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One of the most important sources of aerosol production in a controlled space is the human. 
The flow around the individual and the particles on the garment play an essential role in 
aerosol distribution in the environment. Such spaces are simulated from a Lagrangian or 
Eulerian point of view. In this research, particle resuspension from a user’s garment under 
horizontal and vertical unidirectional systems was studied. For this purpose, a computer 
program was developed and used for examination of the impacts of different particle 
turbulence dispersion models, such as Discrete Random Walk, in a controlled space. 
Moreover, the effects of flow direction, velocity, and particle density on the probability of 
resuspension of particles with different diameters were investigated. The results 
demonstrated that the vertical unidirectional system had advantages over its horizontal 
variant, and that increased flow velocity provided positive feedback in the vertical system but 
negative feedback in the horizontal one. In the horizontal system, the resuspension 
probability for the sizes of 5 and 0.5 microns has increased by 177 and 355 percent, 
respectively, compared to the vertical system. It is worth noting that the results of the 
isotropic and non-isotropic models for particles size below 5 microns were quite the same. 
For the particles size over 5 microns, the maximum percentage discrepancy of 138  in 
resuspension probability between the non-isotropic and isotropic models is obtained. 
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1. Introduction 

Interior air quality is a very important issue, which 

is of even greater significance in a controlled space 

such as a clean room, a space with controlled pollutant 

and aerosol levels much lower than in common interior 

spaces. The main purpose of designing a clean space is 

to control the amount of pollutant particles in the area. 

For categorization and specification of the application 

of a controlled space, the number of aerosols in the 

room volume is used as criterion. This demonstrates 

the significance of air quality and accuracy in the 

calculations made for these spaces. The number of 

aerosols that are there depends on different factors 

such as resuspension of particles from surfaces or 

particle-producing sources [1,2]. One of the most 

important sources of particles is the user of the 

controlled space, producing most of the aerosols. To 
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simulate the space, an Eulerian or a Lagrangian 

approach needs to be adopted. In a Lagrangian 

approach, several models of particle turbulence 

dispersion are presented, each with its own accuracy, 

advantages, and disadvantages.  

The literature involves two areas. One includes 

cases where particle turbulence dispersion models are 

used. Over the years, several studies have been carried 

out on the effects of different such models in particle 

deposition in channels and similar conditions. Some 

notable examples from the above area of research 

follow. Tian and Ahmadi [3] studied the effects of 

different boundary conditions beside the wall on 

particle deposition rate. The impacts of turbulence on 

particle dispersion and deposition were examined 

using Discrete Random Walk (DRW) and Continuous 

Filtered White-Noise (CFWN), and the accuracy and 

validity of simulation of the two turbulence models in 
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the current field was discussed. They showed that the 

DRW and CFWN turbulent dispersion models are both 

capable methods for modeling particle velocity 

fluctuations in the turbulent flow of the channel. Gao et 

al. [4] also conducted a study of the effects of turbulent 

flow models on duct deposition results, and provided a 

correction factor for the DRW model. They found that 

the RSM model can successfully predict the transition 

from the diffusion region to the inertia-moderated 

region. Mito and Hanratty [5] used the Langevin 

equation to describe turbulent dispersion of fluid 

particles in a channel flow. The difference between 

these models in simulation of controlled environments 

has not yet been studied, as they have been used 

commonly to inspect deposition in very small ducts. 

Kang and et al. [6] studied the influence of temperature 

and vertical location of inlet supply air in a 

displacement ventilation room. In their study, discrete 

random walk (DRW) model was utilized to simulate 

the stochastic velocity fluctuations in the airflow. The 

results showed that the inlet location would slightly 

influence the ventilation efficiency. 

Detachment and resuspension of particles is an 

important source of aerosol concentration in interior 

spaces [2]. Understanding air current and, 

subsequently, aerosol suspension due to human 

factors, such as movement, provides some insight on 

mechanisms of concentration variation in interior 

spaces. Research in this area includes studies on 

simulation of the human walk model and its effects on 

concentration. Due to the complexity of this 

movement, some researchers have considered it as a 

falling-disc or footstep motion [2, 7-9]. Kubota and et 

al [6] experimentally investigated the human foot 

movement and particle resuspension from the floor. 

Zhao, & Zhang [9] simulated the movement of foot 

walking. The movement of foot can cause the 

resuspension of ground particles. Indoor human 

activities can cause resuspension of particulate matter 

in space. Boulbair et al. [10] studied CFD (using DRW 

model) of the unsteady airflow field around and under 

the shoe. They showed that Particle resuspension 

fractions increased with particle size and walking 

speed. Sun et al. [11] performed a series of experiments 

to study the coupling effects between human walking 

and ventilation condition on indoor particle 

resuspension. 

Qian, & Ferro [13] reviewed the particle 

resuspension due to human walking in indoor 

environments. They concluded that particles 

resuspension is an important source for indoor 

particulate matter compared to other indoor sources. 

In addition, they showed that resuspension increases 

with particle size in the range of 0.7-10 µm. Sajadi et al. 

[12] used Fluent and DRW to simulate resuspension of 

particles and examine the particle surface 

resuspension rate resulting from the fall of a disc. One 

of the most notable studies on resuspension of 

particles in the room is the experimental research 

conducted by Qian [13], where Arizona Test Dust 

(ATD) was used for examination of the rate of surface 

particle resuspension (PR) resulting from an 

individual’s walking and movement on three different 

surface materials. Previous studies have hardly 

considered the effects of the current around an 

individual, movement of the entire body, and type of 

ventilation. Tsai [14] investigated the variations in 

concentration due to particle resuspension from the 

garment in a clean room. A piece of fabric was placed 

in a container with a class-100 clean room. Although 

better, improved Lagrangian turbulence models have 

been provided, numerical research on particle 

movement in controlled spaces is conducted mostly 

using the Discrete Random Walk model. Aracena and 

et al. [15] performed experiments to determine the 

critical angular velocities of a particle on a rotating 

rough surface. Their experiments showed that the 

adhesion forces must be considered in forces balance 

of particle detachment. Benabed and et al. [16] 

experimentally studied human walking-induced 

particle resuspension in a full-scale chamber with two 

flooring types. This work revealed that the 

resuspension of PM1and PM2.5 is many orders of 

magnitude lower than PM10. Habchi et al. [17] 

investigated resuspension under the effect of transient 

flow using the DRW model. Kazzaz et al. [18] studied 

resuspension as influenced by oscillatory flow in a 

simple geometry. 

Recently, Al Assaad et al. [19] studied developed a 

new empirically validated CFD modeling methodology 

for particle release from human skin and clothing in 

specific office settings. Ren [20] and et al. investigated 

experimentally the deposition of particles onto 

clothing and the resuspension of particles from 

clothing using a fluorescent-tracking technology. 

As stated before, in previous studies of particle 

motion in controlled spaces, the importance of the 

turbulence dispersion models has not been addressed. 

Also, these studies mainly focused on the effect of the 

human walking on particulate matter sources in 

conventional ventilation systems, and less attention 

has been paid to the particles resuspension from the 

individual’s body in unidirectional ventilation systems. 

In addition, the effect of isotropic and non-isotropic 

turbulence models on the resuspension and 

detachment of particles from surfaces has not been 

investigated.  

So, the present paper attempts to fill the research 

gaps mentioned above. In this regard, the present 

research investigates the probability of particle 

resuspension from a garment in a controlled 

environment under vertical and horizontal 

unidirectional ventilation on an individual’s body for 

different particle diameters to demonstrate the 

influence of flow direction and particle size. In 

addition, parameters such as particle density and 
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ventilation flow velocity are considered. For evaluation 

of the validity of different discrete-phase turbulence 

models with respect to particle size, isotropic and non-

isotropic turbulence is studied, along with different 

particle turbulence dispersion models. 

 

Figure 1. Left and front view of the user individual used in 
the simulation, along with schematics of the physical 

 model (user in the room) 

2. Physical model 

The unidirectional ventilation room is the most 

common types of room, which can in turn be of the 

vertical or horizontal type. A unidirectional flow with a 

velocity of 0.3 to 0.45 m/s (the Reynolds number of 

13000 to 20000) passes along the room in the 

controlled space simulated in this study [21]. This 

class-5 ISO clean room is 4 meters long, 2.7 meters 

wide, and 3 meters high. The intake and exhaust are 

considered here in two different arrangements: 

vertical unidirectional ventilation with a flow from the 

ceiling to the floor and horizontal unidirectional 

ventilation with a flow between two parallel walls. 

Before entering the controlled space, the air passes 

through H13-class filters. The room is considered 

empty with no equipment present except the 

individual. The garment is assumed to be in compliance 

with the ISO-5 standard. The user’s geometry and 

dimensions, as well as coordinates, are provided in 

detail in Figure 1. According to the figure, vertical 

unidirectional ventilation utilizes the entire ceiling as 

the flow air intake with exhausts on the floor, and 

horizontal unidirectional ventilation has its flow air 

intake facing the user, with the wall on the opposite 

side functioning as the air exhaust.  

3. Mathematical description of the 
problem 

In the analysis made in this research, air in standard 

conditions is used as the carrying fluid. According to 

the model geometry and flow characteristics in the 

present work, Reynolds number will be above 3750 

which is resulted in passing turbulent flow through the 

user garment. It means that fluid velocity would be the 

sum of a mean and a fluctuating value at each point 

inside the field.  

Several studies have been conducted so far to solve 

the problem of turbulent flow fields containing 

particles. Zhang and Chen [22] used the standard k-ε 

model in their investigation, which provided 

acceptable accuracy, but the results were far from 

those of experiments in some cases. As for deposition, 

Gao et al. [4] used three models, including k-ε RNG, k-

ω SST, and Reynolds Stress Model (RSM), and 

concluded that k-ω SST and RSM provided better 

results. RSM calculates the amount of fluctuation in 

different directions, and is regarded as a non-isotropic 

model. Therefore, the present study uses RSM. Arizona 

Test Dust is used widely in investigation of aerosol 

distribution in clean spaces, so much so that standard 

high-efficiency filter tests are also conducted using the 

particles [13]. Over 70% of the ATD mass is silicon 

dioxide. In the present study, this material is used 

along with aluminum oxide to inspect particle 

resuspension from the garment surface. The 

characteristics of these materials are provided in Table 

1, which are used for calculation of critical tension, 

required to resuspend the above particles. 

Table 1. Characteristics of the Arizona Test Dust 
ingredients [2] 

Material 
𝜌  
(103 kg/
m3) 

K  
(1010 N/
m2) 

WA  
(10-3 N/
m2) 

Mass 
percentage 

SiO2 2.20 7.3 10.7 68-76 

Al2O3 3.96 36 15.3 10-15 

In the current study, particle density is assumed to 

be 2000 kg/m3, in accordance with previous studies 

[13].  

3.1. Particle movement modeling 

In the Lagrangian approach, particle behavior is 

regarded as a discrete phase, so the relevant equations 

should be analyzed separately in the reference 

coordinate system. The particle movement equation is 

Newton’s second law, which is defined as Equation 1. 

𝑚𝑝

𝑑𝑢𝑝

𝑑𝑡
= 𝐹𝑓𝑟 + 𝐹𝑔 + 𝐹𝑏 + 𝐹𝑠 + 𝐹𝑏𝑟 (1) 

The right side of the equation represents the sum of 

the forces applied to the particle, including friction, 

gravity, buoyancy, Saffman lift, and Brownian. Friction 

is the main cause of the particles driving in and out of 

the room [23]. The friction force applied to the particle 

is similar to the drag force induced to a spherical 

particle in a laminar flow, which is calculated as 

Equation 2. 

𝐹𝑓𝑟 =
1

2𝐶𝑐
𝐶𝑑𝐴𝑓𝜌𝑓|𝑢𝑟|

2 (2) 
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This force is in the same direction as particle and 

fluid relative velocity. The equation used for 

calculation of the drag coefficient is defined as 

Equation 3 [3]. 

𝐶𝑑 =

{
 
 

 
 
𝑅𝑒

24
                                               𝑅𝑒𝑟 ≤ 1

 
𝑅𝑒

24
[1 +

𝑅𝑒0.687

0.15−1
]       1 < 𝑅𝑒𝑟 ≤ 1000 

0.44                                       1000 < 𝑅𝑒𝑟

 (3) 

Cc is Cunningham correction factor, and is obtained 

by Equation 4 [23]: 

𝐶𝑐 = 1 + 𝐾𝑛(1.257 + 0.4𝑒𝑥𝑝 (
−0.55

𝐾𝑛
)) (4) 

where Kn is Knudsen number . 

The gravity force induced to the particle is 

calculated by Equation 5. 

𝐹𝑔 =
𝜋𝜌𝑝𝑑𝑝

3

6
𝑔 (5) 

The buoyant force functions in the opposite 

direction of gravity, and is proportional to the volume 

of the object, carrying fluid density, obtainable from 

Equation 6. 

𝐹𝑏 = −
𝜋𝜌𝑓𝑑𝑝

3

6
𝑔 (6) 

Fbr is the Brownian force. It is possible to 

demonstrate that the Brownian force can be modeled 

as white noise, a random even parameter with 

Gaussian distribution and zero average. White-noise 

spectrum intensity is described by Equation 7 [25]: 

𝑆𝑛𝑛 =
2𝑘𝐵𝑇𝛽

𝜋𝑚𝑝
 (7) 

where β is the particle velocity factor in the Lagrangian 

equation (𝑑𝑢/𝑑𝑡 + 𝛽𝑢 = 𝑛(𝑡)), T is temperature (in 

Kelvin), and k is Boltzmann constant. The amount of 

the Brownian force can be obtained from Equation 8 

[26]. 

𝑛(𝑡𝑖) = 𝐺𝑖√
𝜋𝑆𝑛𝑛
𝛥𝑡

 (8) 

The presence of velocity gradient in the continuous 

phase induces a lift force to the particle, which is 

known as the Saffman lift, defined by Equation 9 [27]. 

𝐹𝑠 = 1.61𝜌𝑓𝑣𝑓

1

2𝑑𝑝
2|𝛻 × �⃗� 𝑓|

−1

2 [(�⃗� 𝑓 − �⃗� 𝑝)](𝛻 × �⃗� 𝑓) (9) 

Some parameters need to be defined for studying 

and solving the movement of particles, one of the most 

important being particle relaxation time, obtained in 

Stokes regime by Equation 10. 

𝜏𝑟 =
𝜌𝑝𝑑𝑝

2𝐶𝑐

18𝜇𝑓
 (10) 

Another noteworthy parameter, also used in 

Lagrangian turbulent section equations, is particle 

terminal velocity, i.e., velocity of freefalling under the 

influence of gravity, obtained in Stokes regime, which 

is calculated by Equation 11. 

𝑉𝑡𝑒𝑟 =
𝑔𝑑𝑝

2𝐶𝑐

18𝜇𝑓
(𝜌𝑝 − 𝜌𝑓) (11) 

3.2. Evaluation of discrete phase turbulence 

Turbulent fluid flow and velocity fluctuations 

directly affect particle movement, where the 

instantaneous velocity felt by the particle changes due 

to the changes in the forces applied to it. Velocity 

fluctuates randomly in a turbulent flow, where each 

particle experiences different velocities at the same 

spot at different times. Several methods have been 

proposed for indicating the effect of turbulence in the 

particle movement equation. The five methods used in 

this study are introduced below.  

3.2.1. Discrete Random Walk 

The best-known method of modeling continuous 

phase velocity fluctuations is the Discrete Random 

Walk method. Its greatest feature is that it samples 

particle velocity fluctuations with Gaussian 

distribution, zero average, and mean variance equal to 

the root mean square of the turbulent velocity 

fluctuation, which are calculated by Equation 12 and 

13. In this sampling method, the fluctuating velocity is 

kept constant in a time interval corresponding to the 

time scale of vortices. In non-isotropic conditions, 

Reynolds stress  components (u′
2
, v′

2
, w′2) are directly 

used [28] . 

√𝑢′
2
= √𝑣′

2
= √𝑤′2 = 𝑉𝑟𝑚𝑠 = √

2𝑘

3
 (12) 

𝑢𝑓 = (�̅� + 𝜉√𝑢
′2) 𝑖̂ + (�̅� + 𝜉√𝑣′

2
) 𝑗̂ 

       +(�̅� + 𝜉√𝑤′2)�̂� 

(13) 

where ξ represents a random number with Gaussian 

distribution. A Gaussian distribution is defined with an 

average value and a standard deviation, which are 0 

and 1 here, respectively. Thus, fluid velocity in the 

movement equation is as shown in Equation 13. 

In the analysis procedure, the above random 

number changes in accordance with the turbulence 

field. The change is specified given the length scale of 

the eddy and the time it takes the particle to cross it. 

The lifetime of the eddy is determined by Equation 14:  

𝜏𝑒 = 2𝑇
𝐿 (14) 

where 𝑇𝐿 is the Lagrangian integral time scale of the 

particle, calculated by Equation 15. 
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𝑇𝐿 = 𝐶𝐿
𝑘

𝜀
 (15) 

𝐶𝐿 is assumed to be 0.3, and particle crossing time is 

obtained by Equation 16: 

𝑡𝑐𝑟𝑜𝑠𝑠 = −𝜏𝑟𝑙𝑛 [1 − (
𝑙𝑒

𝜏𝑟|�⃗� − �⃗� 𝑝|
)] (16) 

where τr is particle relaxation time, and le is eddy 

length scale, calculated by Equation 17 [29]. 

𝑙𝑒 = 0.165
𝑘3 2⁄

𝜀
 (17) 

In the discrete random walk method, the particle 

interacts with the turbulent field either while it crosses 

the eddy, or until the eddy dies out; therefore, the time 

of interaction of the particle with the turbulent field is 

the smaller duration.  

3.2.2. Fourier-Kraichnan method [30] 

Kraichnan presented a simple method that creates a 

random field similar to pseudo-isotropic turbulence. 

Having studied turbulence simulation using the fluid 

energy spectrum function, he suggested an idea for 

fluid velocity fluctuations, and measured the fluid 

energy spectrum. In this method, fluid velocity 

fluctuations are calculated using Equations 18, 19, and 

20 [30, 31], applicable in incompressible conditions.  

�⃗⃗⃗� 𝑓(𝑋 𝑝, 𝑡) 

= √
2

𝑁
[∑ �⃗� 1(�⃗� 𝑛). 𝑐𝑜𝑠(�⃗� 𝑛. 𝑋 𝑝 +𝜔𝑛𝑡)

𝑁

𝑛=1

+ �⃗� 2(�⃗� 𝑛). 𝑠𝑖𝑛 (�⃗� 𝑛. 𝑋 𝑝

+ 𝜔𝑛𝑡)] 

(18) 

�⃗� 1(�⃗� 𝑛) = 𝜉 𝑛 × �⃗� 𝑛, �⃗� 2(�⃗� 𝑛) = 𝜁 𝑛 × �⃗� 𝑛 (19) 

k⃗ n. u⃗ 2(k⃗ n) = k⃗ n. u⃗ 1(k⃗ n) = 0 (20) 

in these equations, ξn, ζn, and ωn (frequency value) are 

acquired independently from Gaussian distribution. 

Each of the kn parameters is a random Gaussian value 

with a standard deviation of 0.5, which is considered as 

a function of the energy spectrum, and n is the number 

of utilized series, which is usually 100.  

Nondimensional values are described by Equation 

21. 

𝑋 =
𝑥 

𝑙0
, 𝑡∗ =

𝑡

𝑡0
, �⃗⃗⃗� 𝑓 =

�⃗� ′

√�⃗� ′
2
 (21) 

where l0 and t0 are factors of flow and geometry, and 

Wf represents nondimensional fluid phase velocity 

fluctuations.  

3.2.3. Model based on Langevin equation  

In this model, benefitting from Langevin equation, 

the relation and correlation between the fluid and the 

particle (Eulerian) is recognized by Frenkiel family of 

exponential functions, and the correlation between 

particle velocity and its history is acquired by the 

Langevin equation (Equation 22). 

𝑑𝑢 = 𝑢(𝑡 + 𝑑𝑡) − 𝑢(𝑡) = −
𝑢

𝑇𝐿
+ 𝜎𝑓√

2

𝑇𝐿
𝑑𝑊 (22) 

Here, dW is Wiener Process (white noise) which 

averages zero (<dW>=0), and time interval equals 

variance (<(dW)2>=dt). The advantage of using this 

formula is that it provides better physical 

compatibility. Berlemont et al. [32] proposed an 

innovative extension of discrete Langevin formula, 

utilized below. It is not simply a proposed 

discretization derived for a correlation function but 

rather a continuous model found on a random 

differential equation, resulting in the real form of 

correlation. The discretization of the equation is 

formulated as Equation 23: 

𝑢𝑛+1 = 𝑎𝑢𝑛 + 𝑏𝜉𝑛 (23) 

where ξ is a random number obtained from normal 

Gaussian distribution.  

The equation is valuable in that it focuses on the main 

physical idea of the model, and materializes it. Fluid 

velocity is given in a certain tn time frame, and is 

determined in the next time frame tn+1=tn+Δt by the 

sum of the predefined values of a phrase containing the 

memory of the previous velocity and a random phrase 

for acceleration fluctuations.  

 

Figure 2. Particle and fluid point position  
at moments t and t+Δt 

To obtain the values of the a and b coefficients, the 

above equation is multiplied by un and un+1, and the 

mean result is calculated from Equations 24 and 25. 

𝑎 =
〈𝑢𝑛𝑢𝑛+1〉

〈(𝑢𝑛)2〉
= 𝑅𝐿(𝛥𝑡) = 𝑒𝑥𝑝 (−

𝛥𝑡

𝑇𝐿
) (24) 

𝑏 = [〈𝑢𝑛+1𝑢𝑛+1〉 − 𝑎2〈(𝑢𝑛)2〉] = (1 − 𝑎2)𝜎𝑓
2 (25) 

Subsequent use of the exponential correlation in 

steady state results in Equation 26. 

〈(𝑢𝑛)2〉 = 𝜎𝑓
2 (26) 
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3.2.4. Lagrangian Temporal Construction Model 
(LTCM) 

Lu et al. [33] presented a new model with better 

compatibility with experimental results. This method 

is based on Lagrangian correlation of random particle 

movement from Xs to Xf.  

The fluid point and the particle are assumed to be at 

the same position (Xs) at moment t, and reach positions 

Xf and Xp, respectively, after a time step (Δt). The 

distance between these two is shown in Figure 2 as Δs. 

The local coordinates 0 – ΘΞΩ are defined by particle 

movements. Xf, Xs, and Xp are located at the original 

coordinates. In the first step of LTCM, particle position 

and velocity at moment zero are given, and the initial 

fluid fluctuations are then obtained through the 

Discrete Random Walk model. In the second step, the 

fluid point position at Xf is calculated by the velocity 

differential equation.  

The particle position Xp is acquired through 

momentary velocity and the particle movement 

equation. All the values required for formation of a 

local system of coordinates are thus obtained. once 

that step is taken, a return is made to the second step, 

where the acquired location data are set, and the 

fluctuation velocities in the local system of coordinates 

are calculated. Afterwards, the local coordinates need 

to be converted to the original ones, and the new value 

of velocity is used to set initial velocity.  

According to Equations 27 and 28 the relations 

between particle velocity fluctuations in the initial and 

secondary positions are calculated in LTCM model.  

𝑊𝑖(𝑋𝑝) = 𝑎𝑖𝑏𝑖𝑊𝑖(𝑋𝑠) + 𝜓       (𝑖 = 1,2,3) (27) 

𝜓𝑖 = √1 − (𝛼𝑖𝑏𝑖)
2 (28) 

Frenkiel proposed the following forms (Equations 

29 and 30) of temporal and local correlation functions 

for αi and bi. 

𝛼𝑖 = 𝑒𝑥𝑝 (
−𝛥𝑡

𝑇𝑖
𝐿 )   (29) 

𝑏𝑖 = 𝑒𝑥𝑝 (
−𝛥𝑠

2𝛬𝑖
) 𝑐𝑜𝑠 (

𝛥𝑠

2𝛬𝑖
) (30) 

These functions use length scales, where Λ1 is the 

longitudinal scale, and Λ2 and Λ3 are the transverse 

ones, as estimated Equations 31 and 32 [33].  

𝛬1 = 2.502𝑇𝑖
𝐿 √�́�2𝑖̅̅ ̅̅  (31) 

𝛬2 = 𝛬3 = 0.5𝛬1 (32) 

3.2.5. Langevin-Lagrangian Temporal 
Construction Model (L-LTCM( 

This method is a mixture of Langevin and 

Lagrangian Time Construction Models. The definition 

of this method is similar to that of Lagrangian Time 

Construction Model, different in that Langevin 

equation is used here instead of Eulerian correlations. 

As in the coefficient acquired in the Langevin Equation 

25 is used in Equation 28 and Equation 33 [34]. 

𝜓 = (1 − 𝑎2)𝜎𝑓
2𝜉𝑛     (33) 

4. Resuspension 

A physical process through which a particle is 

detached from the surface. It usually occurs due to 

aerodynamic forces created by the shear flow. In this 

study, an improved version of the Johnson-Kendell-

Roberts model [35] is used to simulate particle 

resuspension under an applied shear tension. 

Furthermore, Soltani and Ahmadi [36] extracted an 

analytical model to predict particle surface 

detachment, and referred to rolling as the most 

probable mechanism of spherical particle 

resuspension from real surfaces. Therefore, the shear 

tension velocity required for particle detachment is as 

follows (Equation 34). 

𝑢𝑐
∗ = [

𝑎2𝐶𝐶𝑓𝑝𝑜 𝑒𝑥𝑝 (−
0.6

𝛥𝑐
2)

2.52𝜌𝑑𝑝
3 ]

1/2

 (34) 

If shear velocity is higher than the above value, the 

particle qualifies for detachment. However, it should 

be observed whether the particle enters the main flow, 

or is deposited. For evaluation of the effects of the air 

flow around an individual over the particle surface, 

resuspension rate and resuspension probability are 

defined as Equations 36 and 37, respectively [12, 37]. 

𝑃𝑅 =
𝑁𝑅
𝑁𝐿

 (35) 

𝑅𝑅 =
𝑅

𝐿
=
𝑃𝑅

𝑇𝑟
 (36) 

𝐶 =
𝑁𝑅
𝑉
= 𝑃𝑅 ×

𝐿 × 𝐴

𝑉
 (37) 

In Equation 35, particle resuspension probability is 

the proportion of the number of particles resuspended 

from the surface (NR) to the number of particles 

present on the surface (NL), and resuspension rate 

(RR) is the proportion of resuspension flux (in 

particles per second per cubic meter) to particle load 

(L) on the surface (in particles per cubic meter), 

according to Equation 36. Particle resuspension rate 

can be obtained based on the probability of particle 

resuspension, which is the proportion of resuspension 

probability to resuspension time. rate is the significant 

parameter for distribution of particles with different 

diameters, as also explored in the present research.  
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4.1. Lagrangian analysis of particle 
resuspension 

There are particles on the surface, which are 

detached given the appropriate circumstances. 

Focused on previously in the section on detachment, 

the circumstances provide the critical shear velocity on 

the surface. The flow around the surface determines 

the value of shear velocity thereon, and the particle is 

detached from the surface if it rises to a value higher 

than critical shear velocity. It then moves, either 

returning to the surface and resettling, or entering the 

main flow and being removed from the calculation 

zone. In this method, particles are observed from the 

source, i.e., the surface, and the computational cost of 

the procedure is thus significantly lower than when the 

particle is followed in the entire room space.  

4.2. Mesh and number-of-particles 
independence studies 

4.2.1. Mesh independence study  

After evaluation of the model, a mesh of appropriate 

density needs to be chosen to prevent the results from 

dependence on the one selected for the studied case. In 

this regard, according to Figure 3, a three-dimensional  

 

Figure 3. A typical structured grid of the physical model 
geometry: (a) three-dimensional view,  

(b) front view, and (c) side view 

structured grid of the physical model geometry has 

been generated in Gambit software. For investigation 

of the mesh independence of the results, meshes with 

590920, 980000, 1892000, and 2860000 cells are 

examined. Figure 4  shows vertical velocity over the 

line created on Figure 1 for different numbers of cells. 

Clearly, no significant changes are observed in the 

simulation results as the number of cells is increased 

from 1892000 to 2860000. Therefore, the 1892000-

cell mesh is selected for the simulation.  

4.2.2. Number-of-particles independence study 

The computational cost of Lagrangian analysis is 

directly proportional to the number of particles used in 

the analysis. Therefore, it is highly desirable to reduce 

the number of particles as far as possible to save up run 

time. However, the number of particles should not be 

lower than the minimum number of particles required 

for accurate results. 

Presence of a random number in the DRW algorithm 

and other models changes PR. After mesh 

independence is studied, therefore, independence 

from the number of particles present on the unit of 

area that are tracked for rising should be studied.  

 
Figure 4. Vertical velocity mesh independence study 

 

Figure 5. Study of independence from the number of 
particles for the probability of particle resuspension from 

the garment 

Figure 5  shows independence from the number of 

released particles for calculation of the probability of 

particle resuspension from the user’s garment in a 

vertical unidirectional system with an entrance 

velocity of 0.5 m/s (Langevin model). 142000 is found 

to be the appropriate number of particles on the 

garment to be exposed to the incoming flow.  

4.3. Boundary conditions 

In the fluid hase, the inlet boundary condition of the 

room is the velocity inlet, where the velocity varies 

from 0.3 to 0.45 m/s. The outlet boundary condition is 

the outflow, and no-slip boundary conditions are 

adopted at the room walls and garment. In the discrete 

phase, the escape type boundary condition is assumed 

at the inlet and outlet of the room. The reflect boundary 

condition is imposed for particles collide with the walls 

and garment. At the walls, the reflect boundary with a 

restitution coefficient of 1 is used. As stated before, the 

resuspension boundary condition is applied through 

comparing the shear velocity with the value of relation 

(34). Table 2 lists the boundary conditions used in the 

present work. 
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Table 2. Boundary conditions of governing equations 

 
Room 
walls 

Room 
inlet 

Room outlet Garment 

Fluid phase 

velocity no slip 
velocity 
inlet 

outflow no slip 

pressure 
zero 
gradient 

- 
atmospheric 
pressure 

zero 
gradient 

Discrete phase 

 reflect escape escape 
reflect & 
resuspension  

 
Figure 6. Solution algorithm of the governing  

equations in the present work 

4.4. Solution method 

In this study, FLUENT software has been utilized to 

solve the flow field governing equations. A three-

dimensional steady-state numerical simulation has 

been conducted by using the finite volume method. In 

this method, the SIMPLE algorithm was used for the 

velocity-pressure coupling. The second-order upwind 

and the central-difference discretization schemes were 

applied for convective and diffusive terms, 

respectively. The convergence criteria for the flow field 

were controlled by the maximum residual level of 1e-5 

for each governing equation and 1e-3 for the maximum 

net mass flow rate between inlet and outlet. In this 

work, the effect of the particles on the fluid was 

ignored. Hence, first of all, the governing equations of 

flow field were solved and the flow information was 

then used in the Lagrangian solver. In the Lagrangian 

solver, at first, the amount of all forces  applied to the 

particles were calculated and then the flow velocity 

fluctuations were modeled with the aid of the 

aforementioned turbulence dispersion models. Finally, 

Lagrangian equations were directly solved by the 

fourth order Runge-Kutta method and then the 

position and velocity of the particles in the flow field 

were calculated. The detail of the solution algorithm is 

presented in Figure 6. 

5. Results 

In this section, the validity of the turbulence 

dispersion models is conducted against the 

experimental data. Then, the simulation of particle 

resuspension and the effect of isotropic anisotropy on 

this phenomenon in the horizontal unidirectional 

ventilation system are being investigated. In the next 

step of the simulation, turbulence dispersion in 

horizontal and vertical unidirectional systems on 

particle resuspension probability is studied. Finally, 

turbulence dispersion models’ evaluation is performed 

in terms of the accuracy and computational speed.  

5.1. Model validation 

Before the analysis is made, it is vital to evaluate the 

developed code and selected models. For this purpose, 

experimental data are taken from Tsai [14], focused on 

particles released from a piece of polyester fabric in an 

ISO-5 clean room in steady-state conditions and 

reporting particles of 10 to 0.01 microns. The 

rectangular piece of fabric with dimensions of 

0.147*0.179 meters was placed in a box with a volume 

of 1400 cm3. The unidirectional flow in the container 

passed from a side wall to another at 0.15 m/s. 

In this section, Tsai’s [14] experimental research is 

simulated numerically, and the findings are analyzed. 

The sources of particles in the clean room include only 

the piece of fabric and the unidirectional ventilation 

system. The concentration diagram obtained from the 

experimental data can thus be compared to the particle 

resuspension probability diagram. RSM is used to 

simulate fluid flow turbulence. With particle load (L) 

on the polyester surface assumed to be as in Equation 

38, the concentration in the room is calculated using 

Equation 37. 

𝐿 = 2.527 × 107𝐷 (38) 

Figure 7 depicts the numbers of particles with 

different diameters per unit of volume in the class-100 

clean room, on which basis the concentration of 

particles with diameters below 0.6 microns is nearly 

zero, followed by a relative maximum. An important 

finding is that the particle distribution behavior based 

on particle diameter in clean rooms is a function of 

particle resuspension probability, an effective factor in 

particle concentration. Consequently, the 

resuspension probability parameter is useful in 

investigation of particle resuspension and 

concentration in controlled spaces.  
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It is clear from Figure 7 that the distribution models 

have an acceptable trend in specification of 

concentration, and that all the models predict the rise 

in probability similarly to the concentration diagram 

generated from experimental results. Due to the 

micron-sized particles considered in this section, the 

difference in prediction of resuspension probability by 

different models is minimal. 

 
Figure 7. Concentration of particles with different diameters 

In terms of computational cost and accuracy, DRW 

can be considered as an appropriate model for 

particles in a clean room with diameters in the above 

range. This diameter range is common for a controlled-

space study, but a wider range is considered in this 

research for investigation of model predictions.  

At the moment a particle rises from a horizontal 

surface, Saffman force is strongly applied to it in the 

opposite direction of the rise due to velocity gradient 

close to the surface. Saffman force is directly 

proportional to 𝑑𝑝
2 . Therefore, the larger the diameter, 

the greater the force opposing the rise. Simulation 

shows that flow hydrodynamic forces overcome the 

particle at 0.6 microns. The trend continues up to the 

maximum resuspension. The flow force is applied to 

the particle through the friction force (i.e., drag), and is 

proportional to 𝑑𝑝
3 . After the peak, the force decreases, 

and particle resuspension from the surface recedes as 

a result. As the trend continues, it becomes highly 

unlikely for particles with large diameters to be 

resuspended from the surface. 

5.2. Particle resuspension in a vertical 
unidirectional ventilation system 

This section explores the predictions of turbulence 

dispersion models on the probability of particle 

resuspension from a user’s body in a vertical flow from 

ceiling to floor. It should be noted that air flow is 

predicted by the RSM model. Commonly, flow velocity 

ranges between 0.3 and 0.5 m/s. The air velocity in the 

clean room is first assumed to be 0.5 m/s, and the 

effects of velocity, particle density, and isotropic 

turbulence are then studied. 

According to the resuspension probability trend in 

Figure 8, it is possible to split the diagram to three 

sections. The dominant forces are drag and gravity in 

the first section (Section 1), drag and Brownian in the 

middle section (Section 2), and the Brownian force in 

the final section (Section 3). The general trend of 

prediction suggests that particles with diameters of 

above 5 microns have a high probability of rising, and 

ones with diameters of above 20 microns have high 

chances of being removed from the garment. This 

trend has also been observed in experimental studies 

for particle resuspension [14, 16] which is due to the 

general trend of probability. 

 
Figure 8. Probability of particle resuspension from the 
user’s garment in a vertical unidirectional ventilation  

system at a velocity of 0.5 m/s provided  
by two DRW models 

Figure 8 shows the difference between the effects of 

isotropic and non-isotropic flow on the particles in the 

drag force dominance region for particles with 

perpendicular to the surface are calculated more 

profoundly, which helps particle rising; for sub-micron 

particles, however, which are influenced more severely 

by the Brownian force, the isotropic or non-isotropic 

nature of the turbulence exhibits little effect. Another 

reason is that the drag forces, which transfer flow 

turbulence effects to the particle, are significantly less 

effective at lower diameters. While the isotropic DRW 

model predicts this, the isotropic and non-isotropic 

DRW models provide essentially similar simulations 

for sub-micron particles. Kraichnan model simulates 

the fluctuations more acutely against DRW, and more 

particles in wide diameter ranges are therefore 

resuspended with higher resuspension probability. 

 
Figure 9. Probability of particle resuspension from the 
user’s garment in a vertical unidirectional ventilation  

system at a velocity of 0.5 m/s provided  
by different dispersion models 

As a general rule, self-correlating models such as 

Langevin, LTCM, and L-LTCM predict similar behavior. 

According to the correlation coefficients, there are 



150 H. Kharinezhad Arani / JHMTR 9(2022) 141- 154 

variations in the simulation of these models, as evident 

in Figure 9. The vertical unidirectional system 

simulations demonstrate that the system causes 

particles with diameters of 5 microns or above to rise, 

and greatly increases their concentration in the 

environment. Therefore, garment and underwear 

designed for rooms with this type of ventilation should 

generate fewer particles of the above size range.  

5.2.1. Effects of velocity on particle resuspension 

This section explores the effects of velocity on 

particle resuspension in a vertical unidirectional 

ventilation system examined using DRW. The fluid flow 

around the user is simulated at three different 

velocities (0.3, 0.4, and 0.5 m/s), and the DRW model is 

then used.  

 

Figure 10. Probability of particle resuspension from the 
user’s garment in a vertical unidirectional ventilation 

 system for different velocities examined 
 with the DRW model 

As seen in Figure 10, the probability of resuspension 

of large particles and their concentration in the clean 

space increases as unidirectional ventilation velocity 

decreases. The above decrease exhibits little effect on 

the probability of resuspension of small particles. 

Another cause of concern is that particle concentration 

rises on a broader scale as velocity decreases, which 

requires preparations. From a physics point of view, 

the rise results from the lower velocity gradient on the 

surface and the subsequent decrease in the Saffman 

force opposing particle rising. 

5.2.2. Effects of density on particle resuspension 

For examination of the effects of density in particle 

rising, aluminum oxide particles are simulated, and the 

results are compared to those concerning silicon 

dioxide particles.  

Possible resuspension probability is shown in 

Figure 11 for the two materials. Clearly, particle 

resuspension grows as density increases for diameters 

of over one micron due to the gravity force, which 

causes the great increase in resuspension rate for 

larger diameters by helping the particle to get 

detached from the surface. On average, a 10% increase 

is observed in resuspension for a growth only by 80% 

in density. 

 

Figure 11. Probability of silicon dioxide and aluminum oxide 
particle resuspension from the user’s garment in a vertical 

unidirectional ventilation system examined 
 with the DRW model 

The results demonstrate how changes in density 

affect particle resuspension against diameter. For 

particles with diameters smaller than one micron, 

there is a small recession in resuspension probability 

due to the decrease in Brownian distribution, 

explained by the less energy received by higher-

density particles as a result of the fluid molecules.  

5.3. Particle resuspension in a horizontal 
unidirectional ventilation system 

This section reviews the predictions made by 

particle turbulence dispersion models on the 

probability of particle resuspension from a user’s 

garment under a horizontal flow. The flow surrounding 

the individual is simulated by the RSM model. 

Ventilation intake flow velocity is assumed to be 0.25 

m/s. The effects of velocity on particle resuspension 

are examined below.  

The particle resuspension procedure in a horizontal 

ventilation system is similar to that in a vertical 

system, but eddies take shape around the user in a 

horizontal system, which makes them more effective 

on resuspension of smaller particles, so particles of a 

wider range of sizes enter the system. Moreover, the 

probability of resuspension and deposition of particle 

cycles is high in a horizontal ventilation system. On the 

other hand, a larger particle, with a higher probability 

of resuspension in a vertical ventilation system, has a 

lower chance of resuspension in a horizontal one due 

to the same direction of the flow and the gravitational 

force.  

With the walking individual’s leg movements 

neglected, his presence can be considered similar to 

that of a moving individual in a clean room, or to flow 

with different relative velocities in the direction of 

horizontal ventilation. Therefore, particle 

resuspension probability is an expression of particle 

resuspension for a moving individual in such a 

ventilation system.  

Figure 12 depicts the DRW predictions for particles 

of different diameters resuspended from a user’s 

garment in a horizontal ventilation system with a flow 

velocity of 0.25 m/s.  
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Figure 12. DRW predictions on particle resuspension from 

the user’s garment in a horizontal ventilation system 
 with a current velocity of 0.25 m/s 

The model anticipates a 25% chance of 

resuspension for particles with diameters of over 5 

microns, and 15% for 0.5- to 5-micron particles, while 

resuspension probability for a similar velocity in a 

vertical system is predicted to be 97% for particles 

larger than 5 microns in diameter and below 8% for 

particles smaller than 5 microns. The isotropic DRW 

model exhibits similar predictions for particles with 

diameters smaller than 5 microns, while there is 

discrepancy and divergence for larger particles, 

resulting from the more profound effect of Brownian 

motion and lower influence of turbulence.  The results 

indicate the tendency of the horizontal system to rise 

more particles with diameters between 0.5 and 5 

microns and induct them in a clean room. This is an 

important range, as filters exhibit the lowest efficiency 

in removal of particles with diameter sizes lying 

therein. For example, bacteria, which are detrimental 

to clean rooms used in medical and pharmaceutical 

applications, are categorized as such particles.  

5.3.1. Effects of velocity on particle resuspension 

Figure 13 shows the probability of particle 

resuspension from a user’s garment at different 

velocities using the DRW model. Unlike in the vertical 

system, velocity is directly proportional to particle 

resuspension probability here. Due to the intensifying 

effect of the flow on the eddy surrounding the user’s 

body, more particles are detached from the garment 

surface to enter the main flow.  

 
Figure 13. Probability of particle resuspension from the 

user’s garment for different velocities in a horizontal 
unidirectional ventilation system examined 

 using the DRW model 

Moreover, a horizontal system releases a wide range 

of particles into the controlled space, while 

resuspension probability is lower in a horizontal 

system than in a vertical one.  

5.3.2. Models evaluation 

According to Table 3, all implemented turbulence 

dispersion models in the present work were compared 

through three characteristics, including: 1. simulation 

accuracy for particles size below 0.6 microns, 2. 

simulation accuracy for particles size above 0.6 

microns, and 3. computational speed. In general, in 

term of computational accuracy, Langevin and L-LTCM 

models have the highest and lowest accuracy in 

resuspension probability prediction, respectively. In 

term of computational speed, the highest and lowest 

accuracy respectively belong to DRW and Fourier-

Kraichnan models. Finally, it can be claimed that 

Langevin model has the highest performance 

compared to other models. Computational speed is 

very important for simulation in the Lagrangian 

approach. According to the results, calculation speed of 

the Langevin model ranks second among the models; 

but its computational speed is acceptable in 

comparison with other models. Consequently, 

Langevin model is recommended as an appropriate 

turbulence dispersion model to simulate particle 

motion in controlled spaces.  

Table 3. The comparison of the turbulence dispersion 
models performance implemented in the present study 

Characteristic 

Models 

D
R

W
 

F
o

u
ri

er
-

K
ra

ic
h

n
an

 

L
an

ge
vi

n
 

L
T

C
M

 

L
-L

T
C

M
 

Simulation accuracy 
for particles size 
below 0.6 microns 

 ✓✓ ✓✓✓ ✓  

Simulation accuracy 
for particles size 
above 0.6 microns 

✓✓ ✓✓ ✓✓ ✓✓  

Computational speed ✓✓✓  ✓✓ ✓✓ ✓ 

Guide:   ✓✓✓ excellent,  ✓✓ very good,  ✓ good, 

                                weak,   too weak 

6. Conclusion 

In this study, particle resuspension probability was 

introduced for controlled space ventilation systems, 

and it was then  inspected using different particle 

turbulence dispersion models. Notable results 

obtained from the present study can be listed as below: 

• Increasing flow rate and velocity in a vertical 

ventilation system decreases particle rising, 
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while converse behavior is observed in a 

horizontal system. At the same velocities, a 

horizontal unidirectional ventilation system 

resuspends more particles with diameter sizes 

between 0.1 and 10 microns, which are more 

difficult to remove from the system using 

filters.  

• Rooms with horizontal ventilation systems 

require higher standards of user garments for 

the same cleanness class. 

• Due to the decreasing turbulence effects and 

increasing Brownian influence (close to the 

walls), most models offer similar performance 

for particles of sizes less than one micron. 

• The resulting discrepancy between the self-

correlating and the Kraichnan and DRW models 

grows as velocity or diameter size increases. 

• The assumption of isotropic turbulence is not 

appropriate for particles with diameters of 

over one micron.  

• Employment of non-isotropic turbulence 

models is quite significant in distribution of 

particles with diameters of 10 microns or 

above, so such fluid flows should be simulated 

by non-isotropic turbulence models. 

• Langevin model has the highest performance 

compared to other models in term of 

computational speed and accuracy.  

Nomenclature 

𝑎 Contact radius [m] 

𝐴 Garment area [m2] 

𝐴𝑓  Particle forehead area [m2] 

𝐶 Concentration [kgm-3] 

𝐶𝑐 Cunningham slip correction factor [#m-3] 

𝐶𝑑 Drag force factor  

𝐶𝐿 Heat driving force velocity [ms-1] 

𝑑 Diameter [m] 

𝑑𝑊 White Noise function 

𝐹 Particle induced force [N] 

𝑓𝑝𝑜  Separation force [N] 

𝑔 Gravitational acceleration vector [ms-2] 

𝐺1, 𝐺2 Gaussian numbers [kgs-1] 

𝐽 Wall particle flux [kgs-1] 

𝑘 
Turbulent kinetic energy, Boltzmann  
constant [m2s-2, JK-1] 

𝑘𝐵  Boltzmann constant [JK-1] 

𝐾 Yang complex coefficient [Nm-2] 

𝐾𝑛 Knudsen number 

𝑘𝑛  Gaussian numbers 

𝑙𝑒 Eddy length scale [m] 

𝑙0 Length scale of physical model [m] 

𝐿 Particle concentration on the surface [#m-2] 

𝑚 Mass [kg] 

𝑁𝑑 Number of deposited particles [#] 

𝑁𝐿 Particle number on the surface  [#] 

𝑁𝑅 Number of Resuspended particles [#] 

𝑁0 Initial number of particles [#] 

𝑃𝑅 Resuspension Probability 

𝑅 Resuspension flux [#s-1m-2] 

𝑅𝐸 Eulerian correlation 

𝑅𝐿 Lagrangian correlation 

𝑅𝑒 Reynolds number 

𝑅𝑅 Resuspension rate [s-1] 

𝑠𝑛𝑛 White noise intensity spectrum 

𝑡 Time [s] 

𝑡𝑑 Deposition Time [s] 

𝑡0 Time scale [s] 

𝑡𝑑
+ Nondimensional time duration 

𝑡∗ Nondimensional time  

𝑡𝐶𝑟𝑜𝑠𝑠 Particle crossing time [s] 

𝑡𝑖𝑛𝑡 Particle-eddy interaction time [s] 

𝑇 Absolute temperature [K] 

𝑇𝑟 Resuspension time [s] 

𝑇𝑖
𝐿 Particle lagrangian integral time scale [s-1] 

𝑢 X-aligned velocity [ms-1] 

�⃗�  Velocity vector [ms-1] 

�̅� Mean velocity [ms-1] 

𝑢′ Fluctuations Velocity [ms-1] 

𝑢∗ Shear velocity [ms-1] 

𝑢𝑟  Relative particle-fluid velocity [ms-1] 

𝑣 Y-aligned velocity [ms-1] 

𝑉 Room volume [m3] 

𝑉𝑑 Deposition velocity [m3s-1] 

𝑉𝑑
+ Nondimensional deposition velocity 

𝑉𝑡𝑒𝑟  Terminal velocity [ms-1] 

𝑤 Z-aligned velocity [ms-1] 

𝑊 Nondimensional velocity fluctuation  

𝑊𝐴 Adhesion thermodynamic work [J] 

x⃗  position Vector [m] 

𝑋  position [m] 

𝑋  Nondimensional position Vector  

https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=2&cad=rja&uact=8&ved=0ahUKEwjDp4qL5cHXAhVGaFAKHcTnBiYQFggqMAE&url=https%3A%2F%2Fen.wikipedia.org%2Fwiki%2FKnudsen_number&usg=AOvVaw313YWdrS7IxszY_ed2Djat
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y0 Length of injected particle[m] 

y0
+ Nondimensional length of injected particle 

β Mobility coefficient [º] 

𝛥𝑐 Nondimensional roughness  

ε Turbulent Energy Dissipation Rate [m2s-3] 

ζ Gaussian Random Number 

𝜇 Fluid Dynamic Viscosity [kgm-1s-1] 

𝑣 Fluid Kinematic Viscosity [m2s-1] 

ξ Gaussian Random Number 

Λ Eulerian length scale [m] 

𝜌 Density [kgm-3] 

σ Velocity variance [ms-1] 

τd Nondimensional Particle Relaxation Time 

τe Lifetime of eddy [s] 

τr Particle Relaxation Time [s] 

ω 
Frequency velocity fluctuations in Fourier 
 [s-1] 

b Buoyancy 

br Brownian 

f Fluid 

fr Drag 

g Gravity 

p Particle 

r Relative  

s Saffman 
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