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Abstract. Conference rooms experience large and rapid variations in occupancy, which alter 

internal heat gains and the interaction between supply jets and occupant thermal plumes. This study 

investigates how occupancy affects thermal comfort, the deposition of exhaled droplets on 

occupants and the associated indirect (deposition–hand–mucosa) infection-risk indicators in a 

mechanically ventilated hotel conference room in Naples, Italy. A steady RANS model of the 

airflow and temperature fields is coupled with one-way Lagrangian tracking of 10 µm droplets 

released by the speaker, and the predicted deposition on each occupant is used as input to a 

Quantitative Microbial Risk Assessment (QMRA) chain. The model is verified through grid and 

time-step sensitivity analyses and validated against benchmark data from the literature. Four 

occupancy levels are compared: 25%, 50%, full and overfull condition with standing attendees. 

Increasing occupancy shifts the flow from a jet-dominated to a plume-influenced regime and raises 

the PMV from about −0.5 at 25% occupancy to +0.41 on average, and up to +0.75 in individual 

rows, under overfull conditions. In all scenarios, the first row receives the largest share of droplets 

among seated occupants (3.1–3.7% of the emitted droplets), whereas under overfull conditions the 

standing row along the [windowless] side receives 10.6%. Under conservative assumptions, the 

corresponding QMRA indicators reach about 0.44% for the first row and 1.45% for the standing 

row. The results indicate that deposition-related exposure is governed by the airflow pathways 

between the source and the main outlet rather than by distance alone, and that occupancy 

management and ventilation design should jointly consider thermal comfort and deposition 

hotspots. 

1 Introduction 

In modern society, humans spend a predominant portion of their lives, estimated at almost 80% and 90%, within 

indoor environments [1–4]. Consequently, ensuring high Indoor Environmental Quality (IEQ), encompassing 

thermal comfort, indoor air quality, visual comfort, and acoustic comfort, has become a fundamental requirement 

in building design and public health protection. Poor indoor environmental conditions are directly associated with 

discomfort, reduced productivity, and symptoms commonly related to Sick Building Syndrome (SBS), such as 

headaches, fatigue, dizziness, and nausea [5–13]. 
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From an engineering perspective, maintaining adequate levels of thermal comfort and indoor air quality represents 

a particularly complex challenge, as Ventilation and Air Conditioning systems (HVAC) account for a major share 

of building energy consumption [14–16]. This issue becomes even more critical in densely occupied environments 

such as conference halls, theatres, seminar rooms, and university classrooms, where occupancy may rapidly vary 

from a few individuals to more than one hundred occupants. In these spaces, occupants simultaneously act as 

sources of heat, moisture, carbon dioxide, and potentially contaminating respiratory particles (D'Alicandro et al.; 

Nada et al.) [17,18]. Therefore, ventilation system design cannot rely solely on energy-efficiency or thermal-

comfort requirements but must also consider air distribution effectiveness, contaminant removal, and exposure-

related indicators. 

Several studies have investigated the role of HVAC configurations in complex indoor environments, including 

railway cabins, university classrooms, theatres, data center and operating rooms [17–21]. These studies have 

demonstrated that airflow organization significantly influences thermo-hygrometric comfort, aerosol transport, 

particle deposition, and contaminant removal efficiency. Environments characterized by high occupancy density 

and complex geometries represent especially critical scenarios, where the interaction between mechanical 

ventilation, human thermal sources, and airborne contaminants can generate highly non-uniform airflow patterns. 

The COVID-19 pandemic further highlighted the importance of ventilation and indoor airflow patterns in 

controlling airborne transmission within enclosed spaces. Numerous studies have demonstrated that respiratory 

particles can remain suspended in the air, be transported by ventilation flows, and generate highly non-uniform 

exposure conditions  [22–24]. Although analytical models based on the well-mixed assumption are useful for 

preliminary assessments, they are unable to capture local airflow structures, recirculation zones, or differences in 

exposure among individual occupant locations. Massarotti et al. [20] developed and validated a three-dimensional 

CFD model of a real operating room, highlighting the importance of accurately representing thermal sources and 

occupants in predicting airflow behavior. For this reason, Computational Fluid Dynamics (CFD) has become one 

of the most widely adopted tools for analyzing indoor airflow, aerosol dispersion, and spatially resolved exposure 

indicators. 

Recent CFD studies have shown that the distribution of airborne contaminants strongly depends on the adopted 

ventilation strategy, air-change rate, source location, and occupant configuration. Vita et al. [25] proposed a CFD-

based framework for assessing exposure risk in indoor environments, demonstrating that the well-mixed 

assumption may be inadequate in the presence of strongly non-uniform airflow fields. Similarly, Moeller et al. 

[26] showed that CFD simulations enable position-specific exposure-risk assessments, while Lee and Rim [22] 

demonstrated that ventilation strategies, air-change rates, occupant arrangements, and source locations 

significantly influence the spatial distribution of exposure and that increasing ACH does not always result in a 

uniform reduction in risk. 

Experimental and epidemiological evidence also confirms the fundamental role of ventilation. Ricolfi et al. [27], 

by analyzing more than 10,000 Italian classrooms, demonstrated that mechanical ventilation significantly reduces 

SARS-CoV-2 transmission and that ventilation rates exceeding 10 L s⁻¹ per student lead to a substantial reduction 

in relative risk. However, recent CFD studies have shown that ventilation rate alone is insufficient to describe the 

actual level of protection. In particular, D'Alicandro et al. [17] investigated the transport of droplets emitted by a 

lecturer in a large university classroom, highlighting the role of human thermal plumes and showing that 

increasing ACH does not necessarily guarantee improved contaminant removal. Therefore, ventilation rate alone 



 

 

cannot adequately describe the actual level of protection, since ventilation effectiveness depends on the interaction 

among supply jets, room geometry, occupant distribution, and thermal plumes generated by human metabolism. 

Respiratory activity represents another key factor affecting aerosol transport. Mariam et al. [28] demonstrated 

through CFD simulations that coughing, sneezing, normal conversation, and loud speaking generate different 

dispersion patterns depending on emission velocity, particle-size distribution, and ventilation configuration. Their 

results further showed that the conventional concept of “safe distance” cannot be considered universally valid, 

since particle transport strongly depends on airflow organization. 

In parallel with studies on airborne transport, increasing attention has been devoted to particle deposition on indoor 

surfaces. Particles transported by airflow may deposit on occupants and frequently touch surfaces, creating 

potential contamination hotspots. In this context, Quantitative Microbial Risk Assessment (QMRA) represents an 

established framework for the quantitative evaluation of microbial risk associated with exposure to pathogenic 

microorganisms, integrating information related to contamination sources, exposure pathways, and dose–response 

relationships. Traditionally applied in water-quality and food-safety studies, QMRA has progressively been 

extended to indoor environments and bioaerosol exposure, enabling the quantification of risks associated with 

inhalation or contact with contaminated particles. According to Carducci et al. [29], QMRA transforms 

environmental and exposure data into quantitative risk indicators through the four classical stages of hazard 

identification, exposure assessment, dose–response assessment, and risk characterization. Although inhalation is 

generally considered the dominant exposure pathway for respiratory pathogens, the analysis of particle deposition 

and associated QMRA indicators can provide complementary information useful for identifying critical surfaces, 

supporting ventilation strategies, and optimizing cleaning procedures. 

Despite these advances, three aspects remain insufficiently addressed. First, CFD studies on the effect of 

occupancy have mainly focused on classrooms and lecture halls [17,22,26], whereas multi-purpose conference 

rooms, characterised by low ceilings, linear ceiling diffusers, a standing speaker and occupancy that may exceed 

the design capacity with standing attendees, have received limited attention. Second, although D'Alicandro et al. 

[17]   showed that the occupancy rate modifies the thermo-fluid field and droplet transport in a large classroom, 

the joint effect of occupancy on thermal comfort (PMV) and on the occupant-resolved deposition of exhaled 

droplets has not been quantified, particularly under over-capacity conditions. Third, CFD-based risk assessments 

have almost exclusively addressed the inhalation pathway, typically through Wells–Riley-type models [refs]; 

CFD-predicted deposition fields have rarely been used as input to QMRA dose–response models for the indirect 

deposition–hand–mucosa pathway [refs, if any]. Consequently, it is unclear whether the occupancy conditions 

that ensure thermal neutrality also favour or limit the deposition of exhaled droplets on co-occupants. 

To address these gaps, this study couples a steady RANS model of a real, mechanically ventilated hotel conference 

room with one-way Lagrangian tracking of droplets released by the speaker, and uses the predicted occupant-

resolved deposition as input to a QMRA chain for the indirect pathway. Four occupancy levels are compared 

(25%, 50%, full and overfull occupancy with standing attendees). The study addresses three research questions: 

how does occupancy modify the airflow structure and the PMV in the occupied zone? how does occupancy affect 

the fate (deposition, escape, airborne fraction) and the spatial distribution of the droplets released by the speaker? 

how do these deposition patterns translate into QMRA-derived indicators for the indirect pathway, and is there a 

trade-off with thermal comfort? The main contributions are: (i) a CFD model of a real conference room, verified 

through grid and Lagrangian time-step sensitivity analyses and validated against benchmark data for airflow, 



 

 

temperature and droplet dispersion; (ii) a systematic comparison of four occupancy levels, including an over-

capacity scenario, in terms of airflow structure, PMV and occupant-resolved deposition; (iii) the coupling of CFD 

deposition fields with a QMRA dose–response chain, yielding spatially resolved, comparative risk indicators; and 

(iv) practical indications on occupancy management and ventilation design that jointly consider thermal comfort 

and deposition hotspots. 

 

2 Methodology  

In this study, an Eulerian–Lagrangian approach is adopted to model airflow, heat transfer, and particle transport. 

The simulations are performed in two stages. First, the continuous phase (air velocity and temperature) is solved 

using steady Reynolds Averaged Navier Stokes (RANS) equations. Second, particle dispersion and then 

deposition are computed by time-integrating Lagrangian trajectories on the steady carrier field using one-way 

coupling (i.e., particles do not affect the airflow). Consequently, particle motion and deposition are transient, 

while the carrier flow is assumed to be steady. This strategy reduces the computational cost compared to fully 

coupled unsteady simulations while retaining time-resolved particle fate statistics [30]. 

2.1 Continuous Phase 

The governing equations are derived from the conservation of mass, momentum, and energy for an 

incompressible, newtonian fluid and are discretized using the finite volume method. Air is assumed to have 

constant thermophysical properties, while density variations are considered only in the gravitational term through 

the Boussinesq approximation to account for buoyancy effects. 

Turbulent flow is described within the RANS framework, which instantaneous flow variables are decomposed 

into mean and fluctuating components according to the Reynolds decomposition. Substituting this decomposition 

into the Navier–Stokes equations and applying time averaging introduces additional Reynolds stress terms 

representing the effect of turbulence on the mean flow. 

Under these assumptions, momentum transport results from the balance between inertial forces, pressure 

gradients, viscous diffusion, and buoyancy effects generated by temperature differences, while the energy 

equation describes the convective and diffusive transport of thermal energy within the airflow. The steady RANS 

formulation provides the mean carrier flow field, and it is particularly suitable for indoor environments where 

buoyancy-driven thermal plumes dominate airflow structure and contaminant transport [31]: 

 ∇ ⋅ (ݑ̅) = 0, 
 

ߩ (1) ⋅ ݑ̅) ⋅ (ݑ̅∇ = ̅݌∇− + ݑ2̅∇ߤ − ∇ ⋅ (̅′ݑ̅′ݑߩ) +  ,ܤ
 

(2) ρܿ௣(̅ݑ ⋅ ∇ܶ̅) = ݇∇2ܶ,̅ 
 

(3) 

 

where ̄ݑ (m/s) is the mean velocity, u′ (m/s) the fluctuating component, ݐ (s) the time, ߩ (kg/m3) the air density, ݌  

(Pa) the pressure,  ߤ (Ns/m2) the dynamic viscosity, ܶ (K) the temperature, ܿ௣⋅ (J/kg⋅K) the specific heat capacity, 

and ݇ (W/mK) the thermal conductivity. The term ܤ (N) represents body forces accounting for buoyancy through 

the Boussinesq approximation. To close the system, it is necessary to introduce a turbulence model. The choice 



 

 

typically falls on well-established formulations (e.g., k–ε or k–ω models), which provide a good balance between 

robustness in near-wall regions and sensitivity to recirculation zones commonly observed in ventilated spaces. In 

the present study, a k–ε standard considering the wall function [32,33], turbulence model is adopted [20]. The 

transport equations for the turbulent kinetic energy ݇ and its dissipation rate ߝ are expressed as: 

ݑ̅)ߩ  ⋅ ∇݇) = ∇ ⋅ ߤ)] + (௞ߪ௧ߤ ∇݇] + ௞ܩ + ௕ܩ −  ;ߝߩ
 

(4) 

ݑ̅)ߩ ⋅ ∇ε) = ∇ ⋅ ߤ)] + (ఌߪ௧ߤ ∇ε] + 1ఌܥ ߝ݇ ௞ܩ) + (௕ܩ3ఌܥ − ߩ2ఌܥ 2݇ߝ ; 
 

(5) 

 

where ݇ (݉2/2ݏ) is the turbulent kinetic energy, (3ݏ/2݉) ߝ is the turbulent dissipation rate, ߤ௧ is the turbulent 

viscosity, ܩ௞ represents the production of turbulent kinetic energy due to mean velocity gradients, ܩ௕ represents 

the contribution of buoyancy to the production or destruction of turbulent kinetic energy, and ߪ௞, ߪఌ, 1ܥఌ, 2ܥఌ  and 3ܥఌ are empirical model constants. 

The system of equations (1)-(15)   has been solved in OpenFOAM (v13) using the PIMPLE algorithm. The 

pressure equation is solved using an Algebraic MultiGrid (AMG) method, which enhances convergence even on 

large computational grids, while velocity, energy, and turbulence variables are handled by preconditioned iterative 

solvers. 

Convective terms are treated using limited upwind schemes, designed to ensure numerical stability and prevent 

spurious oscillations in regions characterized by strong convective gradients, such as airflow jets. Gradient and 

diffusive terms are computed using second-order linear schemes with limiters, a choice that preserves accuracy 

where mesh resolution allows and properly accounts for non-orthogonality introduced by geometric constraints. 

The convergence criteria are defined by monitoring the residuals of all solved variables. A residual threshold of 

10⁻⁶ is imposed for the energy equation, while a threshold of 10⁻⁵ is adopted for pressure, velocity, and turbulence 

quantities. In addition, the stabilization of key integral quantities, including volume-averaged temperature and 

airflow velocity, is verified to ensure that steady-state conditions are  reached. 

2.2 Discrete Phase, Lagrangian Particle Tracking 

The Lagrangian method is employed to track the trajectories of particles emitted from the source. This model is 

based on the following assumptions. 

• One-way coupling as flow only affects the motion of droplets and not the opposite. 

• The motion of each droplet is computed independently using a Lagrangian approach under a dilute 

dispersed phase assumption, where the particle volume fraction remains sufficiently low (typically less 

than 10⁻⁶), allowing particle–particle interactions such as collisions and coagulation to be neglected. 

Under this one-way coupling regime, droplet motion is influenced by the carrier airflow without 

significantly altering the mean flow field. This assumption is consistent with respiratory aerosol 

simulations involving micrometric droplets (≈ 10 µ݉), for which particle loading is extremely low and 

the momentum exchange between the dispersed and carrier phases is negligible. Once a droplet reaches 

a surface, it is assumed to deposit and resuspension effects are neglected [33]. 



 

 

• Droplets are modelled as spherical particles with a density of 1 ݃/ܿ݉³, consistent with the common 

approximation of respiratory droplets as water-based aerosols reported in previous experimental and 

numerical studies [33]. Although this assumption restricts the analysis to liquid respiratory droplets rather 

than solid or evaporated particles, it is appropriate for the present investigation, which focuses on short-

range transport and spatial infection risk associated with freshly emitted micrometric droplets [34]. 

 

The Lagrangian Particle Tracking (LPT) equations are solved for the droplet motion, considering drag and gravity 

forces, while other forces are neglected according to methodology presented in the study of Van Beest et al. [35]. 

The motion of each particle is described as follows [30,36]:  

ݐௗ݀ݔ݀                      =  ௗݑ
(6) 

                       ݉ௗ ݐௗ݀ݑ݀ = ஽ܨ  +  ௚ܨ 
(7) 

 

where ݉ௗ (kg) is the droplet mass, ݑௗ (m/s) in the droplet velocity, ܨ஽ (N) and ܨ௚ (N) are the drag and gravity 

forces acting on the droplet, respectively, while ݔௗ (m) is the position of the droplet at each instant of time [31].  

2.3 Comfort indices 

To quantify thermal comfort of occupants, the PMV index has been used, based on Fanger’s heat balance equation 

[37]. This index enables the assessment of thermal comfort in a stable environment using a 7-point scale from -3 

(cold) to +3 (hot). The PMV is calculated from the CFD results by incorporating the following variables: 

 

• air temperature ( ௔ܶ), relative air velocity (ݑ௔௥), mean radiant temperature ( ௥ܶ), and water vapor partial 

pressure (݌௔) as environmental parameters; 

• Metabolic rate (ܯ), effective mechanical power (ܹ), and clothing insulation (Icl) as occupant 

parameters. 

 

The equation for PMV is defined as: 

=ܸܯܲ  (0.303݁−0.036ெ
+ 0.028) { ܯ) − ܹ) − 3.05 × 10−3 × [5733 − ܯ)6.99 − ܹ) − ௔ܲ] −0.42 × ܯ)] − ܹ) − 58.15] − 1.7 × 5867)ܯ10−5 − ௔ܲ) 34)ܯ0.0014− − (௔ݐ − 3.96 × 10−8 ௖݂1 × ௖1ݐ)] + 273)4 − ௥̅ݐ) + 273)4] − ௖݂ℎ௖(ݐ௖1 −  .{(௔ݐ

 

(8) 

In the present study, the PMV values were calculated using the built-in comfort function implemented in 

OpenFOAM. The calculations were performed assuming 1.0 for clothing 1.2 (met) for metabolic rate, 0 for 

mechanical power and 60% for the relative humidity according to legislation UNI EN ISO 7730 [37]. 

2.4 Infection risk 

In this work, contact-mediated infection risk (transmission through contaminated objects) is estimated by coupling 

transient particle tracking results with a Quantitative Microbial Risk Assessment (QMRA) framework describing 



 

 

the transmission pathway from particle deposition and decay on skin or clothing, to surface-to-hand transfer, 

following the hand-to-mucosa contact, and finally the dose–response relationship, consistent with QMRA 

approaches previously applied to the hand–fomite–mucosa route [38]. From Lagrangian simulations, the 

cumulative number of droplets that deposit on the skin/clothing surface of each occupant ݆ is obtained as ௗܰ௘௣,௝. 

Assuming a viral concentration in the respiratory fluid ܥ௩ ( Ribo Nucleic Acid (RNA) copies/mL), the initial 

deposited RNA load is computed as shown in Eq. (9): 

௝,0ܮ                                    = ௗܰ௘௣,௝  ௩ܥ  ௣ܸ,mL,    ௣ܸ,mL = 6ߨ) ݀3) ⋅ 106, (9) 

where ௣ܸ,mL is the volume of a spherical droplet (diameter ݀ in m) expressed in (݉ܮ). To represent viral-load 

variability, order-of-magnitude scenarios are adopted for ܥ௩ (low/medium/high): 106, 108, and 1010 copies/mL, 

consistent with literature values reporting values up to 1011 copies/mL[39]. As Reverse Transcription 

Quantitative Polymerase Chain Reaction (RT-Qpcr) quantifies RNA copies rather than necessarily infectious 

virus, an RNA-to-infectious conversion factor ௩݂௜௔௕  (RNA to Plaque Forming Units (PFU)-equivalents) is 

introduced and treated via scenarios, consistent with reported genome/PFU ratios typically in the range 103–106 

(i.e., ݂ ௩௜௔௕ ∼ 10−6–10−3) [40]. The infectious load available on the surface is then modeled using first-order decay 

in Eq. (10): 

(ݐ)∗௝ܮ                                                 = ௩݂௜௔௕ ௝,0ܮ   ݁−௞ೞ௧,                       (10) 

where ݇௦ is the surface inactivation rate (1/h) and 1/2ݐ is the half-life, i.e., the time required for the infectious virus 

quantity on the surface to decrease by 50%. Under first-order decay, the half-life and the inactivation rate are 

linked by Equation (11): 

                             ݇௦ = ln(2)/(11) ,1/2ݐ 

meaning that after one half-life the remaining fraction is ݁−௞ೞ௧1/2 = 0.5.  

For skin at approximately 36∘C, the following assumptions have been considered: 1/2ݐ = 4.1 h, yielding ݇௦ =0.169 ℎ−1 based on the study of Pitol et al. [41]. As a consequence, after 30 minutes, the remaining fraction is ݁−௞ೞ௧ ≈ 0.92 transfers to mucosa. The moist, inner lining of some organs and body cavities (such as the nose, 

mouth, lungs, and stomach) is modeled in two steps: surface to hand efficiency (ߟ௦ℎ) and hand to mucosa with 

efficiency (ߟℎ௠), including the number of contacts with the contaminated area (݊௖) and the number of hand-to-

mucosa contacts (݊௙) within the considered time period. The microbial dose transferred to the mucous membranes 

through indirect contact with contaminated surfaces was estimated using a simplified two-stage transfer model. 

The formulation accounts for the progressive depletion of microbial material during repeated surface-to-hand and 

hand-to-mucosa contacts. For each contaminated surface (j), the cumulative transferred dose is calculated as 

Equation (12): 



 

 

௝(30 min)ܦ                             = ௝∗(0.5)[1ܮ − (1 − ௦ℎ)௡೎][1ߟ − (1 −  ℎ௠)௡೑]                      (12)ߟ

where ܦ௝(30 min) represents the cumulative microbial dose transferred to the mucous membranes from surface (j), 

and ܮ௝∗(0.5) is the microbial load deposited on that surface at 0.5 h. 

Regarding the parameter (݊௙), empirical observations report about 23 touches/hour to the face, with 44% 

involving mucous membranes, giving a “medium” value ݊௙ ≈ 5 mucosa touches in 30 minutes [42]. For transfer 

efficiencies, experimental studies report substantial surface-to-hand transfer and a fingertip-to-lip transfer of 

approximately 0.34. Accordingly, reported in the literature. the ߟ௦ℎ = 0.30 and ߟℎ௠ = 0.34 have been considered 

[43]. The parameter ݊௖ (contacts with the contaminated clothing/skin area) is treated as a behavioral scenario 

parameter (uncertainty) and varied in sensitivity analysis, as it is common in QMRA applications for indirect 

disease [44]. The model assumes two sequential transfer stages: microbial material is first transferred from the 

contaminated surface to the hand through repeated contacts and is subsequently transferred from the hand to the 

mucous membranes[45,46] . At each contact, only a fraction of the microbial material remaining in the donor 

compartment is transferred to the receiving compartment. Transfer efficiencies are assumed constant, and 

microbial inactivation, additional contamination, and other removal mechanisms during the contact sequence are 

neglected. 

Unlike a linear formulation based on multiplying transfer efficiencies by contact frequencies, the proposed 

expression accounts for the finite microbial load available for transfer. Consequently, the cumulative dose cannot 

exceed the initial microbial load on the contaminated surface, ensuring consistency with mass conservation under 

the stated assumptions. Finally, a QMRA-derived indirect exposure risk indicator is computed using an 

exponential dose–response model according to Equation (13): 

                            ௝ܲ = 1 − ݁−௥஽ೕ (13) 

To calculate ݎ, the exponential dose–response model developed for SARS-CoV by Watanabe et al. [47] has been 

adopted. The study reports 50ܦܫ around 280 PFU, where 50ܦܫ  represents the median infectious dose, i.e., the 

amount of virus required to infect 50% of exposed individuals; therefore: 

ݎ                                                         = ln 50ܦܫ2 = ݈݊ 2280 = 2.48 ×  (14)                       1−ܷܨ ܲ   10−3

where 50ܦܫ is the median infectious dose (50% infection probability) and PFU represents the concentration of 

infectious viral particles. 

To facilitate comparison and interpretation, probability of the exposure risk ௝ܲ  is categorized into three risk levels 

using probability bands previously adopted in infectious-transmission modelling: Low (ܲ < 0.1%), Medium 

(0.1% ≤ ܲ < 1%), and High (ܲ ≥ 1%)[48]. 
3 Case study 



 

 

This section introduces the case study examined in this work, featuring a conference room in Naples, Italy. The 

room has a floor area of approximately 200 m2 and represents a typical hotel conference space characterized by 

frequent use and highly variable occupancy levels. 

  

 
Figure 1.Computational domain of the present study. 

3.1 Geometry 

The conference room, as depicted in Figure 1, has a length of 22 m, a depth of 10 m, and an internal height of 2.5 

m, and is equipped with a mechanically ventilated HVAC system through 8 linear ceiling-mounted supply grilles, 

each measuring 3.54 ݉ ×  0.06 ݉ with a supply rate of 0.43 ݉3/ݏ. Air extraction is provided by 16 ceiling-

mounted exhaust grilles, each with a dimension of 1.18 ݉ ×  0.08 ݉, uniformly distributed throughout the room 

to promote effective air removal. In addition, a rectangular exhaust grill with dimensions of 0.8 ݉ ×  1.6 ݉ is 

located at one end of the conference room. Additionally, the breathing of individuals inside the room was included 

to simulate a realistic scenario. To achieve this, the mouths of both the occupants and the presenter were modeled 

as rectangular surfaces measuring 0.05 m × 0.025 m. 

3.2 Boundary conditions 

The boundary conditions were specified as follows: the exhalation velocity at the occupants' mouths was set to 

0.4 m/s, with a temperature of 36 °C, aligning with body temperature used as boundary condition on the manikins 

[33]. Regarding the mechanical ventilation system, the inlet air temperature and velocity were fixed at 23 °C and 

2 m/s, respectively. The outdoor air temperature was assumed to be 2 °C, representing the winter scenario. 

Thermal transmittance values of the building envelope were reconstructed based on the actual building 

characteristics [49–52]. The thermal transmittance values are 0.5 W/m2K for the opaque walls, 0.4 ܹ/݉2ܭ for 

the ceiling, and 2.0 ܹ/݉²ܭ for the windows. All walls that do not include a window, including the floor, are 

treated as adiabatic as shown in Figure 1. For the Lagrangian particle-tracking simulations, a sneezing event was 

       
      

       

         

      

       



 

 

considered as the respiratory emission source. The presenter was selected as the respiratory particle emission 

source because of their central role during a conference and their position relative to the audience. A single 

sneezing event was considered as a representative transient respiratory emission scenario to investigate particle 

transport and deposition under different occupancy conditions. This approach allows the influence of occupancy-

induced airflow modifications on particle dispersion to be assessed while maintaining consistent emission 

conditions across all investigated scenarios. A total of 20,000 particles were injected over a duration of 0.5 s, with 

an initial velocity of 27 m/s, consistent with values reported in the literature for sneezing events [34]. A 

monodisperse particle diameter of 10 μm was assumed, representing respiratory droplets that can remain airborne 

and be transported by indoor airflow. Particle trajectories were computed using a transient Lagrangian approach 

coupled with the Discrete Random Walk (DRW) model to account for turbulent dispersion. The simulations were 

performed for a total tracking time of 30 min to evaluate particle transport, deposition patterns on occupants, and 

the resulting contamination distribution within the conference room. Particle–particle interactions, breakup, 

coalescence, and evaporation phenomena were neglected, and a one-way coupling approach was adopted due to 

the relatively low particle concentration. 

3.3 Mesh 

A three-dimensional computational grid was generated to accurately resolve the temperature and velocity fields 

within the domain, as shown in Figure 2. The grid was developed using an unstructured discretization with locally 

refined regions to capture the complex airflow patterns induced by supply jets and occupant-generated thermal 

plumes. Therefore, targeted mesh refinements were applied near the air supply inlets and outlets, the window 

surface, and around seated occupants, where more pronounced velocity and thermal gradients are expected. In 

particular, the refinement around the occupant bodies was designed to properly resolve plume development and 

jet–plume interaction mechanisms, which play a dominant role in determining local thermal comfort conditions. 

 

 
Figure 2. Computational grid visualization (Medium size), 25% occupancy rate. (a) Geometry of the computational domain used for the 

CFD simulations of the conference room. (b) Longitudinal section of the domain. 

 



 

 

 

 

 

 

4 Verification and validation 

This chapter presents the verification and validation of the numerical model. The verification includes the grid 

independence and Lagrangian time-step sensitivity analyses, while the validation is performed through 

comparison with experimental data reported in the literature to assess the accuracy and reliability of the numerical 

predictions. 

 

4.1 Grid sensitivity analysis 

For the 25% occupancy rate a grid sensitivity analysis was conducted by comparing temperature and velocity 

magnitude profiles along three reference lines for coarse, medium, and fine cases. For walls and chairs, the 

characteristic cell size was reduced from 5.0×10-2 m (coarse) to 4.5×10-2 m (medium) and 4.0×10-2 m (fine). For 

human bodies and the presenter, the mesh was refined from 2.0×10-2 m to 1.5×10-2 m and 1.0×10-2 m, respectively. 

A finer resolution was adopted for the mouth region, decreasing from 5.0×10-3 m (coarse) to 4.5×10-3 m (medium) 

and 4.0×10-3 m (fine), to accurately capture the jet flow and aerosol emission. Similarly, refinement was applied 

to windows, inlet, and outlet regions, with characteristic cell sizes decreasing from 3.0×10-2 m to 2.5×10-2 m and 

2.0×10-2 m. 

As a result, the total cell counts increases from 13.487 million for the coarse grid to 20.082 million for the medium 

grid and 35.261 million for the fine grid. This enables evaluation of grid dependency of the results and helps find 

a balance between accuracy and computational expense. 

As presented in Figure 3, three lines across the domain are considered to compare the velocity and temperature 

values. Line 3 spans the central region of the room along its longitudinal direction. Line 2 is in the front part of 

the room, close to the seated occupants, and Line 1 is positioned in the rear part of the room. All lines are at 1.4 

m from the floor. 

 

 
Figure 3. line locations for comparing temperature and velocity fields in a grid sensitivity analysis. 

 



 

 

Temperature and velocity profiles obtained along the monitoring lines are presented in Figure 4. In all cases, the 

temperature profile follows the same trend with local deviation. The coarse grid slightly overpredicts temperature 

levels, whereas the medium and fine meshes show good agreement in both magnitude and spatial distribution.  

 

Figure 4.Comparision of temperature and velocity profile for three grids 

On the other hand, the coarse grid tends to smooth velocity gradients and underestimate local peaks, whereas the 

medium and fine meshes show good agreement in both magnitude and spatial distribution. Considering the fine 

mesh as the most resolved one, the medium mesh is considered sufficient to accurately capture the main airflow 

difference while ensuring a reasonable computational cost, considering the average error between the coarse and 

medium grid with the fine one reduces from 2.7 % to 0.4 % and 7.2 % to 2.7% for temperature and velocity values, 

respectively.The average temperature and velocity values over the lines for the three meshes considered have been 

reported in Table 1. According to the table, the comparison demonstrates that the velocity and temperature profiles 

in the medium grid follow the fine-grid solution closely while significantly reducing computational cost. 

Consequently, the medium mesh was selected for all subsequent simulations. 

 
Table 1.Average velocity and temperature values over the comparison lines, including the errors 

Grids 
Velocity (m/s) Temperature (°C) 

Line 1 Line 2 Line 3 Line 1 Line 2 Line 3 

Coarse 0.283 0.238 0.264 23.041 24.022 23.276 

 
   
   
   
   
   
   
   
   
   
 

       

 
   

   

     

                               

                        

 
   
   
   
   
   
   
   
   
   
 

       

 
   

   

     

                               

                         

 
   
   
   
   
   
   
   
   
   
 

        

 
   

   

     

                               

                         

   

   

   

   

   

   

   

            

  
  

 

     

                               

                     

   

   

   

   

   

   

   

            

  
  

 

     

                               

                     

   
   
   

   
   

   
   

   

        

  
  

 

     

                               

                     



 

 

Medium 0.292 0.247 0.247 22.484 23.579 22.711 

Fine 0.304 0.256 0.245 22.357 23.458 22.663 

Differences (Coarse-Fine) 7.2% 7.0% 7.8% 3.1% 2.4% 2.7% 

Differences (Medium-Fine) 3.8% 3.3% 0.9% 0.6% 0.5% 0.2% 

4.2 Lagrangian time sensitivity Analysis 

A time-step sensitivity analysis is performed for the Lagrangian particle tracking using Δt = 0.005, 0.001 s, and 

0.0005 s. The results, as presented in Table 2, show that key particle tracking metrics, namely deposition, escape, 

and airborne fraction, remain essentially unchanged for a time step Δt ≤ 0.001 s, demonstrating temporal 

convergence of the Lagrangian solution. Therefore, Δt = 0.001 s was selected as a suitable compromise between 

numerical accuracy and computational cost. 

 

Table 2.Results of time-step sensitivity analysis for Lagrangian particle tracking 

Δ     0.005 0.001 0.0005  
Total stick (%) 48.885 49.685 49.645  

Total escape (%) 51.085 50.300 50.330  

Total airborne (%) 0.030 0.015 0.025  

 

4.3 Verification and validation 

In this section, the verification and validation of the adopted numerical model are presented. 

4.3.1  Thermofluid dynamic model 

A validation was performed by reproducing the case study by Zhang et al. [32] where the experimental 

measurements of velocity and temperature were compared and reported in Figure 6 and Figure 7. Three lines, 

as presented in the Figure 5, have been considered. Temperature is expressed using the dimensionless 

formulation proposed in ref. [32], ܶ∗ = (ܶ − ௦ܶ௨௣௣௟௬)/( ௘ܶ௫ℎ௔௨௦௧ − ௦ܶ௨௣௣௟௬). The simulated temperature profile 

correctly reproduces the thermal stratification and the transition height observed in both the reference numerical 

and the experimental data [32]. The comparison shows good agreement for both trend and the magnitude of the 

profiles. Local discrepancies are mainly observed close to the supply diffuser and in regions characterized by 

flow recirculation, where turbulent and mixing effects are more pronounced. These deviations remain limited 

and do not affect the robustness of the numerical approach, which is therefore deemed reliable and suitable for 

the subsequent parametric analyses. 

 



 

 

 
Figure 5.Geometry, line positions, and boundaries model in the reference study of Zhang et al. [26]. 

 

 

  
Figure 6.Comparison of the velocity values between the present study and Zhang et al. [26]. 

 

     
      

       

     

  

  
  

 

   

 

   

 

   

 

          

  
  

 

       

                  

             

                  
                 

 

   

 

   

 

   

 

          

  
  

 

       

                  

             

                  
                 

 

   

 

   

 

   

 

          

  
  

 

       

                  

             

                  
                 

      



 

 

  
Figure 7.Comparision of temperature between the present study and Zhang et al. [26]. 

 

Table 3 reports the Root Mean Squared Error (RMSE) values for temperature and velocity values evaluated along 

the selected reference lines. The RMSE was computed to quantify the deviation between the present study and 

reference (experimental or literature) data along the selected lines (V1, V4, and V6). The RMSE is defined in Eq. 

(13) as:  

 

ܧܵܯܴ                                                                            = √1ܰ ∑(߮௜௡௨௠ − ߮௜௥௘௙)2                                                     (15) 

 

where φᵢⁿᵘᵐ and φᵢʳᵉᶠ represent the numerical and reference values (velocity or temperature) at the i-th sampling 

point, and N is the total number of points along each line. The profiles were sampled at uniformly distributed 

locations along each line. For temperature, the RMSE was computed using normalized values. 

 

Table 3. RMSE for temperature and Velocity values over selected lines  

RMSE V1 V4 V6 

T (-) 0.1568 0.1197 0.0979 

u (m/s) 0.0187 0.0187 0.0188 

 

This overall agreement confirms the reliability of the proposed model for the current study. 

4.3.2 Particles 

The validation of the numerical model was extended to the simulation of respiratory particle dispersion by 

replicating a well-established reference case from the literature, concerning the emission and dispersion of 

droplets generated by a coughing event in an indoor environment, Figure 8. 

    

   

   

   

   

   

   

   

                  

  
 
 

      

                  

             

                  
                 

   

   

   

   

   

   

   

                  

  
  

 

      

                  

             

                  
                 

   

   

   

   

   

   

   

                  

  
  

 

      

                  

             

                  
                 

  



 

 

The computational domain and boundary conditions were implemented as in the reference configuration from the 

study of Liu et al. [34]. On the Eulerian side, the expiratory jet was prescribed at the nozzle as a velocity inlet 

with a Gaussian radial profile, implemented through a dedicated boundary condition to enforce the target 

distribution across the inlet patch. 

 

 

Figure 8.Geometry in the case study of Liu et al. [28] 

 

Ambient air was initialized at 25 °C, while the cough inflow temperature was set to 36 °C; all solid boundaries 

were treated as no-slip walls. 

On the Lagrangian side, particles were injected from the nozzle using a cone injection model, with two 

representative droplet diameters (60 μm and 100 μm), and a total of 50,000 parcels were released over an injection 

duration of 500 s, using a transient uncoupled formulation.  

Droplet phase-change was neglected (no evaporation), and turbulent dispersion was modelled via the Discrete 

Random Walk (DRW) approach.[34]  

Regarding particle–boundary interaction, openings (and the inlet boundary) were assigned an escape condition 

(particles leaving the domain are removed), whereas walls were treated as a trap (deposition upon impact). 

The comparison between the present study and the experimental data by Liu et al.[34] shows a generally good 

agreement in terms of particle dispersion patterns for both droplet sizes. 

As presented in Figure 9, for larger droplets (݀ₚ₀ =  both datasets indicate a limited streamwise travel ,(݉ߤ 100 

distance, with particles rapidly settling due to gravitational effects. The present simulation reproduces well the 

overall deposition region, showing a similar concentration of particles within approximately 1–1.5 m from the 

source. 

For the smaller droplets (݀ₚ₀ =  a comparatively wider dispersion is observed, with particles transported ,(݉ߤ 60 

further downstream and exhibiting a broader vertical distribution. The present study captures the main transport 

mechanisms, including the extended streamwise penetration and enhanced dispersion induced by airflow. 

Although a slightly larger spread is predicted compared to reference study, particularly in the downstream region, 

the overall trends remain consistent. 

These results confirm that the numerical model accurately reproduces the key physical mechanisms governing 

droplet transport, including the balance among inertial effects, airflow advection, and gravitational settling. 
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Figure 9.Comparison of particle dispersion in two different sizes with the study of Liu et al. [28] 

 

5 Results and discussion 

In this section, the results of the V simulations performed for the investigated indoor environment, with the aim 

of analysing thermo-fluid dynamic behaviour, particle dispersion and QMRA derived indirect esposure risk 

indicators under representative operating conditions, have been reported. The analysis considers the distribution 

of air velocity and temperature fields together with particle transport and deposition patterns derived from the 

adopted Eulerian–Lagrangian framework. 

5.1 Temperature and velocity distribution 

After validation of the numerical model, Figure 10, Figure 11 and Figure 12 illustrate the distributions of indoor 

airflow and temperature as occupancy increases from 25% to overfull conditions. Subfigures (a), (b), (c), and (d) 

correspond respectively to 25%, 50%, full, and overfull occupancy, allowing a direct comparison of airflow 

development, recirculation patterns, and thermal stratification within the domain. 

Under 25% occupancy case, as illustrated in Figure 10 (a) and Figure 11 (a), the supply jets maintain a coherent 

structure, penetrating deeper into the occupied zone before interacting with the surrounding air. In that case, 

recirculation regions remain confined near boundaries and behind seating rows. As depicted in Figure 12 (a), the 

temperature field shows clearly defined colder regions aligned with the supply airflow, indicating a predominantly 

momentum-driven regime, in which buoyancy effects from occupants are limited. In this configuration, as shown 

in Figure 10 (a) airflow velocity gradients are more pronounced near inlets, while the areas far from the inlet grills 

present stagnation zones. 



 

 

 
Figure 10.Airflow velocity magnitude distribution on vertical sections under different occupancy scenarios: (a) 25%, (b) 50%, (c) full 

occupancy, and (d) overfull occupancy. 

 

As occupancy increases to 50% in Figure 10 (b) and Figure 11 (b), the airflow structure progressively evolves. 

The streamline patterns suggest the formation of localized recirculation zones above the seating area, associated 

with the interaction between descending airflow and the growing number of thermal plumes generated by 

occupants. The temperature distribution shows a visible expansion of warmer regions, particularly around seated 

areas, indicating that buoyancy effects begin to influence the momentum balance. This results in reduced jet 

penetration and increases lateral spreading, i.e., a wider expansion of the airflow perpendicular to the main jet 

direction. 

 
Figure 11.Airflow structure represented by streamline patterns for different occupancy levels: (a) 25%, (b) 50%, (c) full occupancy, and 

(d) overfull occupancy. 

      

      

      

      



 

 

 

In the full occupancy case, the airflow regime transitions toward a buoyancy-influenced flow. The jets become 

shorter and less coherent, while recirculation structures expand and merge, as visible in Figure 10 (c) and Figure 

11 (c), where low-velocity regions extend across multiple seating rows and along the ceiling. The temperature 

profile in that case reveal a broader warm layer developing above the occupied region, suggesting that the 

cumulative heat release alters the vertical airflow structure. The reduced jet momentum prevents direct penetration 

into the occupied zone, promoting mixing mainly in the upper region of the room and reducing localized airflow 

effects at the occupant level.  

Under overfull occupancy as shown in Figure 10 (d) and Figure 11 (d), the airflow patterns display an 

interconnected network of recirculation regions extending across the entire seating area. The temperature field 

becomes more uniformly warm due to the increased endogenous thermal load generated by occupants, with 

localized colder regions remaining near the supply jets. Individual thermal plumes merge into a buoyancy-driven 

stratified layer that modifies the hydrostatic pressure distribution and promotes upward motion before air returns 

along room boundaries. This behaviour indicates a shift from jet-dominated to plume-influenced mixing. A 

persistent feature across all cases is the presence of a low-velocity region near the presenter, where the standing 

body acts as an obstruction to the incoming airflow, generating a wake. With increasing occupancy, the cumulative 

effect of thermal plumes strengthens buoyancy-driven upward motion, reducing the momentum of the supply jet 

in the front region. 

 
Figure 12.Temperature distribution for different occupancy levels: (a) 25%, (b) 50%, (c) full occupancy, and (d) overfull occupancy. 

 

5.2 Comfort condition 

The PMV distributions presented in Figure 13 reflect the combined influence of airflow velocity and temperature 

evolution described in the previous section. Increasing occupancy leads to higher thermal loads and warmer 

comfort conditions, while stronger thermal plumes reduce the direct penetration of supply airflow into the 

   

      

   



 

 

occupied zone. At 25% occupancy Figure 13 (a), PMV values remain closer to slightly cool or neutral conditions, 

with localized variations beneath the supply jets. These variations correspond to regions of higher comfort and 

lower temperature identified in the airflow analysis, indicating that air movement near the occupants enhances 

convective heat transfer, leading to lower perceived thermal sensation. 

 
Figure 13.Predicted Mean Vote (PMV) distribution for different occupancy scenarios: (a) 25%, (b) 50%, (c) full occupancy, and (d) 

overfull occupancy. 

 

With 50% occupancy, PMV values in Figure 13 (b) shift toward neutral conditions. The increase in warmer 

regions observed in the temperature field reduces local convective heat transfer, while recirculation zones create 

low-velocity regions where warmer air accumulates, resulting in localized increases in PMV and greater spatial 

variability in thermal comfort. The coexistence of slightly cooler zones near the jets and warmer areas within 

seating clusters highlights the heterogeneous nature of the indoor environment. 

In the full occupancy scenario, Figure 13 (c), PMV values become more uniformly positive, reflecting the reduced 

penetration of airflow and the development of a broader warm layer above the audience. The decreased airflow 

velocity at seated height limits convective heat loss, leading to an increase in PMV values (i.e., a shift toward 

warmer thermal sensation), despite increased mixing in the upper air. 

The overfull occupancy case, Figure 13 (d), represents the most critical condition from a comfort perspective. 

PMV values increase further and approach warm discomfort conditions, consistent with the collective buoyancy-

driven airflow identified in the velocity and temperature analysis. The diminished influence of supply airflow at 

occupant level reduces the effectiveness of heat distribution, while persistent recirculation zones promote a more 

homogeneous but warmer indoor environment. 

Table 4 reports the PMV values for the investigated cases along rows 1, 3, 5, and 7 highlighting the corresponding 

comfort conditions. First, there is a trend in the PMV values changing as the occupancy rate increases, moving 

from slightly cold to slightly warm in all scenarios, reflecting the impact of the number of people in the room. In 

the 25% occupancy case, an average PMV of −0.5 is observed, indicating that occupants experience slightly cool 

conditions. This result is consistent with the relatively large size of the room compared to the number of occupants, 

      

      



 

 

which makes the space appear sparsely occupied. This suggests that, under these conditions, the supply air 

temperature should be increased to achieve thermal neutrality. 

In the 50% occupancy case, the average PMV is −0.4, showing a slight increase compared to the previous case. 

This behavior can be attributed to the increased number of people in the room, that leads to an increase in the air 

recirculation zones. However, a slight thermal discomfort is still perceived, and an increase in the supply air 

temperature would also be required in this case to improve comfort conditions. 

Under design occupancy (full occupancy case), an average PMV of 0.03 is observed. The room designed for this 

number of occupants provides overall thermal comfort conditions. The increase in recirculation zones, combined 

with the contribution of the occupants’ internal heat gains, allows the system to compensate for the thermal load 

not directly covered by the HVAC system. 

As the room becomes more crowded, approaching overfull occupancy, the average PMV increases to 0.41. This 

is due to both the intensification of recirculation zones and the significant increase in internal heat gains from 

occupants, leading to a rise in indoor air temperature.  

 

Table 4. PMV Comparison in different occupancy scenario. 

ROW 
OCCUPANCY RATE 

25% 50% 100% Overfull 

1 -0.5 -0.42 -0.024 0.28 

3 -0.38 -0.34 0.18 0.55 

5 -0.54 -0.44 0.04 0.42 

7 -0.6 -0.43 -0.07 0.4 

 

Figure 14 compares the PMV distribution across chair rows for all occupancy levels. A progressive increase in 

PMV is observed as occupancy increases, with average values shifting from approximately −0.5 at 25% 

occupancy to around 0.75 under overfull occupancy. 

At 25% occupancy, PMV values remain predominantly negative (between −0.6 and −0.2), indicating slightly cool 

conditions, with lower values in rows directly exposed to supply airflow. Increasing occupancy to 50% moves 

PMV closer to neutral (−0.2 to 0.2), while still showing spatial variability between rows. At full occupancy, PMV 

is mostly positive (≈ 0.2–0.5), reflecting increased internal heat gains and reduced local cooling. The highest 

values occur at overfull occupancy, where PMV approaches warm discomfort levels (up to 0.75), with reduced 

variability across rows compared to lower-occupancy cases. 



 

 

 
Figure 14.Row-averaged PMV values in different occupancy scenarios for the seating rows of the conference room. 

 

Moreover, it is worth mentioning that in all cases, the presenter area emerges as a localized critical zone, where 

wake formation and a strong thermal plume generate noticeable local variations in PMV. 

5.3 Particle distribution and infection risk 

The particulate analysis shows that, across all investigated scenarios, most particles emitted by the presenter 

deposit along the first row of occupants, as presented in Figure 15. A clear spatial asymmetry is observed, with a 

predominant deposition on the right-hand side of the room, i.e., the side without windows, as shown in Figure 16. 

This behavior is attributed to the airflow field, which is mainly directed toward the largest outlet located at the 

rear of the room. 



 

 

 
Figure 15.Row-wise distribution of particle deposition on occupants expressed as percentage of total deposited particles under different 

occupancy scenarios (25%, 50%, Full, and Overfull) 

 

Considering all scenarios, approximately 3.25% of the particles emitted by the presenter deposit on the first row 

on average. This result is consistent with the position of the emission source, namely the presenter, who is located 

a few meters from this area. As the distance from the source increases, the percentage of deposited particles in 

subsequent rows progressively decreases, from an average of about 1.08% in the second row to 0.71% in the third 

and approaches zero in the last rows. 

In partially occupied configurations (25% and 50% cases), it is also observed that the percentage of deposited 

particles along unoccupied rows is zero. This is due to the absence of significant recirculation zones in these 

regions, which prevents particles from reaching and remaining in those areas. 

In the overfull occupancy scenario, Figure 16 (d), the most critical condition is observed in the standing row 

located on the left-hand side of the room, opposite to the row near the windows. In this area, particle deposition 

reaches approximately 10.58%, as reported in Figure 15. This result is consistent with the prevailing airflow 

direction toward the main outlet and with the combined effect of the internal heat gains generated by occupants. 

These increments in air recirculation promote particle transport; as a result, particles tend to remain suspended 

rather than depositing on the floor, ultimately adhering to the surfaces of standing occupants. 

 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 Left Right

25% 3.135 0 0.945 0 0.875 0 0.72 0 0 0 0 0 0 0 0 0 0 0 0 0 0

50% 3.65 0 0.805 0 1.085 0 0.845 0 0.625 0 0.53 0 0.365 0 0.13 0 0 0 0 0 0

Full 3.2 1.2 0.635 1.01 0.92 0.315 0.09 0.215 0.07 0.09 0.285 0.37 0.415 0.405 1.115 0.9 0 0 0 0 0

Overfull 3.05 0.965 0.485 0.38 0.62 0.115 0.18 0.39 0.055 0.03 0.1 0.02 0.01 0.015 0.03 0.035 0.035 0.445 0.325 10.58 0.915
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Figure 16.Three-dimensional visualization of Lagrangian particle dispersion within the conference room under different occupancy 

scenarios: (a) 25% occupancy, (b) 50% occupancy, (c) full occupancy, and (d) overfull occupancy. 

 

 

 

The QMRA-based indirect exposure analysis, shown in Figure 17, closely follows the spatial patterns observed 

in particle deposition, confirming the strong dependence of exposure on airflow-driven transport mechanisms. 

This consistency is expected, as the adopted infection model directly links the probability of infection to the 

number of particles that reach and deposit on occupants. 

The first seating row consistently emerges as the most exposed region, with an average exposure risk of 0.44%, 

due to its proximity to the emission source. Under overfull occupancy conditions, the highest risk is observed 

among standing occupants located on the right-hand side of the room, where values reach up to 1.45%. This 

critical behavior is driven by the dominant airflow pathway connecting the emission source to the main outlet, 

which effectively channels particles along preferential trajectories. These findings emphasize the need to avoid 

occupant positioning along primary airflow paths, particularly in high-density conditions. 

 



 

 

 
Figure 17.Estimated fomite-mediated infection risk (%) for each seating row under different occupancy levels (25%, 50%, 100%, and 

overfull), derived from QMRA analysis based on particle deposition results. 

 

 

A notable trade-off between thermal comfort and indoor air quality is also identified. As occupancy increases, the 

PMV progressively shifts toward neutral or slightly warm conditions due to an increase in internal heat gains, 

while airflow velocities at the occupant level decrease. This reduction in local air movement limits particle 

removal and promotes accumulation within the occupied zone, thereby increasing infection risk. 

Specifically, at 25% occupancy, the average PMV in the first row is around −0.5, corresponding to slightly cool 

conditions, while infection risk remains below 0.5% due to effective dilution. At 50% occupancy, PMV improves 

toward −0.4; however, this is accompanied by a rise in infection risk (≈0.5%), highlighting the reduced ventilation 

effectiveness. The full occupancy case represents the optimal balance, with near-neutral PMV (≈0) and moderate 

infection risk slightly above 0.4%. In contrast, under overfull conditions, the thermal environment shifts toward 

warm discomfort (PMV ≈ 0.41), while infection risk decreases again to below 0.5% in seated areas, likely due to 

enhanced buoyancy-driven mixing and particle redistribution. 

Overall, the results suggest that increasing occupancy not only alters thermal comfort but also fundamentally 

modifies airflow structure, with direct implications for airborne exposure. These findings highlight the importance 

of integrated HVAC control strategies that simultaneously address thermal comfort and multiple pathogen 

transmission pathways, rather than focusing exclusively on airborne transmission. 

 

 

6 Conclusions 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

25% 0.4084 0.0000 0.1285 0.0000 0.1085 0.0000 0.0947 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

50% 0.5034 0.0000 0.1112 0.0000 0.1499 0.0000 0.1168 0.0000 0.0864 0.0000 0.0733 0.0000 0.0505 0.0000 0.0180 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Full 0.4415 0.1658 0.0878 0.1396 0.1271 0.0435 0.0124 0.0297 0.0097 0.0124 0.0394 0.0511 0.0574 0.0560 0.1540 0.1244 0.0000 0.0000 0.0000 0.0000 0.0000

Overfull 0.4208 0.1333 0.0670 0.0525 0.0857 0.0159 0.0249 0.0539 0.0076 0.0041 0.0138 0.0028 0.0014 0.0021 0.0041 0.0048 0.0048 0.0615 0.0449 1.4522 0.1264
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In this study, an integrated CFD coupled with a quantitative microbial risk assessment framework based on a 

steady RANS airflow solution coupled with Lagrangian particle tracking was applied to investigate thermo-fluid 

dynamic behaviour, particle dispersion, and infection-risk distribution under different occupancy scenarios. To 

clearly highlight the main outcomes, the key findings of the present study are summarized as follows: 

• Airflow, thermal comfort, and occupancy 

Increasing occupancy progressively reduces airflow velocity in the occupied zone due to enhanced 

buoyancy effects and greater flow obstruction caused by occupants. As a result, thermal comfort 

deteriorates, with the PMV shifting from slightly cool conditions (≈ −0.5) at 25% occupancy to warm 

discomfort levels (≈ +0.75) under overfull conditions because of increased internal heat gains and the 

interaction between occupant thermal plumes and the ventilation airflow. 

• Particle transport and infection risk  

Particle dispersion is primarily governed by the ventilation airflow organization. The first seating row 

consistently experiences the highest deposition and exposure because it directly intercepts the respiratory 

plume before significant dilution occurs. As occupancy increases, stronger recirculation and entrainment 

mechanisms produce a more heterogeneous particle distribution, leading to higher infection risk, with 

QMRA values reaching approximately 0.44% for seated occupants and up to 1.45% for standing 

occupants under overfull conditions. 

• Relationship between airflow and contaminant exposure  

The results demonstrate that indirect infection risk depends mainly on airflow organization—including 

ventilation jets, buoyancy-driven flows, and recirculation zones—rather than on geometric distance from 

the emission source alone. A clear trade-off also emerges between thermal comfort and indoor air quality: 

conditions closer to thermal neutrality (PMV ≈ 0) are associated with lower airflow velocities and longer 

particle residence times, whereas slightly cooler conditions promote stronger air circulation and more 

effective particle removal. 

 

 

Overall, this study advances a multidisciplinary assessment framework that integrates CFD-based airflow analysis 

with health-oriented indicators, highlighting the need for design methodologies capable of simultaneously 

addressing comfort, ventilation effectiveness, and exposure mitigation. 

 

Some limitations of the present study should be acknowledged. The airflow field was simulated using a steady-

state RANS approach, and occupant movements were not considered. The Lagrangian particle-tracking model 

assumed a single particle size and neglected evaporation, breakup, coalescence, and particle resuspension. 

Furthermore, only mechanically ventilated conditions were investigated. The adopted QMRA framework was 

used to derive comparative risk indicators associated with the hand–fomite–mucosa transmission pathway and 

should not be interpreted as a comprehensive estimate of airborne infection probability. Finally, several QMRA 

parameters, including viral load, transfer efficiencies, contact frequencies, and viral decay rates, are affected by 

uncertainty; therefore, the results should be interpreted primarily as relative indicators for comparing occupancy 

scenarios. 
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