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 A B S T R A C T

CFD–DEM simulations of industrial fluidized beds suffer from a major computational bottleneck: simulating 
one second of physical time often requires hours of wall-clock time on modern computer hardware, with 
hundreds of processors, which makes long-term process analysis impractical. Recurrence-based CFD (rCFD) 
addresses this challenge by exploiting pseudo-periodic flow patterns to extrapolate short CFD–DEM simulations 
over extended time periods, but experimental validation of such time-extrapolated predictions has remained 
absent. To our knowledge, this is the first rigorous experimental validation of rCFD against internal full-field 
magnetic resonance imaging (MRI) measurement of a cylindrical fluidized bed (96 mm inner diameter, 600 mm
height) operated with poppy seeds (𝑑32 = 1.16 mm) at 1.5 𝑢𝑚𝑓 .

First, CFD–DEM predictions were validated against MRI measurements by comparing four drag models 
(Koch & Hill, Di Felice, Gidaspow, Beetstra) across multiple metrics: bed expansion dynamics, bubble size 
distributions, radial particle distributions, and bubble rise velocities. The Koch & Hill model demonstrated 
superior agreement, capturing mean bed heights within a deviation of 0.9 cm of MRI data (17.7 cm vs. 
16.8 cm respectively) and correctly predicting most of the bubble formation patterns observed experimentally. 
Fast Fourier Transform analysis of the validated CFD–DEM data revealed a characteristic recurrence period of 
0.27 s, enabling construction of a 5 s rCFD database.

Time-extrapolated rCFD simulations to 10 s maintained excellent agreement with extended MRI measure-
ments, preserving bed expansion behavior, bubble size–velocity correlations without drift or spurious behavior. 
The approach achieved a 4, 050× computational speed-up, reducing the wall-clock time from 4.5 h to 4 s per 
simulated physical second while pursuing predictive accuracy. This validated methodology enables previously 
intractable applications, including real-time process optimization, parametric design studies, and digital twin 
development for industrial fluidized bed setups.
. Introduction

Fluidization describes the transition of a fixed bed of solid particles 
nto a fluid-like state when a gas stream is introduced through a 
istributor plate at the bottom of the apparatus. When the upward 
rag force exceeds the gravitational force, particles become suspended 
nd exhibit fluid-like behavior. The minimum superficial gas velocity 
equired to achieve this transition is termed the minimum fluidization 
elocity (𝑢𝑚𝑓 ). Fluidized beds offer distinct advantages for industrial 

I This article is part of a Special issue entitled: ‘Granulation 2025’ published in Chemical Engineering Research and Design.
∗ Corresponding author.
E-mail address: shaik.asif@tuhh.de (A. Shaik).

gas–solid processes: efficient solids handling, uniform temperature dis-
tribution, large interfacial area for mass transfer, and high heat transfer 
coefficients.

Fluidized bed technology has transformed chemical manufactur-
ing, energy production, and materials processing over the past few 
decades. The technology enabled breakthrough processes including 
fluid catalytic cracking, coal gasification, polyolefin production, and 
pharmaceutical coating (Chew et al., 2022; Zapater et al., 2024). Supe-
rior mixing characteristics and particle–gas contact efficiency facilitate 
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process intensification through reduced reaction steps and improved 
energy utilization (Wang et al., 2020; Wu et al., 2022). These advan-
tages have made fluidized beds indispensable for industrial operations 
ranging from Fischer–Tropsch synthesis to wastewater treatment (Cai 
et al., 2020; Darweesh and Weis, 2024).

Fluidized bed granulation and coating processes are particularly 
important in pharmaceutical and food industries, where particle coat-
ing enables controlled release of active ingredients and protection 
against moisture, heat, and microbial contamination (da Silva et al., 
2014). However, many industrial processes suffer from low product 
yield within desired property specifications, resulting in substantial 
energy consumption and material waste (Heinrich et al., 2002b,a, 
2003). Understanding internal particle dynamics is therefore essential 
for optimizing process parameters that govern product quality and 
yield.

Computational Fluid Dynamics coupled with the Discrete Element 
Method (CFD–DEM) has emerged as the primary tool for simulat-
ing gas–solid fluidized beds, with applications spanning coating and 
granulation (Kieckhefen et al., 2022; Sen et al., 2014; Grohn et al., 
2020), drying (De Munck et al., 2023; Lan et al., 2022; Azmir et al., 
2020), heat and mass transfer (Sutkar et al., 2016; Wang et al., 2019; 
Zhang et al., 2020; Lei et al., 2023), and gasification (Ku et al., 2015). 
Despite these advances, two fundamental barriers limit the industrial 
application of CFD–DEM simulations. First, experimental validation of 
internal flow predictions remains severely constrained, limiting confi-
dence in simulation results. Second, the extreme computational cost of 
millions of particles simulated over hours of operation renders real-time 
process optimization impossible. This work addresses both challenges 
by integrating MRI validation with recurrence-based CFD acceleration.

CFD–DEM simulations reveal internal flow features critical to reac-
tor performance: bubble nucleation and coalescence patterns, particle 
contact networks, vortex structures, and segregation dynamics (Zhao 
et al., 2023; Zhou et al., 2022). These phenomena directly control mix-
ing efficiency, heat and mass transfer rates, and reaction performance. 
However, experimental validation of these predictions remains severely 
limited. Traditional validation relies predominantly on global measure-
ments of pressure drop, overall bed expansion, or exit gas composition, 
which provide little insight into internal flow structures (Munck et al., 
2023).

Advanced tomographic techniques have emerged but suffer from 
fundamental limitations. Electrical Capacitance Tomography (ECT) 
provides limited spatial resolution (∼10% of bed diameter) (Watson 
et al., 2024). Particle Image Velocimetry (PIV) requires transparent 
walls and is restricted to quasi-2D systems. X-ray and CT imaging offer 
high resolution but require specialized facilities and provide limited 
temporal resolution (Wang and Shen, 2022; Tu et al., 2021). Radar-
based methods struggle with penetration in dense particle beds (Yan, 
2016; Guío-Pérez et al., 2023). No existing technique simultaneously 
provides the spatial resolution, temporal resolution, and full three-
dimensional field measurements needed to validate complex bubble 
dynamics and particle mixing in dense fluidized beds.

Magnetic Resonance Imaging (MRI) addresses these validation chal-
lenges by providing non-invasive, three-dimensional visualization of 
both gas and solid phases with high spatiotemporal resolution. The 
vertical MRI system at Hamburg University of Technology among the 
few worldwide capable of 3D fluidized beds, captures previously in-
accessible internal dynamics including bubble formation, coalescence, 
and particle clustering with 4 by 8 mm spatial and 20 ms temporal 
resolution (Penn et al., 2017; Clarke et al., 2025). Unlike other tomo-
graphic techniques, MRI simultaneously resolves gas bubbles (as signal 
voids) and particle-dense regions throughout the entire bed volume, 
enabling quantitative measurement of bubble size distributions, rise 
velocities, and formation frequencies at multiple bed heights. This ex-
perimental capability allows direct validation of CFD–DEM predictions, 
particularly the evaluation of drag models and contact models against 
measured bubble dynamics and flow patterns.
880 
The second fundamental barrier to industrial CFD–DEM implemen-
tation is the prohibitive computational cost. Pilot and industrial-scale 
fluidized beds contain billions of particles operating over hours or days, 
yet current CFD–DEM simulations require months of high-performance 
computing time to simulate seconds of physical operation (Kieckhefen 
et al., 2019). This bottleneck arises from inherent multi-scale physics: 
DEM requires microsecond time steps to resolve particle collisions 
while industrial processes operate over hours, creating nine orders of 
magnitude temporal scale separation. Combined with O(N2) scaling 
of contact detection algorithms and the requirement to resolve fluid 
flow at sub-particle scales, even modern supercomputers cannot sim-
ulate industrial-scale systems. Various model reduction strategies have 
emerged, including CFD-based compartment models that decouple flow 
and population balance calculations (Weber et al., 2019), and Proper 
Orthogonal Decomposition (POD) methods that capture dominant flow 
features in reduced-dimensional spaces (Lucia et al., 2004; Jung et al., 
2011; Raveh, 2001; Zhong et al., 2020; Li et al., 2024). However, 
compartment models sacrifice critical spatial information through time-
averaging (Jourdan et al., 2019), while conventional reduced-order 
models can exhibit spurious behavior and accuracy degradation over 
extended time periods (Akhtar et al., 2009; Pant et al., 2021). Recent 
advances in physics-informed dynamic mode decomposition (piDMD) 
have demonstrated that embedding physical constraints into the model 
learning framework can improve long-term prediction stability (Bad-
doo et al., 2023). For gas–solid fluidized beds, where the pseudo-
periodic nature of bubble dynamics is well-established, recurrence-
based CFD provides an alternative pathway to computational accel-
eration by exploiting this inherent flow recurrence (Lichtenegger and 
Pirker, 2016).

Lichtenegger and Pirker (2016) introduced recurrence-based CFD 
(rCFD), a novel time-extrapolation methodology that exploits the
pseudo-periodic nature of many industrial flows to achieve dramatic 
computational acceleration. The method leverages recurrence analysis 
proposed by Eckmann et al. (1995) to identify repeating flow patterns 
within a short monitoring period (𝜏𝑟𝑒𝑐) of high-fidelity CFD–DEM 
simulation. Rather than continuing expensive flow field calculations, 
rCFD constructs physically consistent long-term flow evolution by 
stitching together recurring flow segments identified through recur-
rence matrices (Lichtenegger and Pirker, 2016; Lichtenegger et al., 
2017). The methodology exists in two variants: flow-based rCFD, 
which reconstructs entire flow field sequences and solves transport 
equations (Lichtenegger et al., 2017; Kieckhefen et al., 2019; Licht-
enegger et al., 2019), and transport-based rCFD, which focuses directly 
on scalar transport using Lagrangian memory shift operations (Pirker 
and Lichtenegger, 2018; Dabbagh et al., 2020; Pirker et al., 2025). 
Transport-based rCFD, employed in this work, translates continuous 
flow displacement into cell-to-cell memory shift patterns (Lumetzberger 
et al., 2025). These shift operations, governed by recurrence statistics, 
propagate scalar quantities such as species concentration or tempera-
ture without recalculating flow fields, achieving speed-ups of several 
orders of magnitude while maintaining accuracy comparable to full 
CFD–DEM simulations.

Transport-based rCFD has demonstrated agreement with full CFD–
DEM simulations in preliminary studies (Pirker and Lichtenegger, 2018; 
Dabbagh et al., 2020; Pirker et al., 2025), suggesting potential for 
real-time process prediction and control. By reducing computational 
time from months to minutes, rCFD could enable real-time optimization 
of pharmaceutical coating uniformity, dynamic control of combustion 
efficiency, and predictive maintenance of industrial reactors. How-
ever, these applications demand rigorous validation of rCFD’s ability 
to accurately extrapolate long-term behavior from short monitoring 
periods. While previous validations compared rCFD against CFD–DEM 
simulations, no study has validated time-extrapolated rCFD predictions 
against experimental measurements of internal flow dynamics over 
extended periods. This work addresses this critical gap using MRI to 
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validate both the underlying CFD–DEM model and long-term rCFD 
extrapolations.

This study provides comprehensive experimental validation of rCFD 
methodology through systematic comparison with MRI measurements. 
First, CFD–DEM simulations employing four drag models (Koch & Hill, 
Di Felice, Gidaspow, Beetstra) were validated against MRI data from 
a poppy seed fluidized bed operated at 1.5 𝑢𝑚𝑓 . The validated CFD–
DEM configuration was then used to generate a recurrence database for 
rCFD time extrapolation. Finally, time-extrapolated rCFD predictions 
over 10 s were compared against extended MRI measurements to assess 
long-term accuracy. This validation framework establishes rCFD as a 
reliable tool for process simulation and control.

2. Simulation

2.1. CFD-DEM model

CFD–DEM simulations were performed using the open-source frame-
work CFDEMcoupling-PFM (Kloss et al., 2012; Department of Particu-
late Flow Modelling, Johannes Kepler University, 2024), which cou-
ples OpenFOAM 𝑣6.0 for fluid phase calculations with LIGGGHTS-PFM 
for particle dynamics. Comprehensive descriptions of the CFD–DEM 
methodology are available in previous reviews (Deen et al., 2007; Zhou 
et al., 2010); we present here the governing equations and modeling 
choices relevant to this study.

2.1.1. Gas phase
The gas phase is modeled using locally averaged Navier–Stokes 

equations. For a gas–solid system, the continuity and momentum equa-
tions governing gas flow with density 𝜌𝑔 and velocity field 𝐮𝑔 are: 

𝜕
(

𝛼𝑔
)

𝜕𝑡
+ ∇ ⋅

(

𝛼𝑔𝐮𝐠
)

= 0 , (1)

𝜕
𝜕𝑡

(

𝛼𝑔𝐮𝑔
)

+ ∇ ⋅
(

𝛼𝑔𝐮𝑔𝐮𝑔
)

= −𝛼𝑔
∇𝑝
𝜌𝑔

+ 𝛼𝑔
𝑛
∑

𝑖=1

𝐟𝑑,𝑖 + 𝐟𝑒𝑥𝑡,𝑖
𝜌𝑔𝛥𝑉

+
𝛼𝑔
𝜌𝑔

∇ ⋅
[

𝜌𝑔(𝜇 + 𝜇𝑡)
(

∇𝐮𝑔 +
(

∇𝐮𝑔
)𝑇

)]

. (2)

where 𝛼𝑔 represents the local gas void fraction, 𝑝 is the pressure, 𝜇 is 
the dynamic viscosity, 𝜇𝑡 is the turbulent viscosity computed using the 
standard 𝑘-𝜀 turbulence model (Launder and Spalding, 1983) within 
the Reynolds-Averaged Navier–Stokes (RANS) framework, and 𝛥𝑉  is 
the computational cell volume. In unresolved CFD–DEM simulations, 
𝛼𝑔 < 1 accounts for the volume occupied by particles within each cell. 
The momentum equation includes particle-related force terms: drag 
force (𝐟𝑑,𝑖) and external forces (𝐟𝑒𝑥𝑡,𝑖) such as gravitational, electrostatic 
forces. The local void fraction for each cell is computed as follows: 

𝛼𝑔 = 1 −
∑𝑛

𝑖=1 𝑉𝑝,𝑖
𝛥𝑉

. (3)

where 𝑉𝑝,𝑖 is the volume of particle 𝑖 located within the computational 
cell.

2.1.2. Solid phase
Particle motion in DEM is governed by Newton’s second law. Par-

ticles are modeled as soft, deformable spheres using a spring-dashpot 
contact model, allowing controlled overlap that enables larger integra-
tion time steps. The translational and rotational equations of motion 
for particle 𝑖 with mass 𝑚𝑖 and moment of inertia 𝐼𝑖 are: 
𝑚𝑖𝐯̇𝑖 = 𝐅(𝑝−𝑝)

𝑖 + 𝐅(𝑝−𝑓 )
𝑖 + 𝐅(ext)

𝑖 , (4)

𝐼𝑖𝝎̇𝑖 = 𝝉 𝑖. (5)

where 𝐅(𝑝−𝑝)
𝑖  represents forces from particle–particle collisions, 𝐅(𝑝−𝑓 )

𝑖
represents fluid–particle interaction forces, 𝐅(ext) represents external 
𝑖
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forces (gravity, electrostatic), and 𝝉 𝑖 is the net torque from tangential 
contact forces and rolling friction. The particle–particle interaction 
force is decomposed into normal and tangential components: 

𝐅(𝑝−𝑝)
𝑖 =

∑

𝑗≠𝑖

(

𝐅(𝑛) (𝐫𝑖, 𝐯𝑖,𝝎𝑖; 𝐫𝑗 , 𝐯𝑗 ,𝝎𝑗
)

+ 𝐅(𝑡)(𝐫𝑖, 𝐯𝑖,𝝎𝑖; 𝐫𝑗 , 𝐯𝑗 ,𝝎𝑗 )
)

. (6)

where the sum extends over all particles 𝑗 in contact with particle 
𝑖. The normal force 𝐅(𝑛) and tangential force 𝐅(𝑡) depend on particle 
positions, translational velocities, and angular velocities. These forces 
are computed using the soft-sphere model of Cundall and Strack (Cun-
dall and Strack, 1979), which represents contact mechanics through 
particle overlaps, relative velocities, and material properties: friction 
coefficient (𝜇), spring stiffnesses (𝑘𝑛, 𝑘𝑡), and damping coefficients (𝑐𝑛, 
𝑐𝑡). Particle–wall contacts are treated analogously by assigning material 
properties to wall boundaries.

Rolling friction effects during particle collisions were modeled using 
the elastic–plastic spring-dashpot (EPSD) model, which accounts for 
energy dissipation during rolling motion.

The fluid–particle interaction force 𝐅(𝑝−𝑓 )
𝑖  comprises pressure gradi-

ent and drag contributions. To satisfy momentum conservation between 
phases: 

𝐅(𝑝−𝑓 )
𝑖 = 𝑓𝑝 −

𝑉𝑖
1 − 𝛼𝑔(𝐫𝑖)

𝐟𝑑𝑟𝑎𝑔(𝐫𝑖, 𝐯𝑖) . (7)

where 𝑓𝑝 represents the pressure gradient force, calculated as follows: 

𝑓𝑝 = −1
6
𝜋𝑑3𝑝∇𝑝𝑔 . (8)

where 𝑑𝑝 is particle diameter, particle drag forces depend on local 
void fraction and relative velocity between gas and particles. This work 
compares four drag correlations against MRI measurements: Hill et al. 
(2001), Di Felice (1994), Gidaspow (1994), and Beetstra et al. (2007). 
Each model expresses the drag force as: 

𝐟𝑑𝑟𝑎𝑔 = 1
2
𝐶𝐷𝜌𝑔𝐴

′ |
|

|

𝑢𝑔 − 𝑣𝑝
|

|

|

(

𝑢𝑔 − 𝑣𝑝
)

. (9)

where 𝜌𝑔 is the gas density, 𝐴′ is the projected area of the particles in 
the flow field, 𝐶𝐷 is the drag coefficient. Many scholars have proposed 
different correlations for 𝐶𝐷, which can be divided into two main 
categories: sparse particle systems and dense particle systems. The rela-
tionship between Re and 𝐶𝐷 is closely interconnected, and establishing 
an accurate correlation is crucial for describing their variation.

Reynolds number is given as follows: 

Re =
𝜌𝑔|𝑣𝑝 − 𝑢𝑔|𝑑𝑝

𝜇𝑔
. (10)

In practical applications, complex flow regime changes must be con-
sidered. Engineering solutions typically rely on empirical formulations 
of the Reynolds number (Re) vs. 𝐶𝐷 relationship. The drag coefficient 
exhibits characteristic behavior across different flow regimes (Zhao 
et al., 2023). In the laminar flow region, 𝐶𝐷 shows a linear decrease 
with increasing Reynolds number. Subsequently, in the transition re-
gion, the rate of decrease is greatly reduced. Finally, in the turbulent 
region, 𝐶𝐷 remains approximately constant at large Re values.

The drag force coefficient 𝐶𝐷 depends on the drag model consid-
ered. This study focuses on the empirical correlations shown in Table  1.

The four drag models evaluated in this study represent different 
approaches to capturing fluid–particle interactions in dense gas–solid 
flows. The Koch & Hill model (Hill et al., 2001) is derived from direct 
numerical simulations and explicitly accounts for particle clustering 
and hydrodynamic interactions in dense flows, predicting higher drag 
forces in regions with significant particle aggregation (Han et al., 2024; 
Guo et al., 2021). The Di Felice model (Di Felice, 1994) introduces a 
void fraction-dependent exponent to the single-particle drag coefficient, 
providing improved accuracy for high solid concentration regimes and 
yielding better agreement with experimental velocity profiles in dense 
fluidized beds (Agrawal et al., 2018; Wang et al., 2021). The Gidaspow 
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Table 1
Drag coefficient correlations for dense particle systems.
 Reference Drag coefficient equation  
 Hill et al. (2001) 𝐶𝐷 = 4

3

(

𝛼𝑔 (1−𝛼𝑔 )𝐴(𝛼𝑔 )
𝛼𝑔Re

+ 𝛼𝑔𝐵(𝛼𝑔 )
)

 
 where  

 𝐴(𝛼𝑔 ) =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

18𝛼3
𝑔

(1 − 𝛼𝑔 )

[

1 + 3
2

√

1 − 𝛼𝑔 +
135
64

(1 − 𝛼𝑔 ) ln(1 − 𝛼𝑔 ) + 17.14(1 − 𝛼𝑔 )
]

×
[

1 + 0.681(1 − 𝛼𝑔 ) − 8.48(1 − 𝛼𝑔 )2 + 8.16(1 − 𝛼𝑔 )3
]−1

for 𝛼𝑔 ≥ 0.6
180 for 𝛼𝑔 < 0.6

 

 𝐵(𝛼𝑔 ) = 0.6057(1 − 𝛼𝑔 )2 + 1.908(1 − 𝛼𝑔 )𝛼2
𝑔 +

0.209
𝛼3
𝑔

 

 Di Felice (1994) 𝐶𝐷 =
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Fig. 1. Transport-based rCFD methodology workflow.
model (Gidaspow, 1994) combines the Wen–Yu correlation for dilute 
regimes (𝜀𝑔 > 0.8) with the Ergun equation for dense regimes (𝜀𝑔 ≤
0.8), offering broad applicability across varying solid volume fractions 
and widespread use in CFD–DEM simulations of spouted and bubbling 
beds (Zhou et al., 2017; Che et al., 2023). The Beetstra model (Beetstra 
et al., 2007), developed from Lattice-Boltzmann simulations of random 
sphere arrays, provides a detailed hydrodynamic interaction represen-
tation suitable for intermediate to dense particle concentrations, often 
predicting higher drag forces in dense regions and demonstrating good 
performance at low gas velocities (Marchelli et al., 2020; Atxutegi et al., 
2021).

2.2. Data-driven recurrence based CFD (rCFD)

The pseudo-repetitive nature of the flow behavior in fluidized bed 
flow enables time extrapolation using recurrence statistics concepts, 
including recurrence plots and signal reconstruction. Implementation 
details for transport-based rCFD are provided by Pirker and Lichteneg-
ger (Pirker and Lichtenegger, 2018). Fig.  1 illustrates the transport-
based rCFD workflow employed in this study.

The following subsections summarize the key aspects of rCFD
methodology relevant to this study.
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2.2.1. Recurrence statistics
Recurrence plots are constructed from the gas void fraction field 

throughout the computational domain (Lichtenegger et al., 2017). The 
recurrence plot quantifies similarity between flow states at different 
time steps through a correlation matrix calculated as:

𝑅𝛼𝑔 (𝑡𝑖, 𝑡𝑗 ) =
1

𝑁𝛼𝑔
∫𝑉

(𝛼𝑔(𝑡𝑖) − 𝛼𝑔(𝑡𝑗 ))2 𝑑𝑉 , (11)

𝑁𝛼𝑔 = max
𝑡𝑖 ,𝑡𝑗 ∫𝑉

(𝛼𝑔(𝑡𝑖) − 𝛼𝑔(𝑡𝑗 ))2 𝑑𝑉 . (12)

where 𝑡𝑖 and 𝑡𝑗 represent two time instances with corresponding flow 
states, 𝑉  is the entire flow domain, and 𝑁𝛼𝑔  is a normalization factor. 
The normalization ensures that identical flow states (main diagonal) 
have 𝑅𝛼𝑔 = 0, while maximally dissimilar states approach 𝑅𝛼𝑔 = 1.

The temporal resolution for recurrence pattern reconstruction must 
satisfy: 

𝛥𝑡𝑟𝑒𝑐 <

√

⟨𝛾2⟩
⟨(𝜕𝛾∕𝜕𝑡)2⟩

. (13)

where 𝛾 is the field quantity of interest (gas void fraction), and ⟨⋅⟩
denotes time averaging. The rCFD time step must be smaller than 𝛥𝑡𝑟𝑒𝑐
to adequately resolve recurrent flow patterns.
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Fig. 2. Recurrence distance plot comparing the time steps from full CFD–DEM 
input data. A value of zero indicates almost similar flow state and a value of 1 
indicates dissimilar flow states.  (For interpretation of the references to color 
in this figure legend, the reader is referred to the web version of this article.)

2.2.2. Recurrence processes
Based on the recurrence plot as shown in Fig.  2, time indices are 

compared, most similar time indices are stitched one after another, 
leading to a time extrapolation process. The recurrence distance ma-
trix exhibits characteristic banded structure: the main diagonal (zero 
distance, identical states) and parallel bands indicating flow states sepa-
rated by approximately 𝜏𝑟𝑒𝑐 . Low-distance regions (dark blue) represent 
recurring flow patterns, while high-distance regions (bright yellow) in-
dicate dissimilar states during the transition between bubble formation 
and coalescence events. This structure confirms the pseudo-periodic 
behavior enabling rCFD extrapolation.

The identified recurrence patterns provide the foundation for
transport-based rCFD extrapolation, which reconstructs long-term
scalar transport (e.g., species concentration, temperature) by intelli-
gently sequencing similar flow segments without resolving momentum 
equations.

3. Materials and methods

3.1. Experimental setup

Experiments were conducted in an MRI-compatible fluidized bed 
with an outer diameter of 100 mm and an inner diameter of 96 mm. 
The fluidized bed was open to the atmosphere, but the top was covered 
with a filter to prevent particle elutriation. Pressurized air was used as 
the fluidizing gas, and its volumetric flow rate was controlled using a 
mass flow controller (F-202AV, Bronkhorst), at 1.5 times the minimum 
fluidization velocity (𝑢𝑚𝑓 ). The 𝑢𝑚𝑓  was determined by measuring the 
pressure drop across the particle bed at decreasing air velocities. Air 
is uniformly distributed to the particle bed through a sintered porous 
plate with a pore size of 20 μm and a thickness of 5 mm. The fluidized 
bed was filled with poppy seeds to a height of 130 mm, and the particles 
are classified as Geldart group D.

Bubble properties were investigated using a 3 T Magnetic Resonance 
Imaging (MRI) system. A birdcage radiofrequency (RF) coil of the 
imaging system was used to excite the particles, while the signals were 
detected by a custom-built 15-channel RF detector array as shown in 
Fig.  3. The oil contained within the poppy seeds generates the MRI 
signal, consequently, bubbles could be identified from the resulting 
images based on intensity differences. A cylindrical RF coil was placed 
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Fig. 3. (i) Sketch of RF coil and detector around 3T MRI, and mid-plane 
considered for solid fraction imaging (ii) Acrylic fluidized bed setup used in 
MRI.

around the fluidized bed to enhance the signal-to-noise ratio in the ac-
quired images. The use of multichannel coils enables parallel imaging, 
wherein the spatial sensitivity of each coil element is used as additional 
information in the image reconstruction process. This approach reduces 
the number of data points that must be sampled, thereby increasing the 
temporal resolution and allowing the detection of bubble dynamics. In 
the experiments, the temporal resolution was 20 ms, and the spatial 
resolution was 4 mm by 8 mm. The field of view was selected to fully 
capture the expanded bed during operation. Particle signal intensities 
in a vertical slice (of 10 mm thickness) through the center of the bed 
were averaged, and 500 consecutive frames were acquired using a 
fast field echo pulse sequence at each volumetric flow rate during the 
experiments.

Acquired images were processed using OpenCV with Python to 
segment bubbles. Threshold based image segmentation enabled the 
detection of bubbles, where the high signal intensity in the frames 
corresponded to the particles, while the low signal intensity indicated 
the bubbles. Subsequently, morphological operations such as dilation 
were applied to expand the bubble regions, and erosion was used to 
smooth the bubble edges. The equivalent bubble diameter was then 
calculated based on the area of the pixels representing the bubbles.

3.2. Simulation setup

The CFD–DEM computational domain replicated the experimental 
fluidized bed geometry (Fig.  4) with an internal diameter of 96 mm. 
The domain height was reduced to 600 mm compared to the experi-
mental apparatus height of 2000 mm, since maximum bed expansion 
remained below 250 mm for the superficial velocity under investiga-
tion. This truncation reduces computational cell count near the outlet 
without affecting bed dynamics.

Gas phase boundary conditions matched experimental operating 
conditions. A uniform velocity inlet was imposed at the domain bot-
tom, simplifying the complex sintered distributor plate geometry while 
preserving essential gas distribution physics. This approach is standard 
practice for gas–solid fluidized bed simulations (Sasic et al., 2006; Kan-
holy and Battaglia, 2012). The outlet was set to atmospheric pressure 
with zero-gradient velocity, and walls employed no-slip conditions.
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Table 2
CFD–DEM mesh configuration and numerical parameters.
 CFD mesh
 Mesh type Modified Butterfly Grid (SC) 
 Number of mesh cells, 𝑁𝑐𝑒𝑙𝑙𝑠 268,800  
 Discretizations  
  Diameter (𝛥𝑋𝑐𝑒𝑙𝑙𝑠 , 𝑍𝑐𝑒𝑙𝑙𝑠) 28  
  Bed Height (𝛥𝑌𝑐𝑒𝑙𝑙𝑠) 200  
 Cell sizes  
  𝛥𝑋𝑐𝑒𝑙𝑙𝑠 , 𝑍𝑐𝑒𝑙𝑙𝑠 ≈3 mm [≈2.75 𝑑𝑝]  
  Bed Height, 𝛥𝑌𝑐𝑒𝑙𝑙𝑠 ≈3 mm [≈2.75 𝑑𝑝]  
 CFD–DEM simulation  
 CFD time step, 𝛥𝑡𝐶𝐹𝐷 (s) 5 × 10−5  
 Maximum Courant number, 𝐶𝑜𝑚𝑎𝑥,𝐶𝐹𝐷 1  
 CFD write interval, 𝛥𝑡𝑊 ,𝐶𝐹𝐷 (s) 5 × 10−3  
 DEM time step, 𝛥𝑡𝐷𝐸𝑀 (s) 2.5 × 10−6  
 Number of particles, 𝑁𝐷𝐸𝑀 ≈1 × 106  
 Recurrence CFD simulation  
 Global time step, 𝛥𝑡𝐶𝐹𝐷 (s) 5 × 10−3  
 Particle Courant number, 𝐶𝑜𝑚𝑎𝑥,𝑃 ,𝐶𝐹𝐷 1  

Table 3
Material properties and contact parameters for poppy seeds and apparatus 
walls.
 Particle size distribution  
  Diameter, 𝑑𝑝𝑖 ,32 (mm) 1.16  
  𝑑𝑝1  (mm) 0.919 (35%) 
  𝑑𝑝2  (mm) 1.050 (32%) 
  𝑑𝑝3  (mm) 1.269 (33%) 
 Poppy Seeds Properties  
 Particle density, 𝜌𝑃  (kg/m3) 1015  
 Young’s modulus, 𝑌𝑃 = 𝑌𝑊  (Pa) 1 × 107  
 Poisson’s ratio, 𝑠𝑃 = 𝑠𝑊 0.3  
 Coefficient of restitution 𝑒𝑃−𝑃 0.899  
 𝑒𝑃−𝑊 0.772  
 Coefficient of friction 𝑘𝑓𝑟,𝑃−𝑃 0.134  
 𝑘𝑓𝑟,𝑃−𝑊 0.870  
 Coefficient of rolling friction 𝑘𝑓𝑟,𝑃−𝑃 0.844  
 𝑘𝑓𝑟,𝑃−𝑊 0.581  

3.3. Data extraction and post-processing methods

3.3.1. CFD-DEM data extraction pipeline
CFD–DEM simulations were performed for all operating conditions 

using the numerical parameters mentioned in Tables  2 and 3. Simula-
tion data extraction followed a systematic seven-step pipeline designed 
to enable quantitative comparison between CFD–DEM predictions and 
MRI measurements.
Step 1: CFD-DEM Simulation Execution

All simulations were run until a statistical steady-state was
achieved, typically requiring 5 s of physical time to eliminate initial 
transient effects. The solid volume fraction field was recorded at 200 Hz 
temporal resolution, while the experimental MRI acquisition frequency 
was 50 Hz.
Step 2: Mid-Plane Data Extraction

Using the ParaView post-processing tool, the solid volume fraction 
(𝛼𝑠) was extracted at the mid-plane (𝑧 = 0, Fig.  4) for all time steps. 
This 2D slice corresponds to the MRI measurement plane and reduces 
3D simulation data to a format directly comparable with experimental 
images.

3.3.2. Binary thresholding and frame generation
Step 3: MRI Binary Thresholding

MRI experimental frames were converted to binary format using 
intensity-based thresholding as described in Section 3.1. Binary con-
version distinguished between gas-rich regions (voids/bubbles) and 
solid-rich regions (particle emulsion phase).
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Fig. 4. (i) Computational domain with static bed height of 130 mm. (ii) Mid-
plane location (𝑧 = 0) extracted for comparison with MRI measurements.

Step 4: CFD-DEM Frame Extraction
Solid volume fraction fields from CFD–DEM simulations were pro-

cessed to generate binary frames using multiple threshold values: 𝛼𝑠 =
0.15, 0.20, 0.25, 0.30, 0.35, and 0.40. For each threshold value, binary 
frames were generated according to: 

𝐵(𝑥, 𝑦, 𝑡) =

{

0 if 𝛼𝑠(𝑥, 𝑦, 𝑡) < 𝛼𝑠,threshold (gas-rich region)
1 if 𝛼𝑠(𝑥, 𝑦, 𝑡) ≥ 𝛼𝑠,threshold (solid-rich region)

(14)

This multi-threshold approach enables systematic analysis of sen-
sitivity to the gas–solid interface definition and optimization of the 
threshold value for each metric.

3.3.3. Optimal threshold analysis framework
Step 5: Multiple Threshold Processing

The optimal solid volume fraction threshold for each metric was 
determined using a multi-criteria analysis framework addressing the 
challenge that different physical metrics may be optimally captured at 
different threshold values. Evaluation criteria included: (1) statistical 
robustness (low coefficient of variation), (2) measurement precision 
(signal-to-noise ratio optimization), and (3) experimental validation 
(compatibility with MRI contrast characteristics).
Step 6: Optimal Threshold Selection

For each threshold and metric combination, uncertainty was quan-
tified using bootstrap resampling with 10,000 iterations. For each 
threshold 𝛼𝑠,𝑖, the bootstrap procedure sampled with replacement from 
the metric data, calculated mean and median statistics, and determined 
95% confidence intervals as the 2.5th and 97.5th percentiles of the 
bootstrap distribution. Coefficient of variation was computed as CV =
𝜎∕𝜇 × 100%.

Distribution differences between threshold groups were assessed 
using the Kolmogorov–Smirnov test: 
𝐷KS = max

𝑥
|𝐹1(𝑥) − 𝐹2(𝑥)| . (15)

where 𝐹1(𝑥) and 𝐹2(𝑥) are cumulative distribution functions for differ-
ent threshold conditions.
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Sensitivity gradient analysis
The sensitivity of each metric to threshold selection was quantified 

using finite difference approximation: 

𝑆 = 𝜕𝑀
𝜕𝛼𝑠

≈
𝑀𝑖+1 −𝑀𝑖
𝛼𝑠,𝑖+1 − 𝛼𝑠,𝑖

. (16)

where 𝑀 represents the metric of interest. Optimal thresholds exhibit 
moderate sensitivity gradients, avoiding excessive instability (high |𝑆|) 
or insufficient responsiveness (low |𝑆|).

3.3.4. Bubble detection and characterization
Step 7: Final Post-Processing with Optimal Threshold

Using the optimal threshold value determined from Step 6, final 
post-processing was performed to calculate all metrics of interest, 
including bubble characteristics, bed expansion statistics, and radial 
distribution profiles.

Bubble identification employed OpenCV contour detection algo-
rithms applied to binary frames. The detection algorithm consisted of 
four steps: (1) contour extraction using cv2.findContours() with
RETR_EXTERNAL mode, (2) area filtering with minimum bubble area 
of 4 mm2, (3) boundary exclusion to remove artifacts near the free 
surface and inlet, and (4) geometric analysis to calculate equivalent 
diameter, aspect ratio, and centroid position.

Equivalent bubble diameter and aspect ratio were calculated as: 

𝐷eq = 2
√

𝐴
𝜋

, (17)

AR = 𝑤
ℎ

. (18)

where 𝐴 is the bubble area (mm2), 𝑤 is the bubble width, and ℎ is the 
bubble height based on minimum bounding rectangle.

Bubble velocities were calculated using nearest-neighbor tracking 
between consecutive frames. For each bubble centroid at time 𝑡, the 
nearest bubble centroid at time 𝑡+ 𝛥𝑡 within a maximum displacement 
threshold was identified. Velocity components were computed as:

𝑣𝑥 = 𝛥𝑥
𝛥𝑡

, 𝑣𝑦 =
𝛥𝑦
𝛥𝑡

, (19)

|𝑣| =
√

𝑣2𝑥 + 𝑣2𝑦 . (20)

where 𝛥𝑥 and 𝛥𝑦 are horizontal and vertical displacements, respec-
tively.

A minimum track length of two frames was required, corresponding 
to minimum residence time of 40 ms and minimum displacement of 
20 mm. This criterion was selected based on expected bubble velocities 
of 5–80 cm/s for the experimental system (Pigford, 1968).

3.3.5. Bed expansion analysis
Bed expansion was quantified through automated free surface de-

tection. For each binary frame, the particle occupancy fraction was 
calculated for each horizontal row. The free surface was defined as the 
top most row with particle occupancy exceeding 10%, representing the 
transition from particle-laden bed to freeboard region.

Bed expansion height was calculated from the free surface pixel 
location using the image spatial resolution: 
𝐻expansion = 𝑦surface ⋅ 𝑟𝑦 , (21)

where 𝑦surface is the free surface pixel coordinate and 𝑟𝑦 is the spatial 
resolution (mm/pixel). The expansion ratio relative to static bed height 
(𝐻static = 130 mm) was: 

𝑅expansion =
𝐻expansion

𝐻static
. (22)

Temporal statistics were calculated over all frames:

𝜇𝐻 = 1
𝑛
∑

𝐻𝑖 , (23)

𝑛 𝑖=1
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𝐻max = max(𝐻𝑖) , (24)

𝜎𝐻 =

√

√

√

√

1
𝑛 − 1

𝑛
∑

𝑖=1
(𝐻𝑖 − 𝜇𝐻 )2 . (25)

where 𝑛 is the total number of frames. Bootstrap resampling with 
10,000 iterations provided uncertainty quantification for all temporal 
statistics.

3.3.6. Radial distribution analysis
Radial particle distributions were quantified using two approaches. 

In full-bed analysis, particle presence was averaged over the entire 
instantaneous bed height to capture overall radial segregation patterns. 
In static-bed analysis, only the region below the static bed height 
(𝐻static = 130 mm) was considered, focusing on the dense phase radial 
distribution. For each radial position 𝑟, the time-averaged solid fraction 
was computed as: 

⟨𝛼𝑠(𝑟)⟩ =
1

𝑛𝑡𝑛𝑦

𝑛𝑡
∑

𝑡=1

𝑛𝑦
∑

𝑦=1
𝛼𝑠(𝑟, 𝑦, 𝑡) . (26)

where 𝑛𝑡 is the number of time steps and 𝑛𝑦 is the number of vertical 
positions within the analysis region.

3.3.7. Statistical quality criteria
Statistical quality indicators for threshold acceptance included: co-

efficient of variation below 30%, bootstrap confidence interval widths 
less than 30% of the mean value, KS test 𝑝-values greater than 0.01, 
gradient quality scores above 0.3, and physically realistic bubble ve-
locities within the expected range of 5–80 cm/s for the experimental 
system (Pigford, 1968). Thresholds failing these criteria were excluded 
from analysis.

This comprehensive post-processing framework provides
reproducible, statistically robust analysis for quantitative validation of 
CFD–DEM predictions against MRI measurements. The multi-threshold 
optimization approach addresses the fundamental challenge of defining 
gas–solid interfaces in computational simulations while maintaining 
physical realism and statistical rigor.

4. Results and discussion

4.1. Drag model selection

Selection of an appropriate drag correlation is crucial for accurately 
capturing fluidized bed dynamics. While numerous studies have re-
viewed drag model selection (Kloss et al., 2012; Zhao et al., 2024; 
Golshan et al., 2020; Kieckhefen et al., 2020), most validations rely 
on theoretical correlations or intrusive experimental measurements that 
disturb natural flow behavior. This study validates four drag models 
Koch & Hill, Di Felice, Gidaspow, and Beetstra against non-invasive 
MRI measurements of mid-plane flow dynamics. Validation metrics 
include bed expansion behavior, mean bed height, bubble size dis-
tributions, bubble velocity statistics, and radial particle distribution 
profiles.

Table  4 shows the optimal solid fraction thresholds used for binary 
frame conversion in each validation metric for the four drag models. 
All analyses throughout this study apply these optimized threshold 
values. The multi-criteria threshold selection procedure is detailed in 
Section 3.3.

Fig.  5 compare bed expansion dynamics at 1.5 𝑢𝑚𝑓  for all drag mod-
els against MRI measurements. All models predict mean bed heights 
within ±1 cm of the experimental value, demonstrating reasonable 
quantitative agreement. However, temporal dynamics reveal important 
differences. The Di Felice model predicts a mean bed height of 16.5 cm, 
close to the MRI value of 16.8 cm (Fig.  6), but fails to capture the 
amplitude and frequency of primary expansion peaks (Fig.  5). The 
Gidaspow and Beetstra models overpredict mean bed height at 17.5 cm 
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Fig. 5. Mean bed height over time across all drag models and MRI data for inlet velocity of 0.45 m∕s (1.5 𝑢𝑚𝑓 ).
Fig. 6. CFD–DEM simulation with different drag models and MRI data for inlet 
velocity of 0.45 m/s (1.5 𝑢𝑚𝑓 ).

Table 4
Comparison of mean solid fraction (𝛼𝑠) considered for binarization of each 
frame for different drag models at 1.5 𝑈𝑚𝑓  based on optimal threshold analysis 
(Section 3.3.3).
 Metric Koch & Hill Di Felice Gidaspow Beetstra 
 Mean bed expansion 0.198 0.285 0.208 0.211  
 Mean bubble velocity 0.285 0.198 0.285 0.285  
 Mean bubble diameter 0.330 0.285 0.285 0.144  
 Mean radial distribution 0.329 0.329 0.329 0.329  

and 18.0 cm, respectively. The Beetstra model additionally fails to 
reproduce secondary expansion peaks with correct frequency, while 
the Gidaspow model shows inconsistent peak timing and amplitude 
compared to MRI measurements.

The Koch & Hill model predicts a mean bed height of 17.7 cm, 
an overprediction of 0.9 cm. Despite this offset, the model accurately 
reproduces both the amplitude and frequency of primary and sec-
ondary expansion peaks, achieving excellent qualitative and quantita-
tive agreement with MRI temporal dynamics (Fig.  5).

Measurement of internal bubble size distributions without flow dis-
turbance remains a critical validation challenge (Jiang et al., 2024; Liu 
et al., 2010; Okhovat-Alavian et al., 2020). MRI provides non-invasive 
access to these data, enabling direct comparison with CFD–DEM predic-
tions. Fig.  7(a) reveals a systematic deficiency across all drag models: 
bubbles smaller than 7.5 mm are absent in simulations but clearly 
present in MRI measurements. These small bubbles form predominantly 
near the distributor plate (Fig.  7(b)), suggesting that the uniform veloc-
ity inlet boundary condition fails to capture initial bubble formation 
886 
dynamics. While a more sophisticated distributor model (e.g., resolved 
porous media) may address this limitation.

All models underpredict maximum bubble diameter compared to 
the MRI-observed value of 75 mm (Fig.  7(a)). Predicted maxima are: 
Di Felice (40 mm), Gidaspow (55 mm), Koch & Hill (62.5 mm), and 
Beetstra (67.5 mm). A general trend of decreasing bubble velocity with 
increasing diameter is observed across all models except Gidaspow, 
which exhibits anomalously high velocities (exceeding 40 cm/s) for 
bubbles in the 45–50 mm size range. This unphysical behavior, com-
bined with underprediction of maximum bubble size, suggests the 
Gidaspow model inadequately represents bubble dynamics in this sys-
tem. Based on bubble velocity statistics, the Koch & Hill and Beetstra 
models demonstrate superior performance.

Fig.  7(b) presents average bubble diameter as a function of height 
above the distributor. While all models fail to predict small bub-
bles near the distributor (as discussed above), the Koch & Hill model 
achieves excellent agreement with MRI measurements throughout the 
upper bed region. Bubble growth rates and absolute diameters match 
experimental observations both qualitatively and quantitatively, sup-
porting its selection for subsequent analyses.

Radial particle distribution profiles (Fig.  8) provide further dis-
crimination among drag models. MRI measurements reveal relatively 
uniform particle distribution across the bed diameter (Fig.  8(a)), in-
dicating that bubbles form preferentially near the walls rather than 
the centerline. The Koch & Hill model reproduces this behavior to a 
certain extent but not completely; the Di Felice model shows almost 
flat radial profiles with lower magnitudes particle presence intensity. 
In contrast, Gidaspow and Beetstra models predict U-shaped radial 
profiles with particle accumulation near walls and depletion at the 
centerline, indicating central bubble formation inconsistent with MRI 
evidence (Fig.  8(b)). This fundamental difference in predicted flow 
structure further supports the selection of the Koch & Hill drag model.

Table  5 provides an overview of the comparison study and the Koch 
& Hill drag model outperforms alternatives across multiple validation 
metrics: temporal bed expansion dynamics, bubble size distributions 
throughout the bed height, bubble velocity statistics, and radial particle 
distribution profiles. Despite this superior performance, all models 
fail to predict small bubble formation near the distributor plate. This 
systematic deficiency likely stems from the simplified uniform velocity 
inlet boundary condition, which cannot capture local gas jetting and 
initial bubble nucleation from a porous distributor. Resolution of this 
limitation requires either resolved porous media modeling or empirical 
inlet conditions calibrated to match near-distributor dynamics.

4.2. Effect of inlet boundary condition

The systematic absence of small bubbles near the distributor across 
all drag models (Section 4.1) motivated investigation of inlet boundary 
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Fig. 7. CFD–DEM simulation data with different drag models and MRI data for inlet velocity of 0.45 m∕s (1.5 𝑢𝑚𝑓 ).
Fig. 8. CFD–DEM simulation data with different drag models and MRI data for inlet velocity of 0.45 m/s (1.5 𝑢𝑚𝑓 ).
Table 5
Summary comparison of drag models against MRI measurements at 1.5 𝑢𝑚𝑓 . 
MRI reference values: mean bed height = 16.8 cm, maximum bubble diameter 
= 75 mm.
 Metric Koch & Hill Di Felice Gidaspow Beetstra  
 Mean bed height (cm) 17.7 16.5 17.5 18.0  
 Deviation from MRI (%) +5.4 −1.8 +4.2 +7.1  
 Bed expansion dynamics ++ – + –  
 Maximum bubble diameter (mm) 62.5 40 55 67.5  
 Bubble diameter vs. height ++ + ++ –  
 Bubble velocity trend + – – +  
 Radial particle distribution ++ – + +  
 Small bubbles near distributor No No No No  
 Overall assessment Best Moderate Moderate Moderate 
Qualitative ratings: ++ good agreement, + acceptable agreement, - poor agreement.

condition effects. Two OpenFOAM boundary conditions were compared 
using the Koch & Hill drag model with otherwise identical simulation 
parameters: uniformFixedValue, which imposes a spatially uniform inlet 
velocity, and consistentSuperficialVelocityInlet, which accounts for local 
void fraction by computing actual velocity as the specified superficial 
velocity divided by local porosity. The latter is physically more appro-
priate for porous distributor plates, as it couples inlet velocity to the 
local particle distribution.

The consistentSuperficialVelocityInlet boundary condition produced 
minimal differences compared to uniformFixedValue. Small bubbles 
near the distributor remained absent, although slightly larger bubbles 
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(10–15 mm diameter) were predicted at 20 mm height compared 
to both MRI and the uniform inlet case (Fig.  9(a)). Radial particle 
distributions were nearly identical for both boundary conditions (Fig. 
9(b)).

This constitutes a key finding of the present study: void fraction 
corrected inlet velocities alone cannot resolve, the near distributor 
bubble formation discrepancy, underscoring the inherent complexity of 
the distributor region where bubble nucleation is governed by discrete 
gas jetting rather than continuum level void fraction effects. Future 
work should explore spatially resolved inlet conditions derived from 
dedicated distributor region simulations or empirical measurements of 
jet penetration and bubble nucleation characteristics.

4.3. Recurrence statistics

CFD–DEM simulation data from the modified butterfly grid (SC 
mesh, 3 mm cell size) with the Koch & Hill drag model and uniform 
velocity inlet boundary condition were used as input for rCFD time 
extrapolation at 1.5 𝑢𝑚𝑓 .

The rCFD framework requires input data spanning 3 to 4 charac-
teristic recurrence periods (𝜏𝑟𝑒𝑐). To determine 𝜏𝑟𝑒𝑐 and the minimum 
required time step, Fast Fourier Transform (FFT) analysis was per-
formed on the void fraction field at a representative mid-plane location 
(Fig.  10).

FFT analysis (Fig.  10(b)) reveals dominant frequencies correspond-
ing to bubble formation and bed expansion cycles. The characteristic 
recurrence period is 𝜏 ≈ 0.27 s, and the minimum time step for 
𝑟𝑒𝑐
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Fig. 9. Comparison of inlet boundary conditions for Koch & Hill drag model at 1.5 𝑢𝑚𝑓 : (a) average bubble diameter versus height, (b) radial particle distribution. 
Both boundary conditions compared against MRI measurements.
Fig. 10. (a) Mid-section plane showing solid fraction in computational domain from Fig.  4 at 𝑡 = 1.4 s. (b) FFT analysis reveals the recurrence period (𝜏𝑝−𝑝) and 
minimum time step required for rCFD (𝜏𝑐𝑟𝑖𝑡).
rCFD reconstruction is 𝛥𝑡𝑟𝑒𝑐 = 0.01 s, satisfying the temporal resolution 
criterion (Eq. (13)).

CFD–DEM simulations were executed for 5 s of physical time with 
data output at 200 Hz, generating 1000 flow field snapshots. The re-
currence distance matrix (Fig.  2) quantifies pairwise similarity between 
all time steps using the void fraction field correlation metric (Eq. (11)).

4.4. rCFD time extrapolation

Five seconds of CFD–DEM input data (simulation details in Sec-
tion 4.3) were used to extrapolate flow behavior to 10 s using transport-
based rCFD. Mean bed height evolution exhibits excellent agreement 
between rCFD predictions and MRI measurements (Figs.  11 and 12(d)), 
validating the time extrapolation methodology.

Average bubble diameter profiles versus height (Fig.  12(a)) demon-
strate that rCFD accurately reproduces trends observed in MRI data 
throughout the extrapolated 10 s period. As expected, small bubbles 
near the distributor remain absent in rCFD predictions, since this 
deficiency originates in the input CFD–DEM simulations (Section 4.1). 
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Similarly, bubble velocity statistics as a function of diameter (Fig. 
12(b)) show good agreement with MRI measurements, with rCFD main-
taining the physical trend of decreasing velocity with increasing bubble 
size.

Radial particle distribution profiles (Fig.  12(b)) confirm that rCFD 
preserves the flow structure characteristics of the input CFD–DEM data. 
The relatively uniform radial distribution matches MRI observations, 
though with slightly reduced near-wall particle concentration com-
pared to experiments. Overall, time-extrapolated rCFD results maintain 
fidelity to both the input CFD–DEM simulations and MRI measurements 
across all validation metrics, including temporal bed expansion dy-
namics, bubble size distributions, bubble velocity statistics, and radial 
segregation patterns.

As noted in Section 2.2, transport-based rCFD reconstructs scalar 
field evolution without resolving individual particle trajectories. The 
method operates at the continuum scale, tracking gas–solid interface 
motion through memory shift operations on the void fraction field. Con-
sequently, instantaneous point-by-point comparison with CFD–DEM is 
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Fig. 11. Mean bed height over time rCFD vs. MRI for inlet velocity of 0.45 m∕s (1.5 𝑢𝑚𝑓 ).
Fig. 12. rCFD vs. MRI data for inlet velocity of 0.45 m∕s (1.5 𝑢𝑚𝑓 ).
not meaningful; instead, statistical validation of time-averaged quanti-
ties and distribution functions provides appropriate verification.

The computational efficiency of rCFD enables simulation of long-
duration processes previously intractable with full CFD–DEM, includ-
ing particle mixing and segregation, population balance modeling of 
granulation and agglomeration, and thermal processing with species 
transport. For these applications, pseudo-steady flow statistics recur 
over time scales far longer than individual bubble passage events, 
making rCFD ideally suited for industrial process simulation.

The computational efficiency of the rCFD time extrapolation method 
represents a transformative advancement for fluidized bed simulations, 
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as illustrated in Fig.  13. Traditional CFD–DEM simulations required 
16,200 s (4.5 h) of wall-clock time to simulate just 1 s of physical pro-
cess time, whereas the rCFD approach achieved equivalent predictions 
in only 4 s through time extrapolation, a remarkable speed-up factor of 
4050×.

This dramatic reduction in computational cost fundamentally
changes the scope of feasible simulation studies: parametric inves-
tigations requiring dozens of cases, long-term steady-state analyses 
spanning multiple seconds, and real-time process monitoring applica-
tions that were previously intractable with CFD–DEM become readily 
accessible with rCFD. For instance, simulating 10 s of fluidized bed 
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Fig. 13. Computational cost for rCFD and CFD–DEM simulations.

operation to establish steady-state bubble dynamics would require ap-
proximately 45 h using conventional CFD–DEM, but can be completed 
in under one minute with rCFD.

The computational speed-up enables a new paradigm of rapid digi-
tal twin development for fluidized bed systems, facilitating iterative de-
sign optimization and uncertainty quantification studies that leverage 
hundreds or thousands of simulation evaluations.

5. Conclusion

This study validated CFD–DEM simulations against non-invasive 
MRI measurements of gas–solid fluidized bed dynamics and demon-
strated the viability of recurrence-based CFD (rCFD) for computation-
ally efficient time extrapolation. Three key contributions emerge from 
this work:

Comprehensive drag model validation against full-field MRI data 
identified the Koch & Hill correlation as the most consistent performer 
across multiple metrics. While all four tested drag models (Koch & 
Hill, Di Felice, Gidaspow, Beetstra) predicted mean bed heights within 
experimental uncertainty (±1 cm), the Koch & Hill model demon-
strated better agreement with temporal expansion dynamics, bubble 
size distributions throughout the bed height, bubble velocity statistics, 
and radial particle distribution patterns compared to the other models 
evaluated. All models systematically underpredicted small bubbles (di-
ameter <7.5 mm) near the distributor, indicating that uniform velocity 
inlet boundary conditions do not adequately represent the flow field 
downstream of porous distributor plates. Investigation of void-fraction-
corrected inlet conditions (consistentSuperficialVelocityInlet) produced 
minimal improvement, suggesting that resolved distributor-region mod-
eling or empirically calibrated inlet conditions merit future investiga-
tion.

MRI measurements provided internal flow validation data that com-
plemented CFD–DEM predictions, enabling quantitative comparison of 
bubble formation, growth, coalescence patterns, and particle segre-
gation without flow disturbance. The vertical MRI system at TUHH 
captured flow fields at 4 mm by 8 mm spatial and 20 ms tempo-
ral resolution across the full 96 mm diameter bed. However, MRI 
data requires substantial post-processing including signal thresholding, 
artifact removal, and binary image conversion, each introducing po-
tential systematic errors. The threshold selection procedure employed 
in this work used multi-criteria optimization with bootstrap uncer-
tainty quantification to minimize these effects, but absolute validation 
remains challenging. Additionally, MRI measurements commenced sev-
eral minutes after fluidization startup to ensure steady-state conditions, 
precluding direct time-synchronized comparison with CFD–DEM or 
rCFD predictions. Despite these limitations, the statistical agreement 
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between MRI and simulation data across bed expansion dynamics, 
bubble statistics, and radial distributions provides confidence in the 
validated modeling approach.

Transport-based rCFD achieved a 4050× computational speed-up 
while preserving statistical flow features observed in both CFD–DEM 
simulations and MRI measurements. Time extrapolation from 5 s of 
CFD–DEM input to 10 s of predicted behavior maintained bed expan-
sion dynamics, bubble size distributions, velocity statistics, and radial 
profiles without drift or spurious behavior. FFT analysis identified a 
characteristic recurrence period (𝜏𝑝−𝑝) of 0.27 s at 1.5 𝑈𝑚𝑓 , enabling 
reconstruction with 0.01 s recurrence time steps (𝜏𝑐𝑟𝑖𝑡) from Eq. (13). 
This computational efficiency transforms the scope of feasible simula-
tion studies: parametric investigations requiring dozens of operating 
conditions, long-term steady-state analyses, and uncertainty quantifi-
cation studies involving hundreds of evaluations become tractable. 
However, rCFD fundamentally relies on pseudo-repetitive flow behav-
ior; systems exhibiting pronounced transient dynamics, such as startup, 
shutdown, or load changes cannot be extrapolated from a single steady-
state database. Simulation of such transient regimes requires multiple 
CFD–DEM databases spanning the relevant operating conditions, to-
gether with appropriate interpolation strategies to transition between 
flow states. Development of robust database interpolation approaches 
represents an important direction for extending rCFD applicability to 
dynamic industrial processes.

The approach demonstrated here is generalizable to other multi-
phase systems exhibiting pseudo-periodic behavior, including bubble 
columns, spouted beds, and circulating fluidized beds. However, several 
limitations warrant acknowledgment. The current study focused on 
spherical particles (poppy seeds) with a narrow size distribution at 
moderate Reynolds numbers. Extension to polydisperse systems with 
size-dependent segregation, non-spherical particles with orientation-
dependent drag, and high-velocity transport regimes requires addi-
tional validation. Integration of rCFD with population balance models 
for coupled flow-particle property evolution represents a promising 
direction for predicting product quality in industrial granulation and 
coating applications, though such coupling remains to be demonstrated.

 Nomenclature
 Greek symbols
 𝛼 Phase void fraction, –  
 𝛽 Drag force coefficient, kg/(m3 s)  
 𝛾 Field quantity (gas void fraction), –  
 𝜇 Dynamic viscosity, Pa s  
 𝜇𝐻 Mean bed expansion height, m  
 𝜈 Kinematic viscosity, m2/s  
 𝜌 Density, kg/m3  
 𝜎𝐻 Standard deviation of bed height, m  
 𝜏𝑟𝑒𝑐 Characteristic recurrence period, s  
 𝜏 Net torque, N m  
 𝜁 Di Felice drag model parameter, –  
 𝜔 Angular velocity, rad/s  
 Latin symbols
 𝐴 Bubble area, mm2  
 𝐴′ Projected area of particles, m2  
 𝐶𝐷 Drag coefficient, –  
 𝑐𝑛, 𝑐𝑡 Normal and tangential damping coefficients, 

–
 

 𝐶𝑉 Coefficient of variation, %  
 𝐷 Bed diameter, m  
 𝑑𝑝 Particle diameter, m  
 𝑑32 Sauter mean diameter of particles, m  
 𝑒 Coefficient of restitution, –  
 𝐅 Force, N  
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 ℎ Bubble height, mm  
 𝐻expansion Bed expansion height, cm  
 𝐼 Moment of inertia, kg m2  
 𝑘𝑛, 𝑘𝑡 Normal and tangential spring stiffnesses, 

N/m
 

 𝑘𝑓𝑟 Coefficient of friction, –  
 𝐿ℎ Hydrodynamic entrance length, m  
 𝑚 Mass, kg  
 𝑁𝛼𝑔 Normalization factor for recurrence plot, –  
 𝑝 Pressure, Pa  
 𝑄 Volumetric flow rate, m3/s  
 𝑅 Pipe radius, m  
 Re Reynolds number –  
 𝑠 Poisson’s ratio, –  
 𝑡 Time, s  
 𝐮𝑔 Gas velocity vector in a computational cell, 

m/s
 

 𝑢𝑖𝑛 Superficial inlet velocity, m/s  
 𝑢𝑚𝑓 Minimum fluidization velocity, m/s  
 𝑉 Volume, flow domain, m3  
 𝐯𝑖 Velocity of particle 𝑖, m/s  
 𝑤 Bubble width, mm  
 𝑥, 𝑦, 𝑧 Spatial coordinates, m  
 𝑌 Young’s modulus, Pa  
 Dimensionless numbers
 Co Courant number, –  
 Re Reynolds number, –  
 Subscripts and superscripts
 𝑔 Gas phase  
 𝑖,𝑗 Particle index  
 𝑝,𝑃 Particle  
 𝑟𝑒𝑐 Recurrence  
 𝑠 Solid phase  
 𝑠𝑡𝑎𝑡𝑖𝑐 Static bed  
 𝑡 Turbulent  
 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 Threshold value  
 𝑊 Wall  
 𝑃−𝑃 Particle–particle  
 𝑃−𝑊 Particle–wall  
 Abbreviations
 CFD Computational fluid dynamics  
 CFD–DEM Computational fluid dynamics–discrete 

element method
 

 CT Computed tomography  
 CV Coefficient of variation  
 DEM Discrete element method  
 ECT Electrical capacitance tomography  
 EPSD Elastic–plastic spring-dashpot  
 FFT Fast Fourier transform  
 HPC High performance cluster  
 KS Kolmogorov–Smirnov  
 MRI Magnetic resonance imaging  
 NRMSE Normalized root mean square error  
 piDMD Physics-informed dynamic mode 

decomposition
 

 PIV Particle image velocimetry  
 POD Proper orthogonal decomposition  
 RANS Reynolds-averaged Navier–Stokes  
 rCFD Recurrence-based computational fluid 

dynamics
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