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Abstract
This review focuses on the application of computational fluid dynamics (CFD) in pulmonary drug delivery, particularly for 
treating asthma and COPD with pharmaceutical aerosols via dry powder inhalers (DPIs). Aerosol drug delivery effectiveness 
relies on accurate assessment and prediction of particle deposition in the respiratory system. This method is crucial due to the 
high number of pulmonary disease cases, efficient lung absorption capabilities, lower dosage required, and reduced systemic 
side effects compared to oral medications. Given the limits of in vivo and in vitro methods, CFD modeling has advanced 
rapidly over 20 years, especially when combined with discrete phase model (DPM) and discrete element method (DEM) 
approaches. CFD simulations can correctly account for a wide range of realistic or idealized parameters using numerical 
solutions of particle and airflow transport equations. Achieving accurate simulations requires avoiding simplifications and 
approximating real-world conditions, which will soon be more possible with advancing computing tools. The research aims 
to review numerical modeling of pulmonary drug delivery along the mouth-to-lung pathway, encompassing governing equa-
tions, forces, boundary conditions, the influence of lung geometry on CFD modeling, the effects of powder characteristics 
on aerosolization and pulmonary deposition, validation of computational results with in vitro/in vivo data, and a discussion 
of current challenges and future prospects.

Keywords  computational fluid dynamics (CFD) · human respiratory system · inhalation therapy · numerical modeling · 
pulmonary drug delivery systems

Introduction

Inhaled micron- and nanosized particulate matter, primarily 
from air pollution (e.g., fossil fuel combustion and micro-
plastics), can penetrate deep into the respiratory tract [1–3]. 
Depending on their residence time, composition, and tox-
icity, these particles may cause conditions such as asthma 
and chronic obstructive pulmonary disorder (COPD) [4]. 
Upon inhalation, pollutants may dissolve in epithelial cells 
or persist as aerosols, potentially damaging airway tissue 
and triggering inflammation, stiffness, and obstruction [5].

Aerosols have long served as effective carriers for res-
piratory therapeutics, with historical practices like inhal-
ing plant smoke illustrating early use [6]. Inhalation offers 
several advantages: (i) rapid absorption, (ii) suitability for 
poorly absorbable drugs (e.g., peptides), (iii) reduced dos-
age, and (iv) fewer systemic side effects [7–9]. However, 
efficient aerosol delivery depends on factors such as device 
type, airway anatomy, inspiratory maneuvers, and particle 
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properties—considerations that became especially critical 
during the COVID-19 pandemic [10].

Most recent CFD studies in this area fall into two broad 
subcategories (Fig. 1): (1) the design and optimization of 
respiratory devices for improved performance [11], and (2) 
airway deposition modeling for more effective drug delivery 
and treatment. This section focuses on the latter, specifically 
lung simulations via the mouth-throat pathway, excluding 
nasal sprays and targeted nasal aerosols.

CFD, a branch of fluid mechanics, uses numerical meth-
ods to simulate fluid flow and predict behavior under vary-
ing conditions [12]. Initially applied to study inhaled sub-
stances like coal dust and smoke, lung deposition models 
have advanced with improved understanding of respiratory 
physiology and multiphase flow. These simulations are now 
vital for analyzing aerosol deposition and ensuring effective 
pulmonary drug delivery [13]. CFD offers precise spatial 
and temporal simulations for respiratory drug delivery [14]. 
Studies show that most aerosol particles deposit in the upper 
airways, while current inhalers struggle to reach deeper 
regions [15]. Inefficient deposition in the mouth-throat area 
can cause side effects. Improving delivery efficiency—from 
25 to 90%—requires understanding air-particle dynamics, 
dissolution, absorption, and mucociliary clearance. Drug 
distribution depends on formulation, inhalation conditions, 
and device type [16]. Among delivery systems—DPIs, pres-
surized metered-dose inhalers (pMDIs), soft mist inhalers 
(SMIs), and nebulizers—DPIs are superior in stability, bio-
availability, ease of use, and propellant-free design [17].

Aerosol deposition in human airways can be assessed 
in vivo, in vitro, or in silico. In vivo methods are common 
but limited by high imaging costs, time-intensive aerosol 
labeling, technical challenges, resolution limits, and radia-
tion risks [18, 19]. In vitro methods use airway replicas 

to study deposition but are costly and lack detail, limiting 
their use in small anatomical regions [20]. In contrast, in 
silico techniques enable efficient, safe analysis of aerosol 
dynamics in inaccessible lung areas by integrating geom-
etry, breathing patterns, and particle properties into CFPD 
models [21]. Their clinical relevance and practicality have 
driven a sharp rise in CFD-based aerosol research over the 
past two decades.

CFD is a powerful tool for simulating fluid motion and 
drug transport within the lungs. This study aims to investi-
gate pulmonary drug delivery using CFD to enhance local-
ized deposition. It involves examining airflow and drug 
transport simulations from the oral cavity to lung regions, 
while considering factors such as boundary and initial condi-
tions that influence fluid dynamics and mass transfer. Addi-
tionally, we address lung anatomy and imaging techniques, 
including computed tomography (CT) and magnetic reso-
nance imaging (MRI), for constructing realistic or idealized 
three-dimensional lung models. We also review the proper-
ties of drug powders that impact deposition, aerosolization, 
and flow behavior. Tables II and III provide a summary of 
recent CFD studies on pulmonary drug delivery. Finally, we 
evaluate methods for validating simulation outcomes using 
in vitro and in vivo data.

Pulmonary Drug Delivery Modeling

Governing Equations, Forces, and Boundary 
Conditions

Numerical Modeling from Mouth to Lung Pathway

Mouth breathing delivers air more effectively during physi-
cal exertion or medical conditions. Due to higher filtration in 
the nasal pathway, aerosol drugs are preferably administered 
orally to enhance lung penetration—the primary goal of 
drug delivery [15, 22]. Although devices like DPIs, pMDIs, 
and SMIs are affordable and adaptable, the fine particle frac-
tion (FPF) they emit represents only 20–40% of the total FPF 
for inhalers and 0.5–12% for nebulizers [23, 24], reflecting 
limited efficiency—particularly concerning for high-cost 
drugs. CFD models effectively apply conservation laws of 
mass, momentum, and energy to simulate fluid and particle 
flows. This non-invasive, cost-efficient method supports the 
analysis of aerosol conditions, delivery techniques, and air-
way geometries without relying on empirical correlations 
[25]. Micron-sized particles often act as gas tracers, avoiding 
deposition or being exhaled. In contrast, aerosols deposited 
in the mouth-throat region fail to reach target zones and may 
cause side effects [26, 27]. Accurate in silico predictions 
of regional aerosol deposition [28] can enhance treatment 
strategies, patient care, and diagnosis.

Fig. 1   The two key objectives of pulmonary drug delivery analysis 
via CFD are to enhance device design and improve drug deposition in 
airways for better treatment.
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Numerical techniques—finite difference method (FDM), 
finite element method (FEM), and finite volume method 
(FVM)—convert differential equations into algebraic sys-
tems, enabling the solution of non-linear partial differential 
equations that lack analytical solutions. This involves dis-
cretizing geometry and applying methods like Taylor series 
expansion to approximate spatial and temporal derivatives. 
Open-source software such as OpenFOAM [29] provides 
customization and parallel processing, while commercial 
tools like ANSYS Fluent [5], ANSYS CFX [30], COMSOL 
Multiphysics, and STAR-CCM + [31] can be used for per-
forming the computations.

Air Flow

Identifying airflow type is key in simulations of respira-
tory dynamics. Breathing’s cyclic nature induces unstable 
flow due to constant pressure fluctuations. Computational 
fluid dynamics studies show turbulent flow in the middle 
and upper tracheobronchial (TB) airways, intensified by jets 
from the 6mm-diameter DPI aperture and glottis [17, 32, 
33]. Accurate flow prediction requires appropriate turbu-
lence models and mesh resolution [34]. Airway branching 
and diameter reduction decrease Reynolds number, likely 
due to anatomical complexity. Even at modest inhalation 
rates, flow may be fully turbulent in extra-thoracic air-
ways and shift through turbulent, transitional, and laminar 
regimes deeper in the lungs [16, 35]. In the alveoli, flow may 
become creeping with Poiseuille-like velocity profiles [36]. 
In DPIs, shear forces from inhaled airflow disperse powder 
into aerosols, highly dependent on inhalation strength. Peak 
inspiratory flow rates of 15, 30, and 60 l/min correspond to 
sedentary, light, and heavy activity levels [37]. Medicinal 
inhalation devices can induce rates up to 120 L per minute. 
Higher flow rates trigger early turbulence in upper airways, 
leading to erratic aerosol motion and size-dependent deposi-
tion shifts [38]. The Reynolds number indicates flow regime 
by comparing inertial and viscous forces. It decreases in 
deeper airways due to reduced cross-sectional area, as shown 
in Fig. 2.

Studies show that particles between 0.5 − 1 μm are mostly 
exhaled, while those between 1 − 5 μm remain airborne and 
settle early in exhalation [29]. This supports brief breath-
holding post-inhalation to enhance deep lung deposition. 
Turbulence models simulate the chaotic airflow patterns 
during breathing, capturing transient and turbulent dynam-
ics, as illustrated in Fig. 3.

DPI simulations often employ Reynolds-Averaged 
Navier–Stokes (RANS) equations to model turbulent flows 
due to their robustness and low computational cost com-
pared to Direct Numerical Simulation (DNS) and Large 
Eddy Simulation (LES). RANS models approximate tur-
bulent fluctuations using empirical data from canonical 

flows. Capturing laminar-turbulent-laminar transitions in 
airways requires careful model selection. RANS decomposes 
instantaneous velocity into mean flow and time-dependent 
turbulence fluctuations. The standard k-ε and k-ω [40, 41] 
formulations represent prevalent RANS approaches that 
establish a correlation between the Reynolds stress and the 
turbulent kinetic energy (k), as well as its dissipation rate (ε) 
or the specific rate of turbulent dissipation (ω) [20]. They are 
sometimes referred to as two-equation RANS models as the 
two turbulence parameters, k and ε or k and ω, are solved 
by two extra transport equations. Like the k-ω model, the 
k-ε model can be appropriate for specific lung segments but 
not others, and vice versa [42, 43]. Most of the issues with 
the k-ε model are thought to be related to the ε equation. 
The realizable k-ε turbulence model, superior to the standard 
variant, effectively simulates turbulence across diverse con-
ditions such as rotating homogeneous shear, boundary-free 
shear flows, and channel and flat plate boundary layers with 
varying pressure gradients [31, 44–46]. Due to the complex-
ity of the flow field, advanced turbulence models beyond 
standard k-ε or k-ω are required. The SST model blends k-ω 
near walls and k-ε in free-stream regions, offering resilience, 
ease of use, and improved performance in non-equilibrium 
boundary layers [5, 10, 23, 42, 47–50]. Although compu-
tationally demanding and grid-sensitive, Reynolds-stress 
models (RSM) effectively capture anisotropic turbulence, 
including reversed flows and secondary vortices, by solving 
six Reynolds stress transport equations plus one for dissipa-
tion [51, 52].

LES is a high-fidelity, resource-intensive method that out-
performs RANS in predicting velocity profiles, especially 
in transitional flows. This enhanced accuracy is achieved by 
directly resolving the dynamics of the larger eddies through 

Fig. 2   Reynolds number versus the bifurcation number for different 
air flow rates: Q = 25 (1), 50 (2), and 140 l/min (3); the dashed line 
shows the critical Reynolds number for a circular tube (Re = 2300). 
Reprinted from Medvedev et al. [39], with permission from Elsevier.
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simulation, while the effects of the smaller eddies are 
addressed by employing low-pass filtering. The resultant flow 
behaviors of these smaller scales are then approximated using 
subgrid-scale models, employing methodologies akin to those 
used in RANS [38, 53–58].

Improving aerosol deposition accuracy requires shifting 
from RANS and LES to high-fidelity approaches like DNS, 
which avoid empirical assumptions. DNS enables detailed 
insight into turbulence attenuation across airway generations—
a key step for future research. However, its application to lung 
aerosol dynamics is constrained by extreme computational 
demands as it necessitates the numerical resolution of all per-
tinent length and time scales, particularly within intricate flow 
domains like the respiratory system. Consequently, its practi-
cality for such applications remains limited [53, 59].

CFD models intricately compute airflow fields exhibit-
ing laminar and turbulent behaviors by numerically solving 
the Navier–Stokes equations. These equations conceptualize 
the fluid as a continuum and calculate flow dynamics such as 
velocity and pressure through the laws of mass and momentum 
conservation as follows:

Continuity equation:

Navier–Stokes equation:

(1)
�(uj)

�xj
= 0,

The symbols u , � , p , � , t , x and g correspond to the velocity 
of the fluid, the density of the fluid, the pressure within the 
fluid, the viscous stress tensor, the temporal variable, the spa-
tial variable, and the acceleration due to gravity, respectively.

The viscous stress tensor is given by:

Within the context of the RANS turbulence model, the 
equation originally referred to as the Navier–Stokes equa-
tion is more accurately described as the Reynolds-averaged 
Navier–Stokes (RANS) equation.

Reynolds-averaged Navier–Stokes (RANS) equation:

where the fluctuation component of the velocity is denoted 
by u′ and the time-average velocity component by u . p rep-
resents modified time-averaged pressure term. In Eq. (4), the 
expression −�ui�uj� represents the turbulent Reynolds 
stresses which should be expressed as mean flow quantities. 
Subsequent to the formulation of the RANS equations, 
Boussinesq proposed the eddy viscosity ( μt ) notion, which 
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Fig. 3   Dynamics of air circulation in the respiratory tract: A comparison of distinct turbulence models and their key features.
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simplifies the Reynolds stress tensor, facilitating the resolu-
tion of these equations. Additional equations for k, ω and/or 
ε used to find the eddy viscosity ( μt = f

(
�k

ω

)
orf

(
�k2

ε

)
 ) for 

Reynolds stresses calculation and finally solving the RANS 
equations [30, 40, 60–63].

On the other hand, according to Smagorinsky’s model, 
the Navier–Stokes equation for LES model represented by 
[38, 55, 56, 64, 65]:

where �r
ij
 is the sub-grid scale stress tensor as follows:

where Cs is the Smagorinsky constant and Δ = (ΔxΔyΔz)
1

3 
is the filter width. The strain rate tensor ( Sij ) and |||S

||| are 
shown as:

Velocity and pressure profiles derived from the afore-
mentioned relationships provide key insights for enhanc-
ing pulmonary drug delivery [42]. Increased flow rates 
elevate particle DF via inertial impaction, especially for 2.5 
and 5 μm particles in the mouth-throat region. In contrast, 
smaller particles (0.1–1 μm) show minimal DF variation 
with flow rate [38]. Koullapis et al. demonstrated that deep 
inhalation markedly improves deposition in the respiratory 
zone by minimizing upper airway losses. Breath-holding 
further boosts deposition by ~ 70% for 1–2 μm particles. 
For optimal targeting, deep inhalation plus breath-holding 
enhances delivery to the respiratory zone, whereas gentle 
breathing with breath-holding favors the lower conducting 
airways [66]. Chalvatzaki et al. showed that breath-holding 
enhances lung deposition across various mouthpiece sizes 
and MMADs, supporting clinical recommendations for 
post-inhalation breath-holding with DPIs [67]. Rahman 
et al. found age-related increases in airway velocity due to 
narrowed airways, with septuagenarians exhibiting 27.62% 
higher pressure in G3–G6 than quinquagenarians when G15 
exit pressure is zero [45]. Islam et al. investigated low-den-
sity heliox mixtures to minimize upper airway deposition. 
Compared to air, heliox produced smoother flow, lower tur-
bulence intensity, and reduced deposition efficiency in the 
upper airways, while air inhalation generated ~ 4.7 × higher 
pressure across inlet conditions [15].
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In pulmonary CFD analyses, primary and secondary 
vortices critically influence airflow patterns and particulate 
transport. Intensified secondary vortices increase deposi-
tion in the upper respiratory tract [55]. These smaller whirls 
form within larger swirls, interacting with the main flow and 
altering its trajectory. Their emergence is driven by com-
plex airway geometry, flow-wall interactions, and dichoto-
mous branching. Advanced airway generations show veloc-
ity deviations due to duct intricacies, flow separation, and 
secondary vortex formation. Minor structural changes can 
trigger these vortices, whereas higher flow rates tend to sup-
press them [52]. Cui et al. found that light breathing at 15 L/
min produces steadier flow with longer, concave laryngeal 
jets and more secondary vortices, reducing particle–wall 
interactions. In contrast, heavy breathing destabilizes the 
jet and intensifies its interaction with the trachea’s recircula-
tion zone, increasing particle entrainment, dwell time, and 
deposition in the trachea. Secondary vortices arise post-
glottis during gentle breathing, but from the pharynx during 
forceful inhalation, with a higher vortex count in the tra-
chea under intense flow [55]. Cui et al. identified 3D vortical 
structures in both transient and averaged flow fields across 
oral, pharyngeal, laryngeal, and tracheal regions, as well as 
the pharyngeal recirculation zone. In steady flow, tongue and 
glottal obstructions respectively induce hairpin and horse-
shoe vortices. Vortex dynamics become more complex in 
unsteady flows, with higher flow rates producing more fre-
quent, smaller vortices in the trachea [56]. Ahookhosh et al. 
found that turbulence, reverse flow, vortex generation, and 
the laryngeal jet heavily impact airflow and particle deposi-
tion in the extra-thoracic region. Deposition is highest in the 
mouth-throat due to turbulence at the soft palate and vortex 
formation in the oral cavity and oropharynx, with the laryn-
geal jet driving high deposition in the upper trachea [60].

Particles Behaviors and Interactions

Predicting aerosol transport within human lungs helps pin-
point toxin accumulation zones and optimize parameters 
for drug delivery and inhaler design. Accurate modeling of 
localized deposition is essential for improving treatment out-
comes. For nano/micro particle dynamics, Eulerian–Eule-
rian (E–E) and Eulerian–Lagrangian (E–L) frameworks 
are commonly employed (Fig. 4). Fluid flow is typically 
resolved using an Eulerian approach, while particle motion 
can be described either Eulerianly or Lagrangianly—the 
latter is preferred for DPI applications due to its ability to 
track individual particle trajectories over time. Unlike the 
Eulerian approach, which observes particle flow at fixed spa-
tial points, the Lagrangian method follows particles through 
space and time, enabling detailed motion analysis. The 
Eulerian–Lagrangian (E–L) method assumes the second-
ary phase occupies a smaller volume than the primary and 
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tracks particles individually by integrating Newton’s second 
law over time [68, 69]. This approach, treating aerosols as 
discrete particles in a continuous gas phase, offers intuitive 
modeling of turbulent dispersion and particle–wall interac-
tions [20]. In contrast, the Eulerian–Eulerian (E–E) method 
handles both phases as interpenetrating fields and predicts 
particle behavior via mass and momentum equations, with-
out accounting for inertia [70, 71]. E–E is more suitable for 
particles ≤ 100 nm, where inertial effects are minimal and 
E–L’s advantages are less pronounced [72].

Advances in computational technologies have made CFD 
modeling—particularly when integrated with discrete phase 
model (DPM) and discrete element method (DEM)—a vital tool 
for predicting airflow behavior, including turbulence, particle 
trajectories, deagglomeration in DPIs, and aerosol delivery to 
the lungs. Accuracy depends on whether the Lagrangian model 
incorporates interactions between discrete phases [20]. These 
methods must consider forces acting on particles, influenced by 
particle size, fluid-to-particle density ratio, and flow conditions.

Understanding the factors influencing pulmonary particle 
deposition is essential for assessing both therapeutic potential 
and toxicological risks. Most models omit pressure gradient 
and Basset forces, relying primarily on drag and gravity [73, 
74]. In distal airway generations, increased angular variability 
relative to gravity substantially affects deposition, especially 
for particles > 2 μm [29]. For submicron particles in laminar 
flow, Brownian motion—caused by random bombardment 
from the continuous phase—plays a significant role and is 
modeled as a Gaussian white noise force [53, 75]. The virtual 
mass force becomes relevant when the carrier-phase density 
far exceeds that of the particle, adding inertia as the particle 

moves through the fluid, though its impact in pulmonary drug 
delivery is minimal [52]. For micron-sized particles, most 
additional forces—such as Saffman’s lift, buoyancy, pressure 
gradient, Basset force, Brownian motion, and virtual mass—
are negligible, allowing models to prioritize dominant forces 
for simplified dynamics.

Particle collisions in the DPM are binary and instanta-
neous, indicating their extremely brief duration relative to 
other time scales. Particle velocities are updated via New-
ton’s second law [76]. Lagrangian simulations are widely 
used to predict particle dispersion in DPI systems due to 
their simplicity and ability to approximate particle trajec-
tories. The model assumes particle motion is governed by 
gravity, flow-induced forces, and wall collisions. Flow-
related forces typically include drag, pressure gradient, 
added mass, Basset, and lift. Model accuracy depends on 
the selected forces and empirical correlations, derived either 
from flow field data or established relationships. However, 
DPM cannot simulate particle–particle interactions like 
deformation, adhesion, or de-agglomeration, limiting its 
suitability for simulations requiring such detailed dynamics. 
DPM employs either one-way or two-way coupling. One-
way coupling neglects particle influence on the flow, while 
two-way coupling accounts for it by adding a body force 
term to the flow’s momentum equation [71, 77]. At high 
particle concentrations—such as those released from cap-
sules—two-way coupling becomes essential, as collective 
particle effects can significantly alter flow dynamics. How-
ever, most Computational Fluid Dynamics-Discrete Phase 
Model (CFD-DPM) studies on respiratory aerosol transport 
assume a dilute dispersed phase.

Fig. 4   Analysis of aerosol particle movement in the respiratory system through Eulerian–Lagrangian methods (DPM and DEM) and the Eule-
rian-Eulerian framework.
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One-way coupling assumes particles exert negligible 
influence on airflow, rendering inter-particle interactions 
non-essential [5, 78]. In contrast, Lagrangian CFD-DEM—
like DPM—follows Newton’s second law but enables 
multi-particle interactions, making it suitable for contact-
dominated flows. It effectively captures agglomeration and 
de-agglomeration dynamics [24].

Introduced by Cundall and Strack in fluidized bed simula-
tions, DEM applies Newton’s laws to govern each particle’s 
translational and rotational motion [79]. It offers superior 
accuracy in modeling particle behavior, especially in inter-
action-dominant systems like concentrated dry powders. 
However, DEM is computationally far more intensive than 
DPM and requires extensive pre-simulation experimental 
data. Particle contact forces in dynamics are modeled via 
hard or soft particle approaches. The hard model treats par-
ticles as rigid and permits only binary collisions. The soft 
model allows deformation upon contact—termed overlap-
ping—and supports multi-particle interactions. Forces 
involved include mechanical contact, van der Waals, capil-
lary, and electrostatic forces, acting either through contact 
or at a distance [80]. Electrostatic charge significantly influ-
ences particle deposition in the respiratory tract, especially 
in drug delivery. Devices like nebulizers, MDI, and DPI 
generate charged aerosols, and environmental aerosols may 
carry charges exceeding Boltzmann equilibrium levels [81, 
82]. Electrostatic effects must be considered in health risk 
assessments. Relative humidity (RH) plays a critical role 
by modulating charge strength, drug deposition, triboelec-
tric charging in DPIs, and aerosolization efficiency. Gener-
ally, charge intensity decreases as RH increases. However, 
the mechanisms governing electrostatic charging and RH 
effects in pharmaceutical aerosols remain poorly understood 
[82–85]. Koullapis et al. found that electrostatic charge can 
enhance DF of smaller particles by up to sevenfold, espe-
cially in the mouth-throat region due to its large surface area 
and complex airflow. For particles > 2.5 μm, inhalation rate 
had limited impact, with impaction dominating deposition 
as flow increased. These findings suggest that tuning electro-
static charge may optimize particle deposition in the conduct-
ing airways [38]. Using DEM-CFD, Ohsaki et al. examined 
how particle dynamics and morphology influence deposition 
in the lungs. Smaller, lighter particles with favorable aero-
dynamic diameters penetrated deeper into a simplified lung 
model. The study highlighted the roles of particle–wall inter-
actions and shape in deposition patterns, with contact forces 
computed via the JKR (Johnson-Kendall-Roberts) theory, a 
widely accepted model for adhesion effects [41].

The Lattice Boltzmann Method (LBM) models fluid 
density via streaming and collisions on a lattice, con-
trasting with conventional CFD approaches that solve the 
Navier–Stokes equations using macroscopic variables like 
velocity and pressure. Traditional methods employ finite 

element, finite difference, or finite volume techniques, 
while LBM computes flow properties by tracking distri-
bution function momentum at a microscopic scale. Cui and 
Sommerfeld introduced a method to evaluate drug pow-
der detachment from carrier particles, critical for DPIs 
subjected to intense turbulence. LBM was used to model 
fluid dynamics in clusters containing 100 μm carriers and 
5 μm spherical drug particles at 50% coverage, totaling 882 
particles. Detachment probabilities via lift-off, sliding, or 
rolling were assessed based on measured adhesive forces 
and surface energy characteristics [86–88].

In the Lagrangian framework, the trajectory of every par-
ticle is calculated separately. This is done by applying New-
ton’s laws ( F = ma ) to ascertain each particle’s velocity ( ���⃗up ) 
and position ( ��⃗xp ). Consequently, a series of partial differential 
equations is resolved for the entire collection of particles as 
follows [46, 59, 75, 89–91]:

The equation can become quite intricate when it encom-
passes factors such as two-way coupling, non-spherical parti-
cle dynamics, collisional interactions, aggregation processes, 
and size alterations resulting from condensation and evapo-
ration phenomena. These elements introduce a high level of 
complexity due to the interdependent and variable nature of 
the physical processes involved. The equations for the afore-
mentioned forces are specified below:

(9)
d ��⃗xp

dt
= ���⃗up

(10)

mp

d �⃗up
dt

= �����������⃗FGravity +
��������������⃗FBuoyancy +

�����������������⃗FVirtual mass

���������������������������������������������
Body force

+��������������⃗FBrownian

+ ��������⃗FDrag +
������������������������⃗FPressure gradient +

����������⃗FBasset +
���������������⃗FSaffmanlift

�������������������������������������������������������������������
Surfaceforce

+ �������������������⃗FParticle−wall +
�����������������������⃗FParticle−Particle

���������������������������������������
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(15)
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Aspherical particle(Gansermodel)

In this context, dp , mp and �p represent the diameter, 
mass, and density of the particle, respectively. Similarly, 
�f  and �f  denote the dynamic viscosity and density of the 
fluid. The term uf  refers to the velocity of the fluid at the 
location of the particle and mf  signifies the mass of the 
fluid that has been displaced by the particle. In the equa-
tion describing Brownian force, �i represents a variable 
with a zero-mean derived from a Gaussian probability 
density function. The symbol T  stands for the absolute 
temperature, while D̃ denotes the Brownian diffusion 
coefficient. The constant kB = 1.3806488 ∗ 10−23

m2kg

s2K
 

refers to the Boltzmann constant, and Δt is the time step 
used for integrating the particle’s equation of motion. 
In the Ganser model for the drag equation concerning 
aspherical particles, k1 is identified as the Stokes’ shape 
factor, k2 is the Newton’s shape factor, and ∅ represents 
the sphericity of the particle. In the context of Saffman’s 
lift force, k is set at a constant coefficient value of 2.594, 
and the term dij represents the deformation tensor.

In pulmonary drug delivery, dimensionless parameters 
such as Stokes, Reynolds, and Froude numbers are criti-
cal. The Stokes number, widely used to describe aerosol 
dynamics, represents the ratio of a particle’s response 
time to the flow time scale. Particles with high Stokes 
numbers are inertia-dominated and deviate from stream-
lines, while those with low values closely follow the 
fluid flow. The Stokes number is defined as follows:

(16)FPressuregradient = mf (
Duf

Dt
)

(17)FBasset =
3

2
d2
p
(��f uf )

1

2∫
t

t0

d

dt�
(uf − up)

(t − t�)
1

2

dt�

(18)FSaffmanlift =
2k�0.5�dij

�pdp(dlkdkl)
1

4

(uf − up)

where, Ui is the mean velocity in region i , Di is the equiva-
lent diameter in region i , �p is the particle's characteristic 
response time, often represented by the relaxation time and 
�F is the fluid's characteristic response time. Increasing par-
ticle size and flow rate elevates the Stokes number, which 
quantifies particle responsiveness to system variations. 
Higher Stokes numbers indicate greater inertia, causing par-
ticles to resist flow redirection and deposit predominantly in 
the upper airway generations via inertial impaction. DE and 
DF were plotted against the impaction parameter and Stokes 
number to illustrate this behavior [60]. DE increases consist-
ently with the Stokes number, affirming its expected behav-
ior. At low Stokes values, particles follow airflow, resulting 
in minimal deposition. As the Stokes number rises—espe-
cially during rapid flow deceleration—particles deviate from 
streamlines, and inertial impaction predominates. This effect 
is especially significant in areas with pronounced directional 
changes, like the left and right upper lobes. Elevated flow 
rates and particle sizes further increase the Stokes number, 
reducing particle entry into these regions [92]. Feng et al. 
observed that larger COVID-19 cough droplets maintained 
higher velocity and concentration than smaller ones. This is 
attributed to their higher Stokes number, which reduces the 
influence of viscous dissipation and enables better momen-
tum retention. In contrast, smaller droplets, with greater 
surface area-to-volume ratios, lose momentum rapidly due 
to drag and viscous effects [93]. Nicolaou et al. examined 
aerosol deposition by analyzing inertial and gravitational 
influences through the Stokes and Froude numbers. The 
Froude number, defined as the Stokes number divided by 
the ratio of gravitational settling velocity to fluid velocity, 
quantifies the relative dominance of inertial versus gravita-
tional forces. In certain airflow regions, the instantaneous 
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Froude number was up to 3–4 orders of magnitude lower 
than its reference value, indicating significant sedimentation 
and underestimation of gravitational effects. Sedimentation 
dominated particle deposition in the extra-thoracic airways, 
particularly the mouth. Particles with high Stokes numbers 
deposited primarily via impaction in the larynx and trachea. 
Additionally, bifurcation angle variations influenced depo-
sition patterns, with impaction prevailing on the cardinal 
ridge and sedimentation occurring along inclined airway 
walls [53].

Atmospheric and therapeutic particles from various sources 
exhibit a complex, polydisperse size distribution. Conventional 
in vitro methods struggle to capture deposition behavior across 
sizes, but in silico models have improved understanding. In a 
seminal study, Islam et al. used a large-scale lung model and 
Rosin–Rammler diameter distribution to evaluate polydisperse 
aerosols. Their results showed increased DE in the right lung, 
with larger particles (dp > 5 μm) depositing near upper airway 
bifurcations, and smaller particles (dp < 5 μm) accumulat-
ing along bifurcation walls [58]. Ahookhosh et al. examined 
aerosol deposition and powder characterization using in vitro 
data. Their results showed that increased inhalation flow rate 
elevated particle deposition due to enhanced inertia and tur-
bulence. Deposition intensified in the extra-thoracic region, 
trachea, and tracheobronchial tree, primarily via inertial impac-
tion driven by higher inertial forces [60]. Chalvatzaki et al. 
investigated the impact of breath holding and mouthpiece 
diameter on powder deposition. Larger aerodynamic diam-
eters increased deposition in the extra-thoracic region, while 
particles between 2–4 μm showed higher deposition in the tra-
cheobronchial and alveolar-interstitial regions. In the extra-tho-
racic area, deposition rose as mouthpiece diameter decreased, 
though this effect was negligible for particles < 1 μm in deeper 
lung regions. For larger particles, greater mouthpiece diameter 
enhanced deposition [67].

Boundary and Initial Conditions

Boundary conditions (B.C.s) define fluid behavior at the 
boundaries of the computational domain and are essential for 
solving governing equations in CFD. In pulmonary simula-
tions, B.C.s enable accurate modeling of complex airflow and 
aerosol deposition, typically applied at respiratory tract inlets, 
outlets, and airway walls. Accurate pulmonary simulations 
require physiologically representative boundary conditions. 
Due to computational constraints, simplifications are often 
applied, though they must preserve core airflow physics. Dur-
ing inhalation, diaphragm and intercostal muscle contraction 
lowers thoracic pressure relative to ambient air, driving flow 
via a pressure gradient between alveoli and the mouth. Most 
studies apply pressure or flow rate/velocity as inlet conditions 
for incompressible air. When it came to flow rate/velocity, sev-
eral methods were used, including constant peak inspiratory 
flow rate [15, 48, 52, 56, 57] (typically 15, 30, and 60 l/min 
associated with sedentary, light, and heavy breathing), veloc-
ity as a function of inlet radius [26] (parabolic inlet velocity, 
u(r) = umax(1 −

r2

R2
) ), time-varying sinusoidal parabolic veloc-

ity profile [29], and realistic inhalation maneuvers as a func-
tion of time [15, 17, 19, 69]. Flow rate critically affects powder 
deposition by enhancing turbulence and inertial impaction in 
the ET zone. Airflow velocity over time is typically modeled 
using idealized sinusoidal functions [21, 42] (Fig. 5-a) or real-
istic breathing waveforms [17, 31, 94] (Fig. 5-b) simulating 
DPI and nebulizer inhalation. These waveforms vary with age, 
health, peak flow, tidal volume, and anthropometric factors. 
In some cases, particle injection coincides with peak flow rate 
[10]. Equations (20–22) can be employed to compute the real-
istic breathing pattern:

(20)Q(t) = PIFR.sin

(
𝜋

2

t

tmax

)
0 < t < tmax

Fig. 5   Flow rate through the 
mouth as a function of inspira-
tion time: a) idealized sinusoi-
dal functions, and b) realistic 
breathing waveform profiles of 
the DPI maneuver (reprinted 
from Elcner et al. [42] and 
Bhardwaj et al. [10], with per-
mission from Elsevier).
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where Q(t) is the flow rate as a function of time, PIFR and 
tmax are the peak flow rate and time to achieve peak flow rate, 
usually 0.45s, and to get the tidal volume ( ∫ t=ttot

t=0
Q(t)dt ), one 

must determine the value of ttot.
Geometric models in CFD studies often truncate at spe-

cific airway generations, limiting accurate representation 
of terminal airflow pressures and velocities [95]. Conse-
quently, many investigations adopt simplifying assumptions, 
frequently applying uniform (zero gauge) pressure as the 
outflow boundary condition. Recent findings indicate that 
endpoint modeling markedly influences predictions of air-
flow and particle deposition in upper lung regions [96, 97]. 
The respiratory tract is lined with a viscous mucosal barrier 
atop the ciliated epithelium, serving as a primary filtration 
mechanism for inhaled particles [26]. Mucus thickness var-
ies regionally—from approximately 8.3 μm in the trachea 
to 1.8 μm in distal bronchioles [98]. Rapidly absorbable 
medications must traverse this barrier to reach the epithelial 
surface. Accordingly, the initial deposition site significantly 
influences absorption patterns, emphasizing the importance 
of wall boundary conditions in pulmonary drug delivery [99, 
100]. Wall boundary conditions—whether rigid or compli-
ant—strongly influence simulation outcomes. Assuming 
inflexible walls can omit key fluid–structure dynamics, espe-
cially in the pulmonary system where lung tissue exhibits 
viscoelasticity. Incorporating compliant wall conditions 
with appropriate viscoelastic properties enhances simulation 
fidelity, improving predictions of airflow and particle trajec-
tories. Pulmonary CFD studies commonly apply immobi-
lized (trapped) boundary conditions for particle deposition, 
coupled with no-slip conditions for airflow. Deposition is 
assumed when a particle’s center lies within one radius of 
the wall, while wall-adjacent airflow velocity is set to zero. 
Reflection and re-suspension are typically neglected due to 
the mucosal lining of the respiratory tract, which ensures 
particle adhesion upon impact [136, 173]. Conversely, in 
the context of particle dynamics against a moistened wall, 
entrapment upon the surface is contingent upon the particles 
possessing a velocity inferior to the critical collision veloc-
ity, according to the following equation [101].

where � , d , mp , e , z , and za represent the coefficient of liquid 
viscosity, the radius of the particle, the mass of the particle, 
the coefficient of restitution, the film thickness of the liquid, 
and the roughness of the particle surface, respectively. Since 

(21)Q(t) = PIFRtmax < t < 0.6s

(22)Q(t) = PIFR.cos

(
𝜋

2

t − (tmax + 0.15)

ttot − (tmax + 0.15)

)
0.6 < t < ttot

(23)ucr =
3��d2

2mp

(1 +
1

e
)ln(

z

za
)

the previous study's particle velocity was up to 7 m/s, for 
instance, it was predicted that the particle would not trap on 
the human respiratory system's wall [41, 102].

Initial conditions (t = 0) define the flow variables within 
the computational domain at the simulation’s outset and are 
vital for transient analyses. These typically include veloc-
ity, pressure, temperature, and concentration profiles of the 
drug-laden aerosol at the domain’s inlet. Given their influ-
ence on deposition within the lung’s complex branching 
architecture, initial particle size distribution is especially 
critical. Environmental parameters—such as airflow tem-
perature and relative humidity—should also inform these 
specifications. Airway wall temperature is typically assumed 
to match core body temperature (~ 37 °C), while relative 
humidity near the wall often exceeds 99% [103, 104]. Ideal-
ized humidity assumptions may misrepresent droplet size 
evolution and deposition behavior. Accurate boundary 
conditions therefore require incorporation of heat transfer 
physics. Particle injection is generally randomized and uni-
formly distributed, with initial velocity matching the carrier 
gas [56].

Effect of Lung Geometry on CFD Modelling

Comparing Traditional 1D and Modern 3D Approaches

In silico methods include semi-empirical whole-lung 1D 
models—historically the earliest approaches—and increas-
ingly prevalent 3D CFD simulations [16]. 1D models apply 
algebraic deposition formulas based on either a single air-
way path or stochastic lung geometry [105]. These are fitted 
to empirical data using mechanisms such as sedimentation, 
impaction, and diffusion [16, 106].

1D models offer ease of use, fast results, and accessibil-
ity for non-experts, operating efficiently on standard proces-
sors. Though initially developed for environmental aerosols, 
they lack adaptation for therapeutic aerosol transport [66]. 
They provide sufficiently accurate deposition estimates in 
distal airways, where aerosol dynamics lessen beyond the 
trachea [13]. Despite their simplicity, 1D models overlook 
detailed airway geometry and complex flow dynamics, lim-
iting their ability to predict site-specific particle deposition 
[37]. They also neglect hygroscopic and evaporative effects, 
inhaler spray momentum, and anatomical variability across 
age, sex, and disease conditions [66, 107, 108]. Notable 1D 
whole-lung models include trumpet, single-path, multiple-
path, and stochastic variants. Stochastic models account for 
the inherent randomness in particle transport and deposition 
[109]. Originating from Koblinger and Hofmann’s 1980s 
work, the stochastic multiple-path model employed a Monte 
Carlo approach and probability distributions to capture the 
asymmetry and variability of the respiratory system. This 
early work significantly advanced lung particle simulation 
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via stochastic methods. It introduced a statistical model with 
randomly selected airway branches and transport paths, 
allowing size variability. Inhaled particles traverse a stochas-
tic airway network, with each particle following a randomly 
chosen sequence until deposition occurs [110–113]. The 
generation of each pathway is stochastic: at every bifurca-
tion, one branch is randomly chosen for continuation, while 
the other terminates, resulting in particle deposition within 
the airways. Longest and colleagues have conducted a series 
of studies on developing a stochastic individual pathway 
(SIP) model. The method constructs distinct, continuous 
pathways extending past the third bifurcation into all lung 
lobes, reaching terminal bronchioles. At each bifurcation, 
one branch continues while the other ends. A sufficient num-
ber of such randomly generated pathways are simulated until 
deposition data converge to a stable average [16, 21, 36].

To ensure targeted aerosol deposition in the lungs, CFD 
aerosol models offer advantages over 1D methods by numer-
ically solving transport equations for airflow and particles. 
CFD can directly account for breathing dynamics, aerosol 
properties (especially hygroscopic size changes), fluid–wall 
interactions, and wall motion within complex geometries—
whether realistic or idealized [46, 99]. We limit this review 
to three-dimensional CFD studies due to their advantages. 
Rising air pollution and respiratory ailments pose a severe 
risk to human health. As a result, predicting the deposi-
tion patterns of harmful and therapeutic inhaled particles is 
becoming increasingly important.

The Respiratory System: Structure and Function in Drug 
Delivery

Inhalation offers superior medication absorption compared 
to injection or oral routes due to the lung's compact epi-
thelial cells and extensive absorption surface [41]. Conse-
quently, understanding airway geometry is essential. Air 
travels through conducting airways to the bubble-shaped air 
sacs called alveoli, where gas exchange occurs [52]. Precise 
comprehension of this pathway is fundamental for optimiz-
ing inhaled therapeutics. During inhalation, the diaphragm 
and respiratory muscles contract, creating negative pressure 
that draws air into the lungs. During exhalation, these mus-
cles relax, creating positive pressure that expels air [8]. The 
respiratory system involves the central nervous system, chest 
wall, pulmonary circulation, and respiratory tract [114]. The 
human lungs, are conical and divided into right and left sec-
tions. The right lung has three lobes, while the left has two 
lobes to accommodate the heart [26]. The respiratory tract 
has three sections, each with an iterative branching system 
spanning 23 generations (Fig. 6).

According to International Commission on Radiologi-
cal Protection (ICRP) guidelines, a respiratory tract model 
should include the extra-thoracic (ET; nasal cavity, oral cav-
ity, pharynx, larynx to tracheal entrance), tracheobronchial 
(TB; trachea to terminal bronchioles, generation 16), and 
alveolar regions (generations 17–23) [115, 116]. The res-
piratory tract is commonly classified into upper and lower 

Fig. 6   The diagram displays the 
branching structure of the adult 
human airway, which is divided 
into the extra-thoracic region, 
tracheobronchial region (G0-
G16), and the alveolar region 
(G17-G23).
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regions. The upper tract, akin to the extra-thoracic area, 
includes all structures above the glottis—namely the oral 
and nasal cavities, pharynx, and larynx. Numerical results 
show that inertial impaction significantly influences particle 
deposition in this region [26]. The lower tract spans from the 
vocal cords through the intra-thoracic zone, beginning at 
the trachea and terminating in the alveolar sacs deep within 
the lungs [117]. Upper airway morphology has a consid-
erable impact on local airflow patterns, as well as particle 
transport and deposition in the tracheobronchial region. Fur-
thermore, it was discovered that the jet core length remains 
constant despite higher inhalation flow rates in upper air-
ways [118]. The extra-thoracic (ET) region, referred to as 
the upper respiratory tract, consists of the oral cavity, nasal 
cavity, pharynx, and larynx [22]. The anatomical location of 
the tube-like pharynx (throat), with a mean length of 12.5 
cm, divides it into three sections: the oropharynx, which is 
behind the mouth; the nasopharynx, which is behind the 
nasal chambers; and the laryngopharynx, which is behind 
the larynx. The epiglottis is included in the structure of the 
larynx as well. Warming, humidifying, filtering, and direct-
ing air toward the lower respiratory airway passages are the 
functions of the naso-oropharynx [52]. Incorporating the 
laryngeal jet is essential for accurate airflow and aerosol 
deposition predictions in the middle airways due to down-
stream turbulence generation [118]. Numerical studies iden-
tify glottis constriction as the key morphological factor influ-
encing particle transport. Upper airway features—including 
mouth-to-throat curvature, cross-sectional circularity, phar-
ynx–trachea joining angle, and constriction ratios across the 
glottis and mouth inlet—affect airflow dynamics, pressure 
drop, and deposition to varying degrees [119].

Other geometric factors exert relatively minor influence. 
Enhancing in vivo deposition prediction requires understand-
ing pharmaceutical aerosol deposition mechanisms in the 
mouth–throat (MT) via in vitro methods. The USP throat—
featuring a uniform circular cross-section and 90° bend—is 
widely used in CFD simulations and in vitro testing [120]. 
However, USP models, including those applied in station-
ary tests like the Next Generation Impactor (NGI), lack 
essential anatomical features of the ET region [121]. The 
TB region—also termed the conducting zone (generations 
0–16)—transports inhaled air to the alveolar gas exchange 
sites. Its airway structure resembles a branching tree, begin-
ning with the trachea (10–14 cm long, 1.3–2.7 cm in diam-
eter) [122], which bifurcates into right and left main bronchi 
and further divides into segmental bronchi [20]. This pattern 
persists dichotomously, where each airway bifurcates into 
two'child'branches with an approximate diameter of 1 mm 
at the 16th generation [123]. These branches are identified 
as generations and sequentially numbered from the top to 
the bottom. The human lung's largest portion, known as 
the alveolar region, deep lung region, or acinar region, is 

contiguous with the terminal segment of the TB region, 
encompassing all lung components housing alveoli. As we 
venture further into the lung, the number of alveoli on each 
generation of respiratory bronchioles progressively increases 
until the alveolar ducts are entirely encased in alveoli [124]. 
The tiny tubes that link the alveolar sacs—which include 
an atrium and many alveoli—to the respiratory bronchioles 
are known as alveolar ducts. One may roughly represent 
each sac (alveolus) as a spherically shaped cup [125]. The 
last seven generations (G17–G23) are often referred to as 
the alveolar region, while generations 20–23 are referred to 
as the respiratory zone [126]. This is where gas exchange 
occurs and is encircled by a network of blood capillaries fed 
by the pulmonary artery [127]. Limited understanding of 
flow dynamics and particle deposition in the alveolar region 
stems from its complex geometry and wall motion [128]. 
Kolanjiyil et al. [129] developed a physiologically inspired 
acinar model incorporating breathing-induced wall deforma-
tion and partially spheroidal air sacs. Their results showed 
increased deposition rates with larger particle diameters and 
higher inhalation tidal volumes.

Challenges of Idealized vs. Realistic Models in Lung 
Geometry Modeling

Variations in human respiratory geometry significantly influ-
ence airflow, aerosol dynamics, and deposition. Lung mod-
els are typically classified as idealized or realistic. Idealized 
geometries simplify anatomical features to facilitate analysis 
of lung mechanics, while realistic geometries replicate com-
plex, irregular structures for greater physiological accuracy. 
A major challenge in airway modeling is reconstructing ana-
tomically faithful geometries for reliable flow simulations. 
To address this, recent efforts have focused on developing 
refined idealized airway models.

Weibel’s model (1963) is one of the most widely 
adopted geometric frameworks for the respiratory system 
[126]. It represents a healthy adult lung with a total vol-
ume of ~ 4800 ml, of which 66% comprises alveoli. This 
landmark model laid the groundwork for developing ideal-
ized airway geometries and has informed a broad spectrum 
of experimental and computational studies leveraging its 
dimensional data [47, 59, 95, 130]. Weibel's Model A is a 
basic model with a symmetric tree structure. It posits that 
airways exhibit cylindrical geometry, and each bronchus 
symmetrically bifurcates into two other bronchial tubes 
through a regular dichotomy. This implies that the branch-
ing elements maintain consistent diameter, length, and angle 
with their parent, resulting in 2n elements in the n-th gen-
eration [126]. In Weibel’s Model A, airway divisions span 
G0–G16 for the tracheobronchial region, G17–G19 for res-
piratory bronchioles, and G20–G23 for alveolar ducts. All 
ducts and sacs in the respiratory zone are fully alveolated, 
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with each alveolus geometrically represented as a spheri-
cal segment [131]. Naturally occurring irregular dichotomy 
introduces variability in element dimensions and branching 
angles within the same generation.

To better reflect anatomical variability, Weibel proposed 
the “B” model to account for irregularities in lung struc-
ture. While the “A” model remains widely adopted, the “B” 
model has seen limited use despite its enhanced realism. 
Horsfield et al. (1971) later advanced asymmetrical mod-
eling approaches, contributing to more anatomically repre-
sentative frameworks [132]. This model prompted extensive 
research into asymmetry’s effects on aerosol deposition. 
While it specifies lengths, diameters, and branching angles 
for coplanar parent–daughter branches, real lung geometry 
varies notably across generations [42]. Similar to Weibel’s 
“B” model, it remains underutilized in scholarly studies 
[8]. Yet, the previously described simplistic models cannot 
predict the honest particle deposition patterns due to the 
complexity of the respiratory airway structure, which sig-
nificantly influences particle deposition.

For in vitro and in silico studies of airway dynamics, sub-
ject-specific realistic airway models are now favored over 
simplified idealized geometries. These models aim to accu-
rately capture the complex anatomical features of the res-
piratory system, enabled by advances in medical imaging—
particularly computed tomography (CT) scans. Magnetic 
resonance imaging (MRI), optical coherence tomography 
(OCT), electrical impedance tomography (EIT), positron 
emission tomography (PET), and lung ultrasound (LUS) 
are among the other biomedical imaging modalities used 
[133, 134]. By using an image registration approach, these 
imaging modalities are digitally rebuilt. Airflow and particle 

transport towards the lower airways have been the subject of 
very few published investigations. The lack of high-resolu-
tion CT scans and the high cost of computing have prevented 
researchers from thoroughly investigating aerosol deposition 
in this area. Therefore, using suitable mathematical models 
for the distal airways could be feasible [135, 136]. Figure 7 
demonstrates three phases involved in reconstructing the 
human respiratory airway [52, 59, 137, 138]:

•	 Image Acquisition: CT or MR imaging is used to obtain 
radiological cross-sectional images of the anatomical 
region. These images are saved in DICOM format, the 
standard file format for radiology images.

•	 Image Segmentation: This stage involves extracting 
regions to isolate specific anatomical structures, such as 
the airway. The airway is the Region of Interest (ROI) 
and it is separated from surrounding areas like bones or 
soft tissue.

•	 3D Regeneration and Refinement: The extracted airway 
region is exported into Standard Tessellation Language 
(STL) format files, which are then adjusted to enhance 
the smoothness of the connections and interfaces. The 
processed model can be prepared for manufacturing casts 
for in vitro studies or mesh generation for CFD simula-
tion.

Beyond One‑size‑fits‑all: Role of Anatomical Variations 
in CFD Modelling

The effects of geometric variability on airflow dynamics and 
aerosol deposition underscore the need for anatomically real-
istic models. Patient-specific factors—such as gender, age, 

Fig. 7   The reconstruction of the 
human respiratory airway.
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height, weight, and respiratory disorders—can be incorpo-
rated into deposition models. However, most current models 
rely on data from healthy individuals, limiting their applica-
bility for generalizing drug delivery outcomes [124]. CFD 
modeling is useful in assessing airway obstructions, which 
reduce airflow and limit aerosol deposition during inhala-
tion therapy due to narrowing from mucus or inflamma-
tion [100]. Conditions like cystic fibrosis, asthma, COPD, 
and pulmonary hypertension cause high local velocities 
and adverse pressure drops, leading to flow separation and 
increased impaction losses at deposition hotspots [139]. In 
patients using DPIs, worsening disease severity and stenosis 
reduce drug inhalation time and peak inspiratory flow rate 
[140]. Lower flow rates hinder de-agglomeration, leading 
to suboptimal drug release and larger particle deposition in 
the upper airway.

Furthermore, tracheal stenosis impairs breathing and 
damages the trachea [141]. Bhardwaj et al. [10] optimized 
inhalation therapy by analyzing glottal motion effects on aer-
osol deposition via a time-varying parabolic velocity profile. 
Three glottal expansion ratios—from static to 40% cross-
sectional growth—were tested. Dynamic glottal motion 
notably enhanced airflow and particle deposition during 
DPI use, with static glottis underpredicting deposition for 
smaller particles. Larger particles (5–10 μm) show reduced 
tracheobronchial deposition with a static glottis compared to 
dynamic glottal motion [10]. Kadota et al. [31] analyzed par-
ticle deposition in three COPD patients with varying sever-
ity, revealing distinct deposition patterns and distributions. 
Smaller particles, capable of reaching deeper lung regions, 
are preferred. These findings support tailored DPI and pow-
der formulations for COPD patients across severity levels.

Internal organs grow proportionally from infancy to 
adulthood, notably affecting lung capacity, alveolar size, 
and lung dimensions. These anatomical changes alter 
respiratory frequency [142, 143]. Understanding parti-
cle deposition requires considering age-dependent lung 
characteristics in children and adults [144]. Children 
experience higher MT deposition losses due to narrower 
extra-thoracic airways and lower inspiratory flow rates. 
Limited pediatric imaging data has constrained in silico 
age-dependent studies to theoretical models [145]. Con-
versely, aging reduces lung volume and respiratory capac-
ity [146]. Airway diameter and breathing patterns strongly 
influence deposition, yet are underexplored in younger 
populations. Das et al. [23] used age-specific inhalation 
maneuvers to improve aerosol distribution across ages 5 to 
adulthood. DPI simulations showed peak conducting air-
way deposition (~ 80%) at a Stokes number of ~ 0.06, while 
nebulizers reached ~ 45% within 0.03–0.04. These optima 
highlight the need to reassess inhalation treatment design 
for children. Islam et al. [4] analyzed polydisperse aerosol 
transport in individuals aged 50–70. Reduced airway size 

and flow rate increased deposition efficiency, with larger 
particles depositing more in the mouth-throat region. Air-
way dimensions and flow rates strongly influenced flow 
fields, and older lungs exhibited greater pressure drops 
than younger ones. Singh et al. [40] investigated aerosol 
deposition and transport in stenotic airways using three 
models: a healthy lung and two with left and right stenosis. 
Their findings, consistent with prior studies, showed that 
stenotic airways generate complex velocity fields based 
on numerical results. Airflow velocity is higher in stenotic 
regions than in healthy airways, and both particle size and 
flow rate enhance DE. Pressure peaks in the mouth-throat 
region, while stenotic areas show lower pressure. Overall, 
deposition fraction is greater in stenotic airways [40].

While most studies focus on lung generations up to G5, 
Rahman et al. [147] examined aging effects on particle depo-
sition and airflow from G0 to G14. With airway width and 
breathing capacity declining ~ 10% per decade after age 50, 
their study assessed particle TD in adults aged 50–70. Nearly 
all 20 μm particles deposited in upper airways (G0–G5), 
with none reaching G7. Smaller particles penetrate deeper 
airways; at 5 μm, over 48% reach beyond G14 into the lower 
respiratory tract. Aging reduces particle escape through air-
way generations, resulting in increased upper airway deposi-
tion. These findings support age-specific targeting in aero-
sol drug delivery [45, 148]. Xi et al. [149] investigated the 
influence of alveolar size on nanoparticle deposition using 
models containing 1, 4, and 45 alveoli. Their findings reveal 
that larger alveoli exhibit reduced nanoparticle retention, 
especially for fine particles (100–800 nm), which are more 
size-sensitive than ultrafine particles (1–100 nm).

Rahman et al. [46] reported an 83% increase in pressure 
drop in stenotic models versus healthy ones. Higher particle 
size or flow velocity diminishes the influence of the diffu-
sion mechanism.

Statistical shape modeling (SSM), a computer vision 
technique, facilitates parametric anatomical model genera-
tion. Xi et al. [150] applied SSM to 40 lung models, pro-
ducing infinite parameterized geometries that capture key 
morphological features—supporting realistic respiratory 
analysis and model development. The adjoint method ena-
bles efficient sensitivity analysis and aerodynamic optimi-
zation. Talaat et al. [151] applied adjoint–CFD modeling to 
assess airway morphology effects on Acetaldehyde and Ben-
zene deposition, confirming its utility for shape-dependent 
dosimetry under steady inhalation.

Huang et  al. [48] assessed how mouth-throat geom-
etries— US Pharmacopeia throat (USP), idealized mouth-
throat (IMT), and realistic mouth-throat (RMT) mod-
els—affect small particle deposition. RMT produced more 
uniform particle dispersion and consistent pharyngeal/
laryngeal deposition, with reduced mouth/tracheal deposi-
tion. Deposition fraction varies significantly with biological 
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sex; males typically have larger airway cross-sections during 
early lung development [152].

Mesh Independence and the Role of Moving Mesh 
and Viscoelastic Modeling in CFD

When performing the simulations of 3D airway models, 
a mesh independence test is essential to achieve optimal 
balance between computational efficiency and accuracy. 
Mesh independence is established by comparing fluid flow 
parameters  across various grid configurations, such as 
velocity profiles and regional particle depositions at key 
cross-sections. For finite volume methods, the 3D model 
can be meshed using hexahedral, polyhedral, or tetrahedral 
elements, with prism layers in the near-wall region to cap-
ture near-wall boundary layer effects better [34]. Numeri-
cal errors, though inevitable, can be minimized through 
the appropriate refinement of the mesh and the selection 
of proper numerical schemes. Furthermore, high local mesh 
resolution is required to obtain accurate estimates of near-
wall derivatives, particularly in capturing the boundary layer 
transitions from laminar to turbulent flow. To accurately 
resolve the viscous sub-layer, maintaining the first prism 
layer at a dimensionless wall distance (y+) below 1 is essen-
tial. For example, the shear stress transport (SST) transition 
model uses the y + < 1 criterion to accurately capture the 
viscous sub-layer [153]. In this context, y + represents the 
dimensionless distance from the wall or the local near-wall 
Reynolds number, as defined in Eq. (24).

where �w is the wall shear stress, and y is the absolute dis-
tance to the closest wall [154].

During both inhalation and exhalation, the dynamic inter-
actions between lung tissue and airways are correctly rep-
resented by the CFD thanks to the moving mesh approach 
[16]. This approach enables a more precise simulation of 
airflow and particle movement, essential for investigat-
ing inhaled medications'distribution in the lungs. When 
modeling medication aerosol distribution in the lungs, the 
moving mesh approach takes into account airway expan-
sion and contraction, as well as lung tissue viscoelasticity 
[129]. The fluid–structure interaction approach clearly shows 
the viscoelastic effects of the respiratory tract wall in liv-
ing tissue. The accuracy of the reaction can be significantly 
enhanced by using a viscoelastic dynamic mesh, such as 
the moving deforming mesh [134]. Assessing low Reynolds 
number flows (Re < 1) in the submillimeter human pulmo-
nary acinus is experimentally challenging [155]. Sznitman 
et al. [128] modeled resting tidal breathing using rhythmic 
moving-wall boundary conditions. Their results demonstrate 

(24)y+ =
y

�

√
�w
�

that alveolar flow patterns under wall motion differ strik-
ingly from rigid-wall simulations, underscoring the neces-
sity of incorporating inherent wall motion for realistic acinar 
flow understanding. By extending from generation 10 of the 
central conducting airways to the pulmonary acinar region, 
Koullapis et al. aim to forecast deposition during a complete 
breathing cycle in a simplified approximation of the deep 
lung. Incorporating a physiologically realistic model of the 
acinar region sets this study apart from previous efforts. This 
model enables the simulation of deposition over a complete 
breathing cycle [29, 66].

To mimic various breathing patterns resulting from 
negative alveolar pressure, Kolanjiyil et al., introduced a 
wall-displacement boundary condition at the bottom sur-
face of the first-generation whole-lung-airway model, in 
their study [47, 156]. In addition, numerous inhalation/
exhalation scenarios (rest, exercise, etc.) were implemented 
by manipulating the wall/mesh displacements to replicate 
realistic breathing patterns [47]. Exploring the effects of 
airway deformation on air-particle dynamics, Zhao et al. 
[5] utilized a disease-specific elastic truncated whole-lung 
model. The results showed significant differences in air-par-
ticle flow estimates between static and elastic lung models, 
highlighting the critical importance of airway deformation 
kinematics modeling in whole-lung models. The continuity 
and Navier–Stokes equations with a moving boundary can 
be expressed as:

where u is the fluid velocity, umesh is the velocity of the mov-
ing mesh, and p is the pressure. � and � are the density and 
viscosity of air, respectively. umesh can be given by �x

�t
= 0, 

where x is related to the local position of the wall boundary.

Computational Challenges and Cost‑saving Strategies

One notable drawback of using CFD in pulmonary drug 
delivery is the significant computational expense involved. 
The complex simulation of airflow patterns, particle behav-
ior, and their interaction with complex lung structures 
demands significant computational resources and lengthy 
simulation times [16]. There have been efforts in recent 
years to address this issue. By decomposing the tree accord-
ing to the flow similarity throughout the central conducting 
regions during sinusoidal breathing, Koullapis et al. [29] 
reported a reduction in processing cost. Finally, airflow and 
particle transport are simulated in one typical bifurcation 
for a given generation and one representative sub-acinus 

(25)�(u − umesh)

�x
= 0,

(26)
�u

�t
+
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unit, resulting in significant computational cost reductions. 
In an additional investigation, they evaluated regional aero-
sol deposition influenced by mouth-throat geometry using 
a cost-effective LES approach at inhalation flow rates of 30 
and 60 L/min [57]. Variations in the flow field across three 
extra-thoracic geometries mostly vanished beyond the major 
bifurcation. If patient-specific particle escape distributions 
are known or predictable, regional tracheobronchial deposi-
tion can be accurately estimated. These results provide hope 
for large computational cost savings, particularly in the con-
text of in silico population studies, where the precomputed 
flow field and aerosol size distribution from standardized 
mouth-throat models can be applied to a large number of 
tracheobronchial trees found in chest-CT databases, reduc-
ing radiation exposure for the patient [57]. Kolanjiyil and 
colleagues combine 1D and 3D geometries to model the 
entire lung structure, offering a cost-effective approach for 
analyzing particle transport [156]. Initially, the respiratory 
tract geometry is depicted as a 3D configuration from the 
mouth to the trachea, followed by the consolidation of all 
succeeding airways into a 1D conduit that expands exponen-
tially [156]. Similar research was done by Kolanjiyil et al., 
who effectively analyzed aerosol dynamics computationally 
and compared the results to those of in vivo data [47]. The 
whole-lung airway model configuration includes personal-
ized upper airways from the nose/mouth to approximately 
generation 3, subsequently linked to adaptable triple bifurca-
tion units (TBUs). Using morphometric data of human lung 
casts, these TBUs are arranged in series and parallel to cover 
the remaining generations.

Powder Characteristics: Impact on Flowability 
and Lung Deposition in Numerical Study

Dry powder inhalers (DPIs) use carrier-based formulations, 
where fine drug particles are blended with larger lactose 
carriers (50–200 μm) for uniform distribution and effective 
delivery [24]. The powder is capsule-loaded and released 
upon rupture. Proper inhaler mechanics are essential for 
de-agglomerating particles and ensuring drug detachment 
for targeted lung delivery [157]. Common dry powder pro-
duction methods for pulmonary drug delivery include spray 
drying, spray freeze-drying, milling, and supercritical fluid 
techniques [158, 159]. These approaches yield powders with 
optimal particle size, shape, and properties for efficient lung-
targeted inhalation therapy. Various physicochemical prop-
erties of medications and excipients play a crucial role in 
determining the characteristics of a formulation. It is essen-
tial to strike a balance between the removal forces during 
inhalation and the adhesion forces between the drugs and 
carrier particles to guarantee efficient distribution of small 
drug particles [86, 160].

Metrics for Quantitation Aerosol Drug Delivery 
Performance

Aerosolization performance is evaluated via stationary 
testing using key metrics: mass median aerodynamic 
diameter (MMAD)—the diameter at which 50% of particle 
mass lies above and below; fine particle fraction (FPF)—
the proportion of particles < 5.0 μm; and emitted dose 
(ED)—the amount of drug exiting the device and reaching 
the patient's mouth [161]. Testing is conducted under fixed 
flow rate and volume conditions. It is commonly assumed 
that a combination of high FPF, high ED, and low MMAD 
will reduce upper respiratory tract depositional waste and 
a higher aerosol delivery efficiency to the deep lung. On 
the other hand, the deposition efficiency (DE) and deposi-
tion fraction (DF) may be used to quantify the localized 
drug particle deposition in the respiratory tract of humans 
as follows.

Mechanisms of Aerosol Deposition in Respiratory Airways

Numerous factors influence powder characteristics, as 
illustrated in Fig. 8. Particle interaction with airway walls 
depends on size and airflow dynamics and is governed by 
inertial impaction (3–6 μm), gravitational sedimentation 
(1–3 μm), Brownian diffusion (< 1 μm), and turbulent dis-
persion [117, 162]. Additional factors such as electrostatic 
charge, coagulation, and physicochemical properties fur-
ther impact particle transport and deposition [38]. Upper 
airway aerosol deposition is primarily governed by impac-
tion, driven by high airflow velocities and abrupt directional 
changes. Particle inertia causes deviation from streamlines 
and wall collisions, with larger particles exhibiting greater 
impaction propensity due to size [53]. In deeper, narrower 
lung airways, particles tend to deposit via diffusion and sedi-
mentation due to reduced velocities and prolonged residence 
times. Larger particles primarily settle by sedimentation, 
while sub-micron particles deposit through Brownian diffu-
sion [115]. At modest flow rates, gravitational sedimentation 
also becomes prominent in larger airways during targeted 
drug delivery [163]. Turbulent dispersion also contributes to 
small particle deposition, as flow irregularities alter particle 
trajectories [53]. Following deposition, species absorption 
begins due to concentration gradients between air, tissue, 
and across tissue layers. Substances dissolve in the mucus 

(27)

DE =
The quantity of particles deposited in a particular region

The quantity of particles entering this specific region

(28)

DF =
The quantity of particles deposited in a particular region

The quantity of particles entering through the mouth in let
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layer, permeate underlying tissues, and are ultimately cleared 
via the bloodstream [99, 100].

Essential Characteristics of Inhalable Powders for Accurate 
CFD Modeling

Both pharmaceutical and environmental aerosols exhibit 
complex size distributions, with particle size being the key 
determinant of deposition throughout the respiratory tract 
[58]. Inhaled aerosols typically range from 0.01 to 100 μm 
and may exist as solid particles or liquid droplets [124]. Effec-
tive delivery to deep lung airways via DPIs requires particles 
with aerodynamic diameters between 1–5 μm. CFD simula-
tions primarily aim to predict the fine particle fraction (FPF) 
capable of reaching these regions. Since a portion of inhaled 
particles inevitably deposits outside the target zone, safety and 
potential adverse effects of inhalation therapy warrant care-
ful consideration [164]. Particle deposition in the respiratory 
tract varies with aerodynamic size: 20–30 μm in the pharynx, 
10–20 μm in the larynx, 8–10 μm in the trachea, 5–8 μm in the 
bronchial tube, 3–5 μm in the bronchiole, and 0.5–3 μm in the 
alveoli [165]. Larger particles deliver higher doses but tend 
to deposit in central airways, whereas smaller particles reach 
peripheral regions with lower delivered doses [30].

Additionally, aerosol particle size can undergo dynamic 
changes due to coagulation, condensation, and evaporation. 
Hygroscopic particles enlarge in response to elevated mois-
ture and relative humidity in the respiratory tract. Water 
droplets from nebulized aqueous formulations experience 
rapid evaporation or condensation, altering particle behav-
ior and deposition patterns. Humidity affects lactose-based 
DPI formulations by smoothing rough particle surfaces and 
forming solid bridges, especially among amorphous and fine 
particles [166]. Moisture sorption increases cohesive forces, 

impeding flow and aerosolization, and promoting larger non-
inhalable agglomerates [167]. Additionally, relative humid-
ity significantly alters electrostatic interactions, impacting 
triboelectric charging and aerosolization efficiency [168]. 
Furthermore, it appears that the rise in the rise in the upper 
airway is hygroscopic growth, which results in increased 
inertial impaction. Compared to hydrophobic particles, 
hydrophilic particles are more likely to absorb water, reduc-
ing the effectiveness of pulmonary administration. Applying 
modified hydrophobic agents to the surface of particles is a 
widely recognized and useful tactic [169, 170].

The morphology and porosity of inhaled particles critically 
affect drug distribution across respiratory regions. Modifying 
non-spherical shapes enhances penetration, deposition, and 
functional performance [171]. Morphological discrepancies—
particularly between elongation and sphericity—strongly 
influence deposition patterns of inhaled formulations [95]. 
Elongated carriers offer a distinct advantage over spheri-
cal ones, facilitating drug deposition in the lower airways 
and achieving higher FPF values. This phenomenon could 
be attributed to the reduced cross-sectional area of non-
spherical particles, leading to lower opposing drag forces as 
described by Eq. (29) where CD is the drag coefficient. While 
an increased elongation ratio (ER) positively impacts pulmo-
nary delivery, there is an optimal point beyond which further 
increases in ER do not significantly affect the FPF [172].

Ohsaki et  al. [41] demonstrated that particle shape 
significantly influences deep lung deposition. In a sim-
plified respiratory model, rod-shaped particles with 
higher aspect ratios achieved enhanced penetration due 
to their longitudinal alignment with high-velocity flow. 

(29)FD = 0.5�u2CDA

Fig. 8   Key factors influencing 
particle flowability and resulting 
lung deposition.



	 Pharmaceutical Research

Additionally, Tomahawk-shaped particles exhibited supe-
rior deposition compared to cylindrical forms, attributed 
to their unique drag characteristics. Cylindrical drug 
particles exhibit superior cellular absorption efficiency 
compared to spherical forms [41, 95]. Amorphous materi-
als—commonly generated via spray drying—enhance the 
bioavailability of poorly water-soluble drugs and possess 
lower densities than their crystalline counterparts, facili-
tating improved formulation flexibility for standalone or 
combination therapies [173]. Particle density is another 
key attribute that directly influences the aerosolization 
behavior of particles. To determine the bulk density ( �b ) 
of a powder, a set procedure involves measuring the vol-
ume of a known weight of the powder that falls under its 
weight into a calibrated measuring cylinder. To determine 
the tapped density ( �t ) of the same samples, a different 
method was employed using a tamping volumeter. The 
volumeter was used to tap the powder repeatedly until no 
further change in volume was observed, thereby giving 
the tapped density value. Each density was determined 
by dividing the mass of the sample by the volume. The 
following formulas were used to calculate Carr’s com-
pressibility index ( CI  ) and Hausner’s ratio ( HR ) [174].

Carr’s Index reflects powder flowability, with val-
ues < 25% indicating good flow and > 25% suggesting a 
tendency to agglomerate. Lower Carr’s Index values are 
generally associated with enhanced aerosolization. Simi-
larly, Hausner Ratio (HR) < 1.25 signifies freely flowing 
powders, whereas HR > 1.25 indicates poor flowability 
[175, 176]. Particles with tapped densities below 0.4 g/
cm3 are considered beneficial for inhalation therapy [177]. 
Reduced powder density enhances FPF by extending air-
borne residence time. Porous, low-density particles con-
sistently demonstrate superior performance in pulmonary 
drug delivery. Surface roughness markedly affects API 
(Active Pharmaceutical Ingredient)–carrier adhesion, 
influencing de-agglomeration and drug interactions via 
particle surface energies, as shown through atomic force 
microscopy (AFM) and cascade impactor experiments 
[178]. Like elongation ratio, surface roughness exhibits an 
optimal threshold; beyond this, excessive corrugation may 
hinder rather than enhance performance [179]. In contrast 
to physiological reality, many of these critical factors are 
neglected in computational simulations, resulting in sig-
nificant deviations from corresponding in vivo and in vitro 
experimental results.

(30)CI =
�t − �b

�t
∗ 100

(31)HR =
�t
�b

Validation of Computational Outcomes 
with Corresponding Experimental Findings In‑vitro 
& In‑vivo

CFD modeling of flow within inhalers and airways is increas-
ingly utilized to analyze fluidization, disaggregation, transport, 
and deposition processes. When integrated with in vivo and 
in vitro experiments, these simulations can guide innova-
tive inhaler design. However, validation remains limited due 
to diverse modeling approaches and assumptions regarding 
inhalation dynamics, powder properties, and lung geometry. 
Even basic models require further adjustments to account 
for complex phenomena such as evaporation, condensation, 
agglomeration, and drug–wall interactions—necessitating 
empirical data for accurate calibration and verification [106, 
180, 181]. Clinical approval of new or generic drugs/products 
requires bioequivalence, either in vivo or in vitro [182, 183]. 
Advanced nuclear imaging—such as 2D gamma scintigra-
phy, single photon emission computed tomography (SPECT), 
and positron emission tomography (PET)—traces in vivo 
deposition when aerosols are tagged with radioactive markers. 
These techniques are vital for designing respiratory delivery 
systems like DPIs, pMDIs, and nebulizers, enabling precise 
assessment of drug distribution [17, 21, 184]. On the other 
hand, in pharmacokinetic studies, lung deposition is estimated 
from drug concentrations in blood and urine samples collected 
post-administration, offering a non-invasive view of its res-
piratory distribution [185–187]. Although particle deposition 
has been studied in human tissues and animal models, ethical 
concerns and radiation risks significantly limit experimental 
research. These constraints prioritize patient safety. Moreover, 
radio-nuclide imaging is complicated by the need for precise 
drug labeling to preserve aerodynamic properties critical for 
targeted delivery. Obtaining high-resolution spatial data to 
quantify particle behavior in human lung airways remains 
difficult, yet such detail is vital for evaluating links between 
exposure levels, absorption rates, and health outcomes [28, 
38, 188, 189]. Pharmacokinetic approaches offer only rough 
estimates of total pulmonary deposition, lacking information 
on precise deposition sites.

In vitro techniques provide precise geometric parameters, 
allowing systematic investigation of particle size and flow 
rate effects on pulmonary drug accumulation. This widely 
adopted method enables direct comparison with numerical 
simulations using identical geometries. Advances in biome-
chanical geometry using CT and MRI reconstructions enable 
highly detailed anatomical models [134]. In vitro studies 
remain standard for assessing particulate deposition in lower 
airways and validating CFD findings. Historically, airway 
casts—made by injecting hardening agents into hollow 
organs like the lungs—were among the first methods to rep-
licate respiratory anatomy [190, 191]. Moreover, 3D printing 
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of lung models represents a major medical advancement, 
offering new opportunities for treatment and research. Few 
teams have explored 3D-printed molds [60]. Unlike in vitro 
benchmarks, validating CFD aerosol forecasts via in vivo 
data remains rare. Lab-made replicas still fall short of the 
lung's intricate structure and are costly and time-consuming, 
limiting routine use [124].

Airspeed at the mouth inlet is experimentally assessed 
using techniques like Laser/phase-Doppler anemometry and 
Magnetic Resonance Velocimetry (MRV), though meas-
urements are limited to the mouthpiece outlet. CFD is thus 
employed to model inhaler and lung dynamics. While simu-
lations often assume uniform inlet velocity, realistic profiles 
improve particle deposition predictions [42, 192–194].

Accurate CFD–in vivo agreement relies on precise initial 
estimates of particle size distribution (PSD), highlighting the 
synergy between in vitro and computational methods. PSD 
is typically measured across various inhalation flow rates 
using cascade impactors such as Andersen Cascade Impactor 
(ACI), the Multistage Liquid Impinger (MLI), the Marple-
Miller Impactor (MMI), and the Next Generation Impactor 
(NGI). These instruments are endorsed by both the United 
States Pharmacopoeia (USP) and the European Pharmaco-
poeia (EP) for standardized assessments [195–197]. The 
descending cut-off diameter at lower stages enables deter-
mination of aerodynamic diameter distribution. Impactors 
operate at a constant flow rate, typically generating a 4 kPa 
pressure drop across the DPI via vacuum pump. While they 
don't replicate lung geometry, they yield valuable data on 
drug characteristics for therapeutic input. However, cascade 
impactors struggle to assess particle reachability in com-
plex airway structures. NGI-based DPI experiments feature 
a pre-separation chamber followed by multiple stages for 
fine particulate collection. To prevent particle rebound, 
impactor stages are coated with a tween80 ethanolic solu-
tion. Drug quantification is typically performed via HPLC 
analysis [198, 199]. Nebulizer-generated aerosol sizes are 
measured in chilled NGI setups, allowing rapid particle con-
densation and staged collection [30]. These tests yield key 
metrics—FPF, MMAD, and Geometric Standard Deviation 
(GSD)—crucial for characterizing aerosol size distribution 
and aerodynamic behavior.

They are determined based on the specific cut-off diam-
eter and the flow rate used during the tests. For instance, the 
NGI has defined cut-off diameters that are outlined in the 
Copley report [200], which serve as a standard reference for 
these measurements according to Table I:

As shown in Fig. 9 from our prior work, velocity mag-
nitude, airflow streamlines, pressure contours, polydisperse 
particle deposition patterns, and cross-sectional velocity 
contours were analyzed during a 60 L/min inhalation cycle. 
The formulation was examined via in vitro 3D printing and 

CFD simulation using realistic airway geometry. The model 
employed the k-ω SST turbulence model for the continu-
ous phase and Lagrangian-DEM for the discrete phase in 
ANSYS Fluent.

Tables II and III provide a comprehensive overview of 
contemporary studies in the domain of CFD applied to pul-
monary drug delivery systems based on geometry type. They 
delineate each study according to a set of criteria: particle 
size, CFD models utilized, flow rates, geometries, compu-
tational platforms employed, any associated experimental 
methodology, and the primary objectives of each research 
paper.

Challenges and Future Perspectives

Due to its practical applications, the study of airflow patterns 
and particle transport within the lungs has gained increased 
attention among biomedical engineering researchers. How-
ever, developing precise and effective numerical respiratory 
tract models remains challenging. This difficulty arises from 
the complex structure of the airways, the intricate behavior 
of airflow, and the complexity of aerosol mechanics, all of 
which require substantial computational resources. Oversim-
plified assumptions in computational analyses have also led 
to inaccuracies compared to real biological conditions. A 
cross-disciplinary foundation is essential for conducting sci-
entifically sound CFD simulations of lung aerosol dynamics.

Few studies have investigated airflow and particle trans-
port in complete lung models under realistic conditions, due 
to limited CT data and high computational demands. Con-
sequently, most CFPD models focus on segments like the 
mouth-to-bronchial region or alveoli. Future research should 
develop more anatomically accurate models—including 
deeper, asymmetrical pathways—to enhance drug delivery 
simulations. Precise airway reconstruction and mesh genera-
tion remain critical to these efforts. Most lung aerosol simu-
lations use a single airway model and overlook individual 
variability in airflow and deposition. These models are typi-
cally derived from healthy subjects, neglecting anatomical 

Table I   NGI cut-off Diameter (µm) according to Copley report [200]

15 L/min 30 L/min 60 L/min 100 L/min

Stage1 14.1 11.72 8.06 6.12
Stage2 8.61 6.4 4.46 3.42
Stage3 5.39 3.99 2.82 2.18
Stage4 3.3 2.3 1.66 1.31
Stage5 2.08 1.36 0.94 0.72
Stage6 1.36 0.83 0.55 0.4
Stage7 0.98 0.54 0.34 0.24
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Fig. 9   A visual example of a) velocity magnitude with streamlines of airflow, b) contours of pressure distribution, c) deposition patterns for 
polydisperse particles, and d) contours of velocity magnitude at various cross-sections during an inhalation cycle with a flow rate of 60 L/min 
[9].
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and physiological differences in patients with respiratory 
conditions. Additionally, studies often exclude inhalation 
devices, ignoring potential losses of powder in the device 
or capsule and airflow.

Many studies overlook the viscoelastic behavior of air-
way walls. Incorporating dynamic meshes that simulate wall 
motion and deformation can enhance model accuracy, espe-
cially in conditions like COPD. Small aerodynamic particles 
may be exhaled if not effectively deposited, yet exhalation is 
often excluded from analyses. Breath-hold practices are also 
frequently omitted. Moreover, most models rely on steady 
flow rates rather than replicating realistic in vivo breathing 
patterns.

A major limitation of CFPD models is their inability to 
fully represent complex aerosol physics, including colli-
sions, electrostatic effects, phase changes, and agglomera-
tion dynamics. Many studies simplify by assuming aerosols 
are non-hygroscopic and uncharged. One-way coupling 
neglects particle-induced airflow modifications and inter-
particle interactions. Accurate modeling requires detailed 
aerosol characterization—such as FPF, MMAD, and den-
sity—typically derived from in vitro data. Moreover, most 
aerosols are nonspherical (e.g., fibrous), but CFD models 
often assume sphericity, reducing accuracy in deposition 
predictions.

Efficient pulmonary delivery of nanoparticles remains 
challenging, as nanoparticles that minimally deposit 
in the lungs may be exhaled. A promising solution 
uses"Trojan"particles, in which nanoparticles are encap-
sulated within microparticles [9]. Once in the lungs, the 
microparticles dissolve, releasing the nanoparticles. This 
approach combines the favorable aerodynamic properties of 
microparticles with the clearance-evading characteristics of 
nanoparticles, enhancing therapeutic delivery and retention 
in the lungs. This scenario is rarely explored in CFD studies 
despite its relevance to advanced drug delivery technologies 
like liposomal dry powder formulations.

Emerging Pharmacokinetic/Toxicokinetic (PBPK/TK) 
models, when integrated with CFPD models, provide a novel 
method for predicting the fate of substances after deposition 
and absorption in the respiratory tract based on mass trans-
fer equations [27, 201–203]. This process can model how 
particles permeate airway walls, forecast plasma, tissues, 
and urine concentrations, and predict drug and metabolite 
accumulation. These models simulate the transport of aero-
sols to organs through the blood, mucus/tissue diffusion, air-
tissue absorption, and convection–diffusion in the airways 
[78, 196].

AI algorithms analyze medical data—respiratory sounds, 
CT/MRI images, and clinical records—to detect early lung 
disease and enhance diagnostic accuracy. In the future, 
integration of AI with CFD will facilitate personalized 
lung modeling and targeted drug delivery by optimizing Ta
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medication deposition in affected regions [204]. ML 
(machine learning) techniques (e.g., SVMs, ANNs, CNNs, 
NLP) support tasks like classification, regression, and seg-
mentation [205–212]. Future work should explore conver-
sational AI for patient interaction, enhancing image and 
sound processing techniques, and utilizing underexplored 
data sources.

Conclusion

Understanding the dynamics and deposition of aerosol parti-
cles in the pulmonary pathways is essential for assessing health 
risks and evaluating the effectiveness of drugs delivered to 
the lungs. Consequently, CFD simulations of aerosol medica-
tion delivery and deposition have been a key area of research 
over the past two decades. The evidence in this review dem-
onstrates that in silico simulations can accurately assess and 
predict aerosol deposition patterns in the respiratory system, 
improving the precision of drug inhalation treatments. This 
paper reviews numerical modeling of pulmonary drug delivery 
from mouth to lungs, covering governing equations, forces, 
boundary conditions, lung geometry effects, powder charac-
teristics, and validation with in vitro/in vivo data.

Aerosol drugs are typically delivered orally to improve 
lung penetration and therapeutic efficacy. Both 1-D and 3-D 
CFD models aid in understanding aerosol transport. While 
1-D models simplify airway geometry and flow dynamics, 
they overlook key deposition factors. In contrast, 3-D CFD 
simulations account for breathing patterns, aerosol proper-
ties, wall interactions, and dynamic geometries—realistic 
or idealized—via numerical particle and airflow solutions.

Aerosol dose deposition in the lungs can be evaluated 
using in vivo, in vitro, or in silico approaches. In vivo meth-
ods are commonly used to assess drug delivery effective-
ness but are limited by high costs, labor-intensive aerosol 
labelling, technical challenges, low resolution, and radia-
tion risks. In vitro experiments use human airway models to 
study aerosol deposition but are costly and provide limited 
detail, especially for small airway structures where airflow 
is hard to measure. Due to the lungs'complex structure and 
challenges in measuring local deposition, there remains a 
lack of direct correlation between in vitro and in vivo aerosol 
inhalation studies.

In silico methods offer a practical way to assess aero-
sol flow and deposition in hard-to-reach lung areas. These 
methods incorporate variations in lung geometry, breathing 
patterns, and aerosol properties into CFD models, providing 
a fast, cost-effective, and non-invasive approach with sig-
nificant clinical benefits for treating respiratory diseases like 
asthma and COPD. CFD models calculate airflow fields with 
laminar and turbulent flows by solving Navier–Stokes equa-
tions. Most simulations use RANS methods with turbulence 

models, typically favoring the k-ω-SST model. However, LES 
models are gaining popularity due to reduced computational 
costs compared to DNS, though their use in inhaler analysis 
remains limited. As computing power advances, DNS will 
allow more precise simulations.

Numerical solutions of algebraic equations use spatial 
meshing and finite differences, such as Taylor series, to 
approximate derivatives. The Lagrangian framework models 
aerosols as discrete entities in a continuous flow, facilitat-
ing analysis of turbulence and wall interactions. Advances 
in computational tools have made CFD models, integrated 
with DPM and DEM, essential for predicting airflow, parti-
cle dynamics, and aerosol dispersion. Particle motion is gov-
erned by forces like drag and gravity, while others—Saffman 
lift, buoyancy, Basset force, Brownian motion, and virtual 
mass—are typically negligible for micron-sized particles.

Lung models are categorized as idealized for basic 
mechanics or realistic for detailed analyses. Advances in 
imaging have led to CT/MR-based models that capture the 
complex lung branches for enhanced in vitro (airway repli-
cas) and CFD studies. Accurate lung physiology simulation 
requires setting the correct boundary conditions. Various 
methods for determining flow rate/velocity include constant 
peak inspiratory flow rate, velocity based on inlet radius, 
sinusoidal parabolic velocity profiles, and realistic time-
based inhalation patterns.

Key factors influencing aerosol behavior and lung deposi-
tion include particle size, morphology, surface texture, density, 
moisture affinity, and crystalline structure. Deposition mecha-
nisms include inertial impaction for particles sized 3–6μm, 
gravitational settling for particles 1–3μm, and Brownian 
motion for particles smaller than 1μm. Inertial impaction is the 
primary mechanism for deposition in the upper airways, while 
larger particles settle by gravity and smaller particles deposit 
via diffusion. Effective integration of in silico simulations with 
in vivo and in vitro experiments can lead to the development of 
new inhaler technologies and powder formulations.

Laser/Phase-Doppler anemometry or Magnetic Reso-
nance Velocimetry can be used for experimental airspeed 
measurements at the mouthpiece outlet. The accuracy of 
CFD predictions depends on precise initial particle size dis-
tribution (PSD) calculations, underscoring the need to com-
bine cascade impactors with computational methods. Inter-
disciplinary knowledge is essential for precise CFD studies 
of aerosol dynamics in the lungs. Limited CT scan detail has 
hindered research into aerosol behavior in the lower airways. 
Delivering drugs to the lungs using CFD incurs significant 
computational costs due to the complexity of airway struc-
tures, dynamic airflow, and aerosol mechanics, requiring 
extensive computational effort. Various simplifications have 
been employed to mitigate these challenges.

The most frequently employed simplifications in schol-
arly works include the following:
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•	 Current modeling often uses idealized or realistic 
geometry based on healthy individuals, neglecting to 
represent the diverse airway structures of patients with 
respiratory conditions and not considering differences 
in gender, age, height, and weight.

•	 Existing lung models, assuming rigid walls and static 
airways that ignore lung movement, lack physiological 
accuracy, and can’t predict disease-specific airflow.

•	 Many studies assume a steady state condition or use 
constant inlet flow, which lowers the accuracy of depo-
sition predictions. Realistic breathing simulations that 
reflect actual conditions as a time function are more 
accurate than the commonly used steady flow rate.

•	 Many studies only consider inhalation, omitting exha-
lation, yet both are vital for understanding respiratory 
mechanics. Furthermore, advised breath holding after 
inhalation is often disregarded in most CFD studies.

•	 Most studies tend to ignore the significance of the inha-
lation device, concentrating exclusively on examining 
the lungs. As a result, such research does not consider 
the possible drug loss in the capsule or the device or 
the potential reduction in airflow.

•	 One of the major hurdles faced by models in CFPD is 
their limited capacity to represent complex aerosol physics 
accurately. This encompasses particle collisions, electro-
static forces, and the condensation/evaporation or agglom-
eration/deagglomeration dynamics of particles.

•	 To fully grasp the process via CFD, accurate aerosol 
characterization is crucial. FPF, Mass MMAD, and den-
sity are key parameters that must be carefully assessed 
through in vitro studies, which are often overlooked

•	 In practice, most aerosol particles are not spherical, often 
taking on fiber-like, anisotropic shapes. However, CFD 
studies usually presume spherical shapes, resulting in 
discrepancies in the anticipated deposition patterns.

•	 Using RANS models over LES and DNS and omitting 
certain forces in Newton’s law results in a less accurate 
representation of reality.

Simulations can provide precise and valuable results, 
including three-dimensional velocity and pressure profiles, 
as well as mean velocity measurements across key cross-sec-
tions. They can also demonstrate particle dispersion patterns 
in a 3D model, calculate DF and DE under various scenarios 
(such as changes in flow rate, air inlet patterns, pulmonary 
and particulate geometry, and different forces), and allow for 
comparison with empirical laboratory data.

We hope the data presented in this review will serve as a 
useful resource for identifying pulmonary conditions and map-
ping therapeutic aerosol deposition. This would represent a key 
step toward improving global health, reducing fatalities, and 
achieving the third Sustainable Development Goal.
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