the vortex forms a rotating gas column with a strong suction force [14], [27].

Earlier research has demonstrated that two essential elements to generate tornado-like
vortex are pressure di�erence on the vertical direction and shear force on the horizontal
direction [27]. For a range hood, the centrifugal fan provides a pressure gradient only in
the vertical direction. Thus, a method to provide shear force is needed to construct a micro
tornado system. Meanwhile, the shear force has to match the pressure gradient to generate
a stable tornado. Therefore, a novel tornado-like-vortex generator (TLVG) is proposed and
built to provide the vertical pressure gradient, and the horizontal air jets from tubes are
designed to provide the shear force.

1.2 Objectives

The goal of this thesis is to design and build a novel tornado-like vortex generator (TLVG)
to enhance the e�ciency and to reduce the noise of traditional range hood. The traditional

2



range hood is used to provide the vertical pressure gradient, and the horizontal air jets
from the tubes of this TLVG are designed to provide the shear force.

This thesis also uses numerical simulation with ANSYS Fluent to predict both air 
ow
path and cooking fume tracks. On the air side, incompressible air properties are adopted.
Steady-state RANS approach is used with a Eulerian reference frame, and a SSTk � !
equation is used to model the e�ects of Reynold's stresses. On the particles side, a steady-
state, one-way coupled approach is used with a Eulerian reference frame, and the discrete
particle model is used for the traction.

In addition, the e�ects of di�erent parameters of this novel TLVG need to study. A
L18(35) orthogonal experiment design is conducted to study the e�ects of jet velocity, 
ow
rate of range hood, jet angle, mounting height of range hood, and distance between tubes,
which are sensitive parameters to tornado-like vortex generation.

Finally, the intelligent controller is adopted to determine optimum parameters for this
TLVG.

1.3 Contributions

The contributions of this thesis are as follows:

ˆ This study makes signi�cant contributions to the current range hood market. Exist-
ing research enhances the performance of the range hood by using greater power or
air curtain. However, it does not help much with the negative pressure at the source
of cooking fumes. In this thesis, a novel TLVG, which can generate two tornado-
like vortices simultaneously, is designed and built, and it can increase the absolute
value of the negative pressure at the source of cooking fumes signi�cantly. Di�erent
factors of this TLVG like jet velocities and jet angles are adjustable to improve the
performance and stability of the tornado-like vortices.

ˆ This thesis explores the feasibility of using TLVG to improve range hood e�ciency.
Both experimental results and CFD simulation show the novel TLVG draws the
smoke into the vortex column and exhaust it through the range hood rather than
spreading it to the surrounding when the range hood working alone. This thesis also
uses orthogonal experimental design based on the CFD results to analyze di�erent
factors of this novel TLVG, which saves time and money.
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ˆ Existing research does not enhance the performance of the range hood using Adaptive-
Network-based Fuzzy Inference System (ANFIS) controller. This thesis reports an
intelligent controller of TLVG for di�erent types of range hood. ANFIS is used in this
intelligent controller, which utilizes the adaptability of neural network (NN) to adjust
the parameters of membership functions and rules to minimize the overall error while
using the Sugeno Fuzzy Inference model. The Particle Swarm Optimization (PSO)
is also applied to �nd the globally optimal parameters of the ANFIS to optimize the
ANFIS controller for a better performance.

1.4 Thesis Organization

This thesis is organized as follows:

ˆ Chapter 2 describes the background of numerical simulation (with ANSYS FLUENT)
and control theory. This chapter �rst introduces the computational methods within
SNSYS FLUENT such as governing equations, turbulence modelling, discretization
method, and discrete particle model (DPM). After that, some popular models and
concepts of intelligent control theory are introduced and discussed in terms of their
principles and advantages.

ˆ Chapter 3 covers the methodology and process of this study. First, it describes the
structure of experimental device: the novel tornado-like vortex generator. Second,
it details the CFD modelling of the TLVG. The domain, meshes, setups, boundary
conditions, and DPM settings are covered in this chapter. Then, it introduces the
orthogonal experiment, and it is designed to study the e�ects of di�erent factors of
the novel TLVG. Last, it covers the design of the intelligent controller of the TLVG
and the process of getting the training data of the controller.

ˆ Chapter 4 compares the experiment and simulation, and it discusses the e�ects of
di�erent parameters such as jet velocity, range hood 
ow rate, radius of the vortex
and the height of the range hood. In addition, it compares the standard ANFIS
controller and the ANFIS with PSO controller after training.

ˆ Chapter 5 draws the conclusion of the thesis. This chapter also discusses future works
needed for this project.
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Chapter 2

Background and Literature Review

2.1 Computational Method

2.1.1 Governing Equations

As for low-speed air 
ow case, the governing equations used in the ANSYS FLUENT solver
are the incompressible Navier-Stokes equations [8], which are for the conservation equations
of mass and momentum. The equation for mass conservation (equation of continuity) is:

@�
@t

+ r � (�~v ) = 0 (2.1)

Equation 2.1 is the general form of the mass conservation equation and is valid for both
incompressible and compressible 
ows. In this thesis, the 
uid is considered incompressible
for low-speed air 
ow case (density is constant, independent of space and time), and the
mass continuity equation simpli�es to a volume continuity equation:

r � ~v = 0 (2.2)

The momentum conservation equation is:

@
@t

(�~v ) + r � (�~v~v) = �r p + r � (� ) + ~F (2.3)

wherep is the static pressure, and~F is the body force. The stress tensor� is given by:

5



� = � [(r ~v+ ~vT ) �
2
3

r � ~vI ] (2.4)

where� is the molecular viscosity, andI is the unit tensor.

2.1.2 Turbulence Modelling

Fluctuating velocity �elds describe turbulent 
ows. They are too computationally costly
to model directly in engineering simulations since these 
uctuations can be small with high
frequency. Instead, to minimize the resolution of tiny sizes, the governing equations may
be time-averaged, resulting in an adjusted series of equations that are less costly to solve
computationally. The adjusted equations, however, contain additional unknown variables,
and turbulence models are needed to calculate these variables.

This research adopts the default shear-stress transport (SST)k � ! turbulence model.
The ! equation has some advantages when compared with the� equation. The most
in
uential point is that the ! equation can be integrated without additional terms in the
viscous sublayer. Moreover, thek � ! model is typically more �tting for predicting the

ow and separation of the boundary layer of the inverse pressure gradient. The drawback
of the standard equation! is that the solution is relatively sensitive to the values ofk and
! beyond the shear layer. In ANSYS Fluent, the shear-stress transport (SST)k � ! model
is recommended over the standardk � ! model.

Menter [22] proposed the shear-stress transport (SST)k� ! model to e�ectively combine
the robust and precise formulation of thek � ! model in the near-wall region with the
free-stream independence of the far-�eldk � � model, and the equations of SSTk � ! model
are as follows:

@
@t

(�k ) +
@

@xi
(�ku i ) =

@
@xj

�
� k

@k
@xj

�
+ eGk � Yk (2.5)

@
@t

(�! ) +
@

@xi
(�!u i ) =

@
@xj

�
� !

@!
@xj

�
+ G! � Y! + D ! (2.6)

where eGk and G! are the generation of turbulence kinetic energy due to mean velocity
gradients and! (rate of dissipation), respectively; �k and � ! represent the e�ective di�u-
sivity of k and ! , respectively;Yk and Y! are the dissipation ofk and ! , respectively, due
to turbulence; D ! represents the cross-di�usion term.
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2.1.3 DPM

Equations of Motion for Particles

The trajectory of a particle can be determined by integrating the force balance in the
Lagrangian reference frame. The force balance equations of the particle, which is also
called the trajectory equations, are:

mp
d~up

dt
= mp

~u � ~up

� r
+ mp

~g(� p � � )
� p

+ ~F (2.7)

where mp is the mass of the particles;~u and ~up are the 
uid phase velocity and particle
velocity, respectively;� and � p are the density of the 
uid phase and the particles, respec-
tively; ~F is the additional force, including virtual force and pressure gradient force;mp

~u� ~up

� r

is drag force;� r is particle relaxation time:

� r =
� pd2

p

18�
24

CdRe
(2.8)

where� is the molecular viscosity of the 
uid phase;dp is the diameter of the particle;Re
is the relative Reynolds number, which is given by:

Re =
�d pj~up � ~uj

�
(2.9)

Droplet Size Distributions

The Rosin-Rammler distribution is common for liquid sprays. There are several size groups,
and each is represented by an average particle size, and the track of the particle is deter-
mined based on this representative particle size. The Rosin-Rammler distribution is based
on the idea that a exponential relationship exists between the size of the particle (d) and
the mass fraction of particles with diameter greater thand (Yd):

Yd = e� (d= �d)n
(2.10)

whered is the mean diameter andn is the spread parameter.
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Turbulent Dispersion of Particles

Models of turbulent dispersion use either a stochastic discrete particle method or a cloud
representation method for a group of particles with a mean trajectory. These models can
also be combined to model several groups of particles with a mean trajectory involving the
e�ects of turbulent variations in the gas phase velocities.

In this thesis, the stochastic particle tracking in turbulent 
ow, which is also called
random track tracking, is adopted to simulate the particle turbulent movement. When the

ow is turbulent, FLUENT uses the time average velocity u of the 
uid to calculate the
particle trajectory through the trajectory equation (Equation 2.7). The particle di�usion
induced by 
uid turbulence can be determined by considering the instantaneous velocity
u = u+ u0 caused by 
uid velocity pulsation. The Random Walk Model is used to calculate
the instantaneous velocity of the 
uid.

2.2 Control Theory

2.2.1 Fuzzy System

Fuzzy logic is widely used in intelligent control with multiple inputs. Fuzzy inference is the
process of input/output mapping using fuzzy logic. Fuzzy Inference Systems can model the
ill-de�ned systems which cannot be easily modeled using mathematical equations [34]. This
is because Fuzzy Inference Systems employing Fuzzy If-Then rules utilizes the qualitative
nature of human reasoning in de�ning uncertain systems.

An example of the Fuzzy If-Then rule is like this: If the temperature is Warm then
the fan speed is Fast. Quantitative identi�ers like \warm" and \fast" in this example can
be mathematically represented using Membership Functions. The membership function
determines the probability that the crisp input satis�es our qualitative identi�er, which
transforms crisp inputs into fuzzy inputs.

Two inference models can be applied to inferring the output from the rule base: Mam-
dani's Fuzzy inference model and Sugeno's Fuzzy inference model.

In Figure 2.1 [12], the Mamdani's Fuzzy inference model (type 1) evaluates the impor-
tance of each rule using the min operator and combine the outputs of all the rules using
the max operator. Then, the output can be defuzzi�ed using a defuzzi�cation method such
as center of area and mean of maximum criterion. In the Sugeno's Fuzzy inference model
(type 2), the output of each rule is expressed as a linear combination of all the inputs plus

8



Figure 2.1: Fuzzy inference system.

a constant term [19]. Then, the �nal output is calculated using a weighted average of the
outputs of the individual rules.

This thesis focus on the Sugeno's fuzzy inference model. The main di�erence between
two models is the output membership function. The Sugeno output membership functions
are linear functions of x, y directly, so the result need not be defuzzi�ed.

The Fuzzy Inference System (FIS) has some advantages. For example, the linguistic
rule base models humans reasoning, which is easy to be interpreted. The parameters of
FIS are also associated with the membership functions of physically meaningful quantities,
which allow for selecting good initial values for them. However, the FIS also has some
drawbacks. For instance, there is no standard way to generate the membership function
and transform human knowledge or experience into the fuzzy rule. Therefore, an e�ective
way is needed to tune the membership functions and the rules of the FIS.

Neural Networks represent the relationship between the inputs and outputs by a net-
work of non-linear units. The weights of these units are modi�ed so that their cumulative
error is minimized. The neural network trains itself by learning from the available data,
and it requires no prior knowledge about the system.

The goal of the Adaptive-Network based Fuzzy Inference System (ANFIS) is to combine
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Figure 2.2: ANFIS network architecture.

the advantages of both FIS and NN. The NN is integrated into the FIS model to make it
more adaptable without losing their interpretability.

2.2.2 ANFIS

ANIFS utilizes the adaptability of NN to adjust the membership functions and rules pa-
rameters to minimize the overall error while using the Sugeno Fuzzy Inference model [32].
Figure 2.2 shows a simple ANFIS with two inputs, x and y, each of which has two mem-
bership functions.

The �rst hidden layer of ANIFS is responsible for the membership functions and com-
puting the membership values for system's inputs. In Figure 2.2, the membership functions
of the qualitative variablesA1, A2, B1 and B2 are � A 1 , � A 2 , � B 1 and � B 2 , respectively.

Each membership function has parameters to be learned and adapted. For example,
Equation 2.11 shows the use of Gaussian function as a membership function.

� A i (x) = exp [ � (
x � ai 1

bi 1
)2];

� B i (y) = exp [ � (
y � ai 2

bi 2
)2]

(2.11)

where f ai 1; ai 2; bi 1; bi 2g are the membership functions' parameter set. These parameters
control the position and width of the Gaussian functions.
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Figure 2.3: Two pass hybrid learning algorithm for ANFIS.

In the second layer, a T-norm operator (e.g. multiplication) is applied to the resulted
membership values from the �rst layer. As seen in Figure 2.2, this results inw1 and w2

using Equation 2.12.

w1 = � A1(x) � � B 1(y)

w2 = � A2(x) � � B 2(y)
(2.12)

In the third layer, the outputs of the second layer are normalized. Equation 2.13 shows
the normalization used in the example of Figure 2.2.

w1 =
w1

w1 + w2

w2 =
w2

w1 + w2

(2.13)

Note that both the second and third layers consist of mathematical operations with no
learned parameters. In addition, the outputs of the third layer can be considered as the
importance of each rule.

In the fourth layer, the output of each individual rule is computed using linear function
of the inputs (x and y in Figure 2.2). Next, the result will be multiplied by the the
respective output of the previous layer, which represent the importance of the rule. Finally,
the outputs are then summed in the layer 5 to obtain the �nal output.

Note that, the parameters of the forth layers are learnt parameters that represent the
each individual rule as illustrated in equations 2.14 to 2.15.

O4
1 = w1f 1 = w1(p1x + q1y + r1)

O4
2 = w2f 2 = w2(p2x + q2y + r2)

(2.14)

O5 = f = w1f 1 + w2f 2 (2.15)
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The parameters in layer 1 are called premise parameters, and those in layer 4 are called
consequent parameters. These parameters need to be trained and updated to lower the
error function, which is the error between actual and the desired output.

The original ANFIS proposed by Jang [12] uses hybrid learning, which uses gradient
descent (GD) for tuning antecedent parameters and Least Square Estimate (LSE) for
identifying the consequent parameters (Fig. 2.3).

In the forward pass, we can �x the parameters in the layer 1. Thus, the output is just
a linear combination of the parameters in the layer4 like the Equation 2.16:

f = w1f 1 + w2f 2

= ( w1x)p1 + ( w1y)q1 + ( w1)r1

+ ( w2x)p2 + ( w2y)q2 + ( w2)r2

(2.16)

Thus, the simplest way to �nd the parameters is using the Least Square Estimate.

In the backward pass, we can �x the parameters in layer 4. Thus, the output is a
complex nonlinear function in terms of the parameters in the layer 1. The gradient descent
method is adopted to learn the parameters in layer 1 for several echoes until the error is
convergent and almost 0.

2.2.3 PSO

The standard two-pass learning algorithm uses a gradient descent method that is compu-
tationally expensive and ine�cient. The BP algorithm of the ANN a�ects the training of
premise parameters, and it may fall into local minimum [13]. Various e�ective methods of
training ANFIS networks using metaheuristic algorithms have been proposed to avoid the
disadvantages of the traditional learning algorithm.

Metaheuristic algorithm is a stochastic algorithm that combines randomization and
local search [31]. Their basic ideas are often from nature. Metaheuristic algorithms usually
create a population of solution candidates, and they are designed for global optimization
including genetic algorithms and particle swarm optimization.

Particle swarm optimization (PSO) is used widely in the process of training parameters
of ANFIS. PSO is a computational method that attempts to solve problems for a given
candidate solution through iterative attempts [9]. PSO solves the problem through solving
a set of candidate solutions, which are the combination of the position and velocity of the
particles. The motion of each particle is a�ected by its local optimum position and the
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global optimum position for all the particles, which is updated as other particles �nd better
positions.

Figure 2.4: Steps in the PSO algorithm.

Figure 2.4 shows the speci�c steps in the PSO algorithm [1]. First, we initialize a set of
random particles like the genetic algorithm (GA). For every iteration, the �tness of each
particle is calculated. Then, we can get the Pbest and Gbest, which are the best position
for this particle and for all the particles, respectively. After that, the particle velocity and
position should be updated using this formula [25]:

V P best
i = Pbest� x(k)

i

V Gbest
i = Gbest� x(k)

i

V (k+1)
i = w � V (k)

i + c1 � V P best
i + c2 � V Gbest

i

X (k+1)
i = X (k)

i + V (k+1)
i

(2.17)
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Figure 2.5: Concept of modi�cation of a searching point by PSO.

wherew is the inertia weight factor; c1 and c2 are the acceleration constants.

Figure 2.5 shows the concept of modi�cation of the point i by PSO. The velocity of
particle i at time k is expressed asV (k)

i ; V P best
i is the velocity towards Pbest, andV Gbest

i is
the velocity towards Gbest. So, the velocity of particle i at time k+1 is a linear combination
of the V P best

i , V Gbest
i and current velocity at time k V (k)

i . Last, the updated position at
time k+1 is the current position X (k)

i combine the modi�ed velocity V (k+1)
i . Repeating

this process until the �tness converges, and then we get the best value of the parameters
of the ANFIS.
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Chapter 3

Methodology

3.1 Experimental Setup

Fig. 3.1 shows the aluminium frame of TLVG with the dimension of 1.1 m (length)Ö 0.65
m (width) Ö 2.2 m (height).

The range hood is on the top of this TLVG device. There are two popular types of range
hood in the market: top-suction range hood and side-suction range hood (Fig. 3.2). In this
paper, the top-suction range hood (AN-1174, Ancona, Italy) is used to test and simulate
�rst, and the side-suction range hood (JQG9001, Fotile, China) is used to compare the
results in Chapter 4. As shown in Fig. 3.3, the vertical slide guides and lock mechanisms
behind the range hood are used to adjust the mounting height of the range hood above
the table.

Fig. 3.4 shows three aluminium tubes with internal diameter of 48mm located on the
horizontal linear slide guides under the range hood. The tube is �xed on the linear motion
(LM) block on the linear slide guide using brackets. Therefore, the tubes can be moved
horizontally by moving the LM block. A DC fan (FFB03812VN-SPC, Delta Electronics,
Taiwan) with an air 
ow of 23 CFM is placed at the top end of each tube (Fig. 3.5), and
the air can 
ow out from the holes along the side of the tube. As for the tubes on the
left and right sides, each tube has 20 holes of equal diameter (5 mm) and equal distance
(18 mm) from each other, and the air jets out from the holes are towards z direction. The
tube in the middle has 20 in-line holes on both sides, and the air jets out from the holes
are towards +x and -x directions (i.e. the lateral directions).

Fig. 3.6 shows the ultrasonic mist maker (B00P8OYGNA, AGPtek, USA) on the table
of this stand. Two mist makers are used to generate visible mist to simulate cooking fumes
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Figure 3.1: The frame of TLVG device.

(a) top-suction range hood. (b) side-suction range hood.

Figure 3.2: Two types of range hoods.

and smoke. The black background in Fig. 3.7 is adopted to help people observe the 
ow
path of the mist. As the concentration of mist increases, the color of the mist becomes
more white. A high-speed video camera is used to capture the 
ow pattern of the mist.

Fig. 3.8 shows the principle of how the tornado-like vortices generated by this novel
TLVG device. The top range hood provides a suction force by the negative pressure.
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Figure 3.3: Vertical slide guides and lock mechanisms.

Figure 3.4: Schematic diagram of the tubes.

The jets from the holes on the tubes produce strong shearing forces, which makes the
surrounding air form a tornado-like vortex and move up to the centrifugal fan of the range
hood.
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