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A B S T R A C T   

The heat transfer within particle beds is of significant importance in various industrial applications; however, its 
comprehension remains limited. The investigation of packed beds involves employing the use of effective 
thermal conductivity, a widely employed approach that is constrained by the need for extensive experimental 
work and the presence of heterogeneities. Discrete Element Method (DEM) simulations are widely recognized as 
a valuable tool for enhancing comprehension of complex systems. Nevertheless, the extensive computational 
time required for these simulations poses a significant limitation on their widespread implementation. The 
present study encompassed the integration of particle-particle and particle-wall heat transfer models into the 
MUSEN framework. The models were employed to simulate scenarios involving stationary packed particle beds. 
The proposed models were validated by data obtained from existing literature. A favorable agreement was 
achieved for all examined instances, with notable reductions in simulation times, comparable to those observed 
in simulations employing the continuum approach. The simulations were compared with established models in 
the literature, and the simulations exhibited higher accuracy in predicting experimental values. This highlights 
the potential of the proposed methodology to be utilized in heat transfer analysis while maintaining efficient 
simulation times, without the need for continuum approach simulations, and providing additional understanding 
of the underlying micro mechanisms.   

1. Introduction 

Discrete particles can be found everywhere in science and industry 
because so many systems use suspensions, powder, composites, bulk 
solids, fluidized beds, packed beds, soil, or any combination of these. 
The analysis, planning, and optimization of industrial processes, as well 
as the comprehension of natural phenomena, are significantly influ
enced by the physicochemical and transport properties of materials. This 
is due to the fact that these materials exhibit distinct behavior compared 
to conventional single-phase systems. Recent years have seen a large 
number of theoretical-experimental studies on coupled heat and mass 
transfer in a variety of engineering fields, including food engineering, 
chemical engineering, geothermal engineering, drying technology, and 
others. However, there is still room for improvement in our fundamental 
knowledge of particulate system transport. The study of heat conduction 
holds significant importance across various academic areas, as it pro
vides a fundamental understanding of thermal conduction phenomena 
necessary for analyzing heat transport systems (Vargas and McCarthy, 
2001). 

The following mechanisms have been identified for describing heat 
transfer within particle beds: thermal conduction through the solid, 
thermal conduction through the contact area between two particles, 
thermal conduction from the interstitial fluid, heat transfer by fluid 
convection, radiant heat transfer between the surfaces of particles, and 
radiant heat transfer between nearby particles (Borkink and Westerterp, 
1992; Froment et al., 1990). Numerous correlations and methods have 
been developed to address heat conduction in granular media based on 
these mechanisms (Cheng et al., 2020; Peng et al., 2020; Tsotsas, 2019; 
Tsotsas and Martin, 1987; Wu et al., 2021). However, no unique solution 
to this problem has been discovered. 

Some of the most common methods for studying these systems are 
currently based on a continuous macroscopic description, which in
volves the use of effective properties. Several analytical and empirical 
models have been developed to calculate the effective thermal con
ductivity of packed beds with and without the presence of a stagnant 
fluid (Kaviany, 2012). When applied to heterogeneous systems, how
ever, none of these correlations yields consistent values for the fitting 
parameters. The effective thermal conductivity can be experimentally 
assessed using various techniques validated in continuum media 
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(Presley and Christensen, 1997), but technical limitations and labor 
intensity make it nearly impossible to obtain this property manually. 
Additionally, the discrete nature of granular media and nonlinearity of 
contact interactions call into question the applicability of classical ho
mogenization methods to describe particle collective behavior. As a 
result, reliable predictive methods based on proper heat conduction 
evaluation are desired (Dai, 2019). For this purpose, simulations can be 
successfully applied. 

Using a continuum approach, partial differential equations express
ing Fourier’s law for thermal transfer processes are solved using an 
analytical approach or numerical methods such as the finite element 
method (FEM) to describe thermal processes in various applications 
(Druma et al., 2004; Sarikaya et al., 2005). However, the FEM becomes 
computationally intensive when considering structures heterogeneities 
and discontinuous media are considered. In this matter, DEM is a 
powerful tool to model granular material and microscale mechanics 
(Alves et al., 2023; Atrian et al., 2021). In recent years, the utilization of 
high-computational power, along with advanced parallel-computation 
algorithms has facilitated the successful application of DEM-based 
models in various thermal/reacting industrial processes. These models 
have enabled detailed analysis of the chemo-physics involved, even in 
scenarios where a large number of particles are present. 

The first proposed model for conductive heat transfer when two 
particles are in contact was proposed by Batchelor and Brien et al. 
(Batchelor and O’Brien, 1977) in the case of conductive heat transfer 
between two particles resulting from static contact. On the proposed 
model, the heat flux across the particle boundary between a particle 1 
and 2 is defined according to: 

Q12 = Hc(T1 − T2) (1) 

In which, Hc englobes the effective heat conductance in W/K. 
The equation is valid for static contacts in cases where Eq. (2) is 

applicable: 

ksrc
/

kf rp≫1 (2) 

In which, rc represents the contact radius, rprepresents the radius of 
the rigid particle, ksand kf are used to represent the thermal conductiv
ities of solid particles and the fluid, respectively. 

In cases where the conduction between two particles is influenced by 
interstitial fluid, specifically when the proposed condition on Eq. (2) is 
not met, Rong&Horio (Rong and Horio, 1999) introduced a novel 
approach known as the surrounding layer method, which aims to 
establish the conditions and methodology for incorporating indirect 
conduction via the interstitial fluid. Tsory et al. (Tsory et al., 2013) 
introduced a simplified approach that involved partitioning particle 
contact into two components: solid-solid contact and air gaps. To 
determine conductive heat transfer, they simply added the conduction 
through these two components. The direct additional, nevertheless, fails 
to resolve every reported case. Additional complex solutions were pro
posed as the one by Cheng et al. (Cheng et al., 2020), Rodrigues et al. 
(Rodrigues et al., 2022) and Fischer et al. (Fischer et al., 2023). 

The present study describes heat transfer models on DEM to inves
tigate thermal conduction phenomena including both solid-to-particle 
and particle-to-particle interactions. This model aims to comprehen
sively address all possible scenarios limited by Eq. (2) and improve 
simple propose models without the requirement of further advanced 
approaches that lead to high computational costs and simulation times, 
but at the same time consider more the micro-scale level by modelling 
individual particle interactions, granular rearrangements, and complex 
contact physics, offering a more detailed and realistic representation of 
the system specially compared to continuum approach simulations as 
FEM. 

The proposed models were implemented on MUSEN open source 
framework and validated based on different experimental data from the 
literature (Mishra et al., 2019; Vargas and McCarthy, 2001), high
lighting the wide range of applicability of the proposed models. MUSEN 
was created to perform efficient calculations on personal computers 
equipped with general-purpose graphics (GPUs) processing units, 
allowing thermal conduction simulations to be completed in a short 
amount of time and efficiently determining the effective thermal 

Nomenclature 

A Contact area (m2) 
Q̇ Heat flow (W) 
Cp Particle heat capacity (J/kg K) 
fres Thermal conduction resistivity factor (-) 
fres,eff Effective thermal conduction resistivity factor (-) 
Gr Grashof number (-) 
Hc Effective heat conductance (W/K) 
H Bed height (M) 
h Heat transfer coefficient (W/m2K) 
k Particle thermal conductivity (W/mK) 
kc

e Effective thermal conductivity (W/mK) 
keq Equivalent thermal conductivity in contact (W/mK) 
m Mass (kg) 
Nu Nusselt number (-) 
Pr Prandtl number (-) 
Req Equivalent particle radius (m) 
Reh Reynolds number (-) 
Ri Richardson number (-) 
Rp Particle radius (m) 
S Heat exchange surface (m2) 
Sl Scaling up parameter for mass-length-dependent heat 

transfer (-) 
T Temperature (̊C) 
ud Darcy velocity vector (m/s) 

Greek letters 
av Coefficient of thermal expansion (1/K) 
β Empirical constant (-) 
ϕ Empirical constant (-) 
ε Surface emissivity 
εg Void ratio (-) 
φ Porosity (-) 
γ Empiral constant (-) 
δ Packed thickness (m) 
δn Normal overlap (m) 
λf Thermal conductivity (W/mK) 
λmin Minimum overlap factor (m) 
λmax Maximum overlap factor (m) 
vf Kinematic viscosity (kg/ms) 

Subscripts 
conv convection 
c contact 
eq equivalent 
env environment 
f fluid 
p particle 
rad radiation 
s solid 
w wall  
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conductivity of particle beds. 

2. Materials and methods 

2.1. Numerical modelling in DEM 

The implementation of the proposed heat transfer models was done 
on MUSEN framework (Dosta and Skorych, 2020). MUSEN is an 
open-source DEM simulation framework. MUSEN is based on the 
soft-sphere discrete element method. For time integration, the leap-frog 
algorithm is commonly employed as a numerical method. The imple
mentation utilizes the Verlet (Verlet, 1967) list approach in conjunction 
with the linked-cell algorithm (Quentrec and Brot, 1973) for contact 
detection. The multigrid approach supports a faster processing of par
ticle sets with wide size distributions. 

Ultimately, the Verlet list is populated with interactions that have the 
potential to occur within a defined cut-off distance. This implies that it 
possesses the capability to be utilized without the need for recalibration 
throughout multiple sequential calculation iterations. Consequently, the 
choice of the most suitable threshold distance can have a substantial 
impact on the accuracy and effectiveness of computations. One potential 
drawback is that bigger numbers result in increased memory usage and 
larger lists of potential contacts, necessitating analysis in each time step. 
In contrast, shorter distances necessitate more frequent iterations of list 
recalculations. Hence, a methodology for the automated adaptation of 
the threshold distance has been devised and included into the MUSEN 
system. The primary performance metric analyzed is the average 
execution time of a single DEM simulation phase. The recalculation of 
the cut-off distance occurs after a predetermined number of steps, 
considering the performance data obtained from the previous cut-off 
distances. This enables the consideration of the present computational 
resource load, encompassing both CPU and GPU, in order to determine 
an ideal value based on the prevailing conditions. 

The calculations on the GPU are executed utilizing the CUDA 
computing platform, enabling the simulation of scenes comprising 
several discrete objects within a feasible timeframe (Dosta et al., 2020). 
In the context of GPU computing, a hybrid methodology is employed, 
wherein the CPU is responsible for touch detection, while the GPU 
handles the computation of forces and the integration of motion. The 
Verlet list, computed on CPU, comprises both presently active contacts 
and a collection of all possible contacts that may arise during a desig
nated time interval defined by the cut-off distance. Therefore, the ne
cessity to transport data between the CPU and GPU after each step is 
eliminated, resulting in a substantial enhancement in computational 
efficiency. However, this approach also leads to an augmented demand 
for memory resources on the GPU. During each iteration, the GPU 
evaluates the precise coordinates of the particles from the given list of 
potential contacts, resulting in the generation of a reduced list of active 
contacts. 

The following assumptions were made in the developed model:  

1. The main heat transfer mechanism is through conduction between 
solid particles;  

2. The fluid surrounding the particles remains stagnant;  
3. The conductivity of the interstitial fluid is relatively small compared 

to that of the particle;  
4. Temperatures remain continuous across all interfaces;  
5. The adsorption of gas on the surface of particles is negligible  
6. All phases are inert and thermally stable. 

The heat flow between colliding particle and wall was modelled 
based on Jarolin et al. (Jarolin et al., 2022): 

Q̇part− wall = hAfres(Tw − Tp) (3)  

where h is the heat transfer coefficient in W/m2K, A is the contact area in 

m2, fres is the thermal conduction resistivity factor, wall temperature and 
Tp is the particle temperature. 

The contact area A is calculated as: 

A = πRc
2 = πRpδn (4)  

where Rc is the contact radius of the particle with the wall, Rpis the 
particle radius and δn is the normal overlap between wall and particles. 
Between colliding particles, heat flow due to conduction was modelled 
based on (Teixeira et al., 2021): 

Q̇part− part = 2RcSlfres,eff keq(T1 − T2) (5)  

here Rc is the contact radius between particles in m, Sl is the scaling 
parameter for mass-length-dependent heat transfer, fres,eff is an effective 
thermal conduction resistivity factor, keq is the equivalent thermal 
conductivity in contact in W/mK and T1 and T2 particles temperature. 

The contact radius Rc was derived from Coble geometric model based 
on the radii R1 and R2 from the particles as (Besler et al., 2015): 

Rc = 2
̅̅̅̅̅̅̅̅̅̅̅
Reqδn

√
, (6)  

Req =
R1R2

R1 + R2
(7)  

in which, δn is the normal overlap between particles in m. The normal 
overlap is calculated based on the particle positions and their radii as 
formulated by Hertz-Mindlin model. 

Similarly to the equivalent particle radius Req determined by Eq. (7), 
the equivalent thermal conductivity is according to Eq. (8): 

keq =
k1k2

k1 + k2
(8)  

where k1 and k2 are the thermal conductivity of particle 1 and 2, 
respectively. The effective thermal conduction resistivity factor fres,eff 
varies according with the normal overlap: 

fres,eff =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

fres , δn ≤ 2λminReq

fres +
1 − fres

λmax − λmin

(
δn

2Req
− λmin

)

, 2λminReq ≤ δn ≤ 2λmaxReq

1, 2λmaxReq ≤ δn

(9)  

where, fres is thermal conduction resistivity factor, λmin is a minimum 
overlap factor and λmax is a maximum overlap factor. 

The proposed modifications depend on the fres,eff factor, which ac
counts for the different overlap in the particles contact and the scaling 
parameter for mass-length-dependent heat transfer Sl that will account 
for the heat transfer between particles i and j(Q̇part− part) and the indirect 

Fig. 1. Schematic description of the proposed heat transfer model be
tween particles. 

C.L. Alves and S. Heinrich                                                                                                                                                                                                                    



Chemical Engineering Research and Design 203 (2024) 357–367

360

conduction heat transfer via voids (Q̇void) as schematic shown in Fig. 1: 
Heat flow between the particle and the environment are due to 

convection and radiation and were modelled according to Eq. (10) to 
(12), respectively: 

Q̇ext = Q̇ext,conv + Q̇ext,rad (10)  

Q̇ext,conv = khS(Tenv − Tp) (11)  

Q̇ext,rad = kεS(Tenv
4 − Tp

4) (12)  

where h is the heat transfer coefficient in W/m2K, S is the heat exchange 
surface m2, k is the scaling factor,ε is the surface emissivity, Tenv is the 
environment temperature and Tp is the particle temperature. The heat 
transfer coefficient h is modelled according to the type of convection in 
the system. 

The integration of heat in a particle i is done according to: 

Q̇i =
∑

Q̇
→

part− part + Q̇
→

part− wall + Q̇
→

env (13)  

Ti = Ti +
Q̇i

Cp,imi
Δtsim (14)  

where the Ci is the heat capacity of particle i [J/kg K] and mi is the 
particle mass. The total heat flux is given by the contributions of the heat 
flux between each particle contact and particle-wall. The temperature is 
integrated in each time step according to the simulation time step Δtsim. 

In order to produce a uniform arrangement of particles, a force- 
biased algorithm was implemented to generate the particle packaging 
(Dosta et al., 2019). Particles are initially generated at random within 
the specified volume by this algorithm. Following the detection of par
ticle contacts, the calculation of virtual forces in the normal directions 
ensues. These forces are utilized to reduce the overlap of the particles 
until the utmost overlap specified is achieved. Following the generating 
process, the particles are arranged to fall in accordance with the 
experimental specifications as described in the sequence, so creating the 
particle beds. To investigate the impact of the random production and 
falling of particles, the process of generating particles in the volume and 
forming the particle bed was repeated five times in order to observe its 
effect on the simulation results. 

The simulation results were validated based on the R-squared values 
between the simulated values and experimental data on a point-by-point 
basis. The simulated temperature values on the packed material have 
been assessed using the same methodology as described in the experi
mental data (seen in the next section), in order to allow for an accurate 
comparison. To ensure the identification of the minimum R2 value, the 
simulation was iterated ten times to validate the obtained results. 

2.2. Experimental data 

The proposed models were validated based on the experimental data 
developed by Vargas et al. (Vargas and McCarthy, 2001) and Mishra 
et al. (Mishra et al., 2019). The two approaches align with the meth
odologies described in the available literature on the issue (Dai, 2019; 
Deissler and Boegli, 1958; Jayachandran and Reddy, 2019; Kunii and 
Smith, 1960; Nield, 1991; Qian et al., 2018). 

Vargas et al. (Vargas and McCarthy, 2001) carried out experiments 
using a heated Hele-Shaw like device, which allows a mono-layer of 
cylindrical particles to be uni-axially loaded. Two walls (as well as the 
front and back plates) are insulated, while the other two are heated 
and/or cooled. The temperature profiles within the bed were obtained 
using liquid crystal thermography. The system allows the investigation 
of heat transfer in a quasi-static configuration. The top view of the 
apparatus can be seen in Fig. 2: 

The bottom wall was kept at 50 ̊C, while the remaining walls were 
insulated on the basis of a vacuum system. The initial temperature of the 

particles was 25 ̊C and a one-dimensional loading is imposed on the 
upper wall and the effective thermal conductivity for loads of 5, 10, 15 
and 20 kgf is compared between the simulation and experiments for 
155-min heating. The effective thermal conductivity for 2D rectangular 
beds is given by equation according to Eq. (15) (Slavin et al., 2000b): 

keff = −
Q

(
Wdp

H

)

ΔT
(15)  

in which, H is the bed height, W is the bed width, dp is the particle 
diameter, ΔT the temperature gradient within the bed height and Q is 
the heat flow through the bottom wall. 

Considering the vacuum isolation systems, the heat transfer coeffi
cient h (s. Eq. (11)) was assumed to be zero. The radiation was also 
disregarded because of the temperature regimes. The system was 
composed of dispersed stainless-steel SS-304 spheres forming a 3D 
packed bed (0.3 ×30.4 ×45 cm3). Table 1 describes the applied simu
lation parameters: 

The simulation time step was 7•10-5 s compared to 1•10-7 reported 
by Vargas et al. (Vargas and McCarthy, 2001). This value was deter
mined based on a convergence test as 1/2000 of Rayleigh time. The 
simulations scene was of 15.5 s to replicate the 155 min of the experi
ment. The 155-minute experiment was used to validate the model pa
rameters and the simulations were then compared to the experimental 
data of 60 and 10 min. 

The experiments carried out by Mishra et al. (Mishra et al., 2019) 
aimed to evaluate the wall -particle heat transfer to determine the spe
cific heat transfer (h) for the particles. The experimental setup was 
proposed according to Fig. 3: 

The experimental setup consists of an aluminum block (5 cm × 5 cm 
x 8 cm) and an aluminum particle holder (5 cm × 5 cm x 5 cm). The 
heating system is a 20 W Watlow square heating element that maintains 
a constant temperature of 70 ◦C. The whole system is placed inside a 
Styrofoam box to minimize heat loss from the side walls. The tempera
tures are recorded by Micro-beta chip NTC thermistors. Particles at room 
temperature (assumed as 20 ºC) are dropped onto the top surface of the 
hot aluminum block. The temperature on the particle bed is measured 
and evaluated to obtain the bed temperature profile. 

Fig. 2. Top view of the experiment setup developed by Vargas et al. (Vargas 
and McCarthy, 2001). 

Table 1 
Parameter applied on the simulations of static bed simulations 
proposed by Vargas et al. (Vargas and McCarthy, 2001).  

Property Value 

Density [kg/m3] 7500 
Poisson ratio [-] 0.29 
Young’s Modulus [GPa] 193 
Particle diameter [m] 3•10-3 

Thermal conductivity [W/mK] 15 
Heat capacity [J/kgK] 440 
Number of particles [-] 15548  
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The experiments were carried out for glass and steel particles. And 
different average particle sizes of glass (165 µm, 275 µm and 462 µm). 
The particles were generated in a domain of 2 cm × 2 cm × 4 cm with 
porosity of 0.58 and let the particles fall to generate the particle bed on a 
5 cm × 5 cm × 5 cm cube as the experiment. For the analysis of 165 µm, 
275 µm and 462 µm glass particles as well as 1 mm steel particles, the 
simulation scenes total 2857056, 617124, 130150, and 12834 particles, 
respectively. The applied time steps were 9•10-9 s, 1.5•10-8 s,2.5•10-8 s 
and 5.2•10-8 s for the simulations of 165 µm, 275 µm and 462 µm glass 
particles as well as 1 mm steel particles. These values were determined 
by a convergence test. 

The natural convection intensity in the packed bed primarily relies 
on the Grashof number (Gr), using the spherical diameter (dp) as the 
characteristic scale (Lee et al., 2017). The Grashof number is determined 
according to: 

Gr =
gavΔTd3

p

υ2
f

(16)  

in which, av is the coefficient of thermal expansion, υf is the kinematic 
viscosity of the heat transfer fluid and ΔT is the temperature difference 
between the particles and air. It should be noted that the Gr number is 
directly proportional to the temperature difference between particles 
and air. As the temperature of the particles decreases, the Gr number 
decreases as well, leading to a decrease in the intensity of natural con
vection. 

Given an initial temperature difference of 50 ◦C between the particle 
bed and room temperature, and assuming the coefficient of thermal 
expansion of air at room temperature to be 0.0034/K and υf to be 
1.825 • 10− 5 kg/ms (Bastian E. Rapp, 2017), Gr number is calculated to 
be 0.0369, 0.153, 0.81, and 8.22 for systems consisting of glass particles 
with diameters of 165 µm, 275 µm, and 462 µm, as well as 1 mm steel 
particles. 

The distinction between the magnitudes of natural and forced con
vection in mixed convection is primarily indicated by the Richardson 
number (Ri). Typically, the impact of natural convection can be dis
regarded when Ri < 0.1 and the impact of forced convection can be 
disregarded when Ri ≥ 10. The Ri number can be calculated according 
to: 

Ri =
Gr
Re2

h
(17)  

here Reh is the Reynolds number. The Reynolds number in turn for 
packed bed can be determined according to (Demirel et al., 2000): 

Reh =
(|ud|/ε)

υf

4ε
1 − ε

(
Vp

Ap

)

(18)  

in which, ε is the porosity of the bed, ud is Darcy velocity vector, Ap is the 

surface area of the particle bed and Vp is the volume of the particle bed. 
Approximating the particles as perfect spheres, Eq. 18 can be simplified 
to: 

Reh =
(|ud|/ε)

υf

4ε
1 − ε

(
dp

6

)

(19) 

Considering the system with basically stagnant air, ud have been 
reported to vary from 10− 6 to 10− 3 m/s (Shruti et al., 2023). Therefore, 
the Reh varied from 1.77 • 10− 5 to 0.0177 for the system containing glass 
particles with a size of 165 µm, from 2.84 • 10− 5 to 0.0284 for the sys
tem with 275 µm particles, from 4.95 • 10− 5 to 0.0495 for the system 
with 462 µm particles and 1.07 • 10− 4 to 0.107 for the system with 
1 mm steel particles. 

The Ri numbers for the systems can be determined as follows: for the 
system containing glass particles with a size of 165 µm, Ri number 
ranges from 1.18 • 108 to 118; for the system with 275 µm particles, Ri 
number ranges from 1.89 • 108 to 189; for the system with 462 µm 
particles, Ri number ranges from 3.30 • 108 to 330 and for the system 
with 1 mm steel particles, Ri number ranges 7.14 • 108 to 714. As a 
result, while the effects of forced convection can be ignored in all situ
ations, it is necessary to consider the impact of natural convection. 

The natural convection correlation for a single sphere proposed by 
Churchill (Churchill, 1983) is expressed as: 

NuN =
hsf dp

λf
= 2+

0.589Ra1/4

[1 +

(
0.469

Pr

) 9
16

]
4/9

(20)  

in which, hsf is the convective heat transfer coefficient, λf is the ther
mal conductivity of the heat transfer fluid, Pr is the Prandtl number and 
Ra is the measure of flow strength resulting from buoyancy, which can 
be determined using the following formula: 

Ra = Gr • Pr (21) 

Prandtl number for air have been reported as 0.72 (Bastian E. Rapp, 
2017). As a result, the Ra values for the different particle systems are as 
follows: 2.66 • 10− 2 for the system of 165 µm particles, 1.1 • 10− 1 for the 
system of 275 µm particles, 5.83 • 10− 1 for the system of 462 µm parti
cles and 5.92 for 1 mm steel particles. Lee et al. (Lee et al., 2017) re
ported that the natural convective heat transfer coefficient in a packed 
bed is in good agreement Eq. (20) for a low Ra, similar to the calculated 
values. 

Assuming the thermal conductivity of the heat transfer of air as 
2.74 • 10− 2 W/mK (Bastian E. Rapp, 2017), the Nusselt number was 
determined as: 2.18 for the system of 165 µm particles, 2.26 for the 
system of 275 µm particles, 2.40 for the system of 462 µm particles and 
2.71 for 1 mm steel particles. Consequently, the convective heat transfer 
coefficient could be determined as 362.88, 234.06, 142.3 and 74.3 W/ 

Fig. 3. Experimental setup proposed by Mishra et al. (Mishra et al., 2019) for the investigation of wall-particle heat transfer.  
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m2K for the system with 165 µm, 265 µm, 462 µm and 1 mm particles. 
The values were utilized to model the heat loss to the environment based 
on Eq. (12). 

The remaining applied parameters of the experiments and utilized on 
the simulations are seen in Table 2: 

For all simulations, a time factor of 1•103 was applied to minimize 
the simulation time. Consequently, the heat transfer parameters for all 
simulated models were adjusted to maintain physical accuracy and 
ensure that the simulation results remained consistent with the original 
heat transfer behavior. This allowed the simulation of 165 µm particles 
bed to be minimized from 112 days to approximately 57 min (using a 
NVIDIA GeForce RTX 2060 SUPER graphic card), compared to the 118 
days reported by Mishra et al. (Mishra et al., 2019) (using 42 Intel(R) 
Xeon(R) 2.40 GHz processors in parallel). 

The simulation model parameters for both the particle wall and 
particle particle models were adjusted according to the transient solu
tion after 1 s of the particle bed of 165 µm obtained by Mishra et al. 
(Mishra et al., 2019) and the adjusted values were applied for the other 
simulations of the different particle sizes and the heat transfer co
efficients from simulations and experiments were compared. To calcu
late the heat transfer coefficient predicted by DEM simulations, the 
wall-to-particle heat rate and particle temperature are averaged over 
time (tavg). The heat transfer coefficient for the bottom plate (hDEM) is 
calculated by dividing the total heat rate (q̇total) by the surface area of the 
bottom wall (Awall= 25 cm2) and the temperature difference between 
the wall and the particles, the calculation can be seen in Eq. (22): 

hDEM =
q̇total

Awall(Tw − Tp,avg)
(22) 

Assuming steady-state conduction, the heat transfer coefficient h and 
effective thermal conductivity keff can be corelated by the thickness of 
the bed δ according to: 

h =
keff

δ
(23) 

For the developed DEM simulation, the temperature wall was 
considered to be 68.5 ºC, considering the thermistors reading for the 
aluminum block as seen in Fig. 4. The error bars are due the accuracy of 
thermistors of ± 0.2 ºC: 

The temperature analysis over bed height was performed by aver
aging the particles within 0.5 cm and 1 cm layers as exemplified in the 
165 µm particle bed in Fig. 5: 

The analysis of particle size with the resistivity factor could be 
developed after validation on the 165 µm particle bed and the heat 
transfer coefficient between the experiments and simulations was 
compared. 

The methodology employed in both experimental situations was 
utilized to ascertain the temperature of the particles during the experi
ments. This served as the basis for establishing the temperature of the 
particles in the simulations, so ensuring consistency between the simu
lated and experimental results. Different models of effective thermal 
conductivity were utilized to compare and ascertain the effective 

thermal conductivity of both experiments. Table 3 summarizes the 
applied correlations (Bauer, 1978; Deissler and Boegli, 1958; Jaya
chandran and Reddy, 2019; Nield, 1991; Qian et al., 2018; Yagi and 
Kunii, 1957; Zehner and Schlünder, 1970). 

here kc
e is the effective thermal conductivity of the bed due to thermal 

conduction on W/(mK), kg is the effective thermal conductivity of the 
gas phase, W/(mK) and εg is the void ratio. Void ratio εg is defined as the 
volume of voids divided by the total volume of solid particles, whereas 
porosity φ is defined as the volume of voids divided by the total volume 
of the sample (solids and voids combined). Consequently, the void ratio 

Table 2 
Simulation parameters for the experimental developed by Mishra et al. (Mishra 
et al., 2019).  

Property Glass Steel Aluminium 

Particle diameter [m] 165•10-6, 275•10-6, 
462•10-6 

1•10- 

3  

Density [kg/m3] 2500 7810 2700 
Poisson ratio [-] 0.17 0.28 0.33 
Young’s Modulus [GPa] 72 200 69 
Thermal conductivity [W/ 

mK] 
1.1 46.6 167 

Heat capacity [J/kgK] 795 502 896 
Time factor [-] 1•103 1•103 1•103  

Fig. 4. Temperature readings of the aluminum block from Mishra et al. (Mishra 
et al., 2019). 

Fig. 5. Description of procedure for temperature analysis on particle bed 
exemplified on the 165 µm particle bed. 

Table 3 
Semi empirical models from the literature for effective thermal conductivity.  

Model Effective thermal conductivity Reference 

Parallel layers kc
e

kg
= εg +

(
1 − εg

)
K 

(Deissler and Boegli, 
1958) 

Series layers kc
e

kg
=

1
εg +

(
1 − εg

)
/K 

(Deissler and Boegli, 
1958) 

Geometric mean kc
e

kg
= K(1− εg) (Nield, 1991) 

Kunii and Smith (KS) kc
e

kg
= εg +

β
(
1 − εg

)

1
1
ϕ
+

dphp

kg

+ γ(
kg

ks
)

(Yagi and Kunii, 
1957) 

Zehner and 
Schlünder (ZS) 

kc
e

kg
=
(
1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − εg

√ )
+

̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − εg

√
Γ 

(Zehner and 
Schlünder, 1970) 

Zehner-Bauer- 
Schlünder (ZBS) 

kc
e

kg
=
(
1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − εg

√ )
+

̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − εg

√
[ωK+(1 − ω)Γ]

(Bauer, 1978)  
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εg and porosity φ are correlated as 

εg =
φ

1 − φ
(24) 

The void ratio εg of the bed of particles, also named intergranular 
porosity, was determined assuming completed solid particles for both 
proposed experiments. 

K is a dimensionless parameter calculated by the ratio between the 
thermal conductivity of the solid (ks) and the thermal conductivity of the 
gas phase (kg). The thermal conductivity of gas was assumed to be 
0.024 W/mK (Graczykowski et al., 2017). 

β andγ are empirical parameters assumed as 
̅̅̅
3

√
/3 and 0.666, 

respectively, according to both investigated packing (Deissler and Boe
gli, 1958). The empirical constant ϕ for KS model was calculated by 
(Yagi and Kunii, 1957): 

or 0.26 ≤ εg ≤ 0.476 ϕ = ϕ2 + (ϕ1 + ϕ2)
εg − 0.26

0.216
for εg ≥ 0.476 ϕ = ϕ1

for εg ≤ 0.26 ϕ = ϕ2

(25) 

where ϕ1 refers to lose packing arrangement (εg ≥ 0.476) and ϕ2 

refers to tight packing arrangement (εg ≤ 0.26). ϕ1or2 can be calculated 
as: 

ϕ1or2 =
0.5((K − 1)

/
K)

21
/

n

ln

(

K − (K − 1)(n− 1
n )

0.5

)

− (K− 1
K )(1 − (n− 1

n )
0.5
)

−
2

3K
(26)  

where n= 1.5 is for εg ≥ 0.476 and n = 4
̅̅̅
3

√
for εg ≤ 0.26. 

B is determined by the relation: 

B = 1.25
(

1 − εg

εg

)10/9

(27) 

The dimensionless parameter dphp/kg represents the heat transfer 
through the contact surface between particles, where dp is the mean 
particle diameter in m, hp denotes the heat transfer coefficient, repre
senting the heat transfer rate through the contact surface between par
ticles in W/(m2K) (Qian et al., 2018). 

For the ZS model, Γ is a combination parameter calculated as (Zehner 
and Schlünder, 1970): 

Γ =
2

1 − B
K

⎡

⎢
⎢
⎢
⎣

K − 1
(1 − B

K)
2

B
K

ln
(

K
B

)

−
B − 1
1 − B

K
−

1
2
(B+ 1)

⎤

⎥
⎥
⎥
⎦

(28) 

For the ZBS model, ω is mainly affected by the packing arrangements 
and contact radius: 

ω =
Ac
/

Np

πd2
p

/
4

(29)  

where, the total contact area of all particles Ac in the bed domain divided 
by the number of particles Np in the domain to obtain the average 
contact area of a single particle. Afterward, the division is performed by 
the cross-sectional area of the diameter of the equivalent volume sphere. 
In the case of assuming particles that are perfectly spherical and in direct 
contact, the contact area can be simplified to πd2

p . 

3. Results and discussion 

The comparison between the simulations and experiments from 
Vargas et al. (Vargas and McCarthy, 2001) can be seen by the normal
ized temperature and normalized bed height shown in Fig. 6: 

Both heights and temperature were normalized for every particle of 

the bed. Temperatures were averaged for intervals of 0.05. The results, 
consequently, report the average temperature on the bed height. The 
simulation errors originate from the variation of the simulation results 
attributed to the configuration of the particle bed. A good agreement 
was obtained by adjusting the simulation parameters based on the 155- 
minute experiment, resulting in an average R2 value of 0.95. However, it 
should be noted that this value varied significantly depending on the 
arrangement of the particle bed being evaluated. The agreement was 
kept constant by the heat transfer coefficient being set as 350 W/m2K 
and the thermal conduction resistivity factor as 1.5 (seen in Eq. (3)). 
Similarly, 1.5 was used for the effective resistivity factor (fres,eff ) on the 
particle-particle simulation model (seen in Eq. (4)) and the scaling 
parameter for mass-length-dependent heat transfer (Sl) was kept as 1. 

Comparing the temperature for the 60- and 10-min experiment led to 
an average agreement of an R2 of 0.92 and 0.88, respectively. Shorter 
experiments (10 and 60 min) may introduce complexities as a result of 
transient behavior and dynamic effects, resulting in slightly lower R2 

values. The adjustments made based on the 155-minute experiment may 
not capture these transient behaviors perfectly for shorter durations. The 
R2 with the 10- min experiment indicates a reasonable agreement, 
although it is lower than the previous cases. Additionally, other inac
curacies might be associated with the applied time factor to minimize 
the simulation time. 

The simulations are significantly affected by the variation resulted 
from the packing arrangement. Efficiency of heat transfer within the 
particle bed can be enhanced by optimal packaging. In order to enhance 
the overall efficiency of heat transfer, it would be beneficial to create 
more effective channels for heat conduction within the bed. Alterna
tively, various arrangements can result in less effective routes for con
ducting heat, which provide an explanation for the fluctuations 
observed in the simulation results. 

Moreover, the contact points or regions where particles come into 
contact with each other are altered by employing various particle ar
rangements. Modifying the contact surfaces can change the trajectories 
and speeds at which heat is exchanged between adjacent particles. 

The influence on the compressive load on the thermal conductivity of 
the bed can be seen in Fig. 7 comparing the experiment and simulations: 

The increased applied external load increases the effective conduc
tivity, which can be explained by the increased contact pressure, 
improved particle contact, and decreased void space. As the load in
creases, conduction pathways are favored, resulting in a higher overall 
effective thermal conductivity. This trend can be seen in both experi
ments and simulations. The difference between experiments and simu
lations, encompassing all simulations, varied from 1.9% to 38.2%, with 

Fig. 6. Comparison between developed simulation and experiments from 
Vargas et al. (Vargas and McCarthy, 2001). 
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an average difference of 14.1%. The higher deviations occur with higher 
compressive loads. This deviation can be explained by several factors, 
including particle packing, particle deformation and fracture, and 
complex contact physics that are not fully described in the simulation 
scene. The creation of particle packing in a stochastic way contributes to 
a certain level of variance between experimental and simulated results, 
given the heat transfer model relies directly on the arrangement of 
particles, their interactions and structural uniformity within the packed 
bed. The significant deviations observed in the simulation values 
confirm the strong impact of particle packing within the bed on the heat 
transfer mechanism. By calculating the mean temperature at the same 
bed height, this variable is reduced, although it continues to exert a 
substantial influence. 

Another notable observation pertains to the assumption made in the 
simulation regarding the presence of a monosized particle pack, which 
does not represent entirely the reality. Furthermore, all simulations with 
different applied loads were carried out based on the initial calibration 
performed for the 155-minute experiment, which included calibration of 
particle-particle model parameters such as thermal conduction re
sistivity factor, maximum and minimum overlap factor that could be 
influenced during compression. The good agreement between the sim
ulations and experiments highlights the significance of heat conduction 
through stainless-steel spheres in the system. It further validates the 
proposed straightforward approach on the implemented models that 
incorporates a scaling parameter for mass-length-dependent heat 
transfer and effective thermal conduction resistivity factor. Which so
lution is more simplified in comparison to the solutions found in liter
ature. The observed positive correlation and effective resolution can 
likely be attributed to the material composition of the sphere, namely 
the notable heat conductivity properties exhibited by stainless steel. 

The models presented in Table 3 were utilized to model the effective 
thermal conductivity. The obtained values for the experiments of Vargas 
et al. (Vargas and McCarthy, 2001) can be seen in Table 4: 

The lack of available data on changes in porosity and particle 
deformation is the main reason for the inability to monitor the fluctu
ations in effective thermal conductivity under different loads. However, 

it is noticeable that there was an observed rise in effective thermal 
conductivity from the modeled values to those obtained using experi
ments and simulation. It is anticipated that there will be variations in 
results as a result of the assumptions used in the modeling process, such 
as the assumption of perfectly spherical particles, the estimation of 
contact area, and the assumption of pack homogeneity. Nevertheless, 
the same order of magnitude between the values is observed and the 
values vary considerably according to the models. 

When calculating the coefficient hp for the Kunii and Smith model, 
the contact area and the morphology effect must be considered. Given 
the difficulty in determining both parameters experimentally, the model 
application for determining effective thermal conductivity is jeopar
dized. Qian et al. (Qian et al., 2018) came to the same conclusion, 
although previous authors widely used the model (Nield, 1991; Vargas 
and McCarthy, 2001). 

The comparison between simulations and carried experiment with 
165 µm glass particles from Mishra et al. (Mishra et al., 2019) can be 
seen in Fig. 8: 

Higher distances from the wall result in greater error, which may be 
correlated with inappropriately adjusted parameters from the particle- 
particle model rather than the adjustment of particle-wall model pa
rameters. Furthermore, it is evident that the simulations exhibit greater 
deviations as the distance from the wall increases, emphasizing the 
impact of packing on the heat transfer process. Nevertheless, a good 
agreement can be observed between simulation and experiments with a 
R2 of 0.95. The time factor used to reduce simulation times had no effect 
on the simulation results, and compensation with the heat transfer 
particle wall could be performed. In order to ensure the simulation re
mains accurate when considering a time factor of 1•103, the model 
parameters were adjusted accordingly. The heat transfer coefficient for 
the particle-wall model was adjusted to 1•106 and the resistivity factor 
was set to 1. The particle-particle heat transfer model was modelled so 
the effective resistivity factor was 1, whereas the scaling parameter for 
mass-length-dependent heat transfer (Sl) was kept as 1•106. The same 
scale was kept of the convective heat transfer coefficient. The adjust
ments were made to ensure that the simulation results remained 
consistent with the original heat transfer behavior while maintaining 
physical accuracy with the applied time factor. 

Fig. 9 compares the modelled heat transfer coefficient (h) from 
simulations and experiments for the different particle sizes and material: 

In addition to the stainless steel spheres system provided by Vargas 
et al. (Vargas and McCarthy, 2001), the propose model for heat transfer 
also yielded good results when employing for all different systems with 
an average R2 value of 0.93. Significant variations in the simulation 

Fig. 7. Comparison between simulations and experiments from Vargas et al. 
(Vargas and McCarthy, 2001) for the thermal effective conductivity for 
different applied loads. 

Table 4 
Effective thermal conductivity of the experiments from Vargas et al. (Vargas and 
McCarthy, 2001) modelled according to literature models.  

Model Effective thermal conductivity [W/mK] 

Parallel layers  0.201 
Series layers  0.094 
Geometric mean  0.235 
Kunii and Smith (KS)  0.210 
Zehner and Schlünder (ZS)  0.249 
Zehner-Bauer-Schlünder (ZBS)  0.251  

Fig. 8. Comparison between simulation and experiments of 165 µm glass par
ticles Mishra et al. (Mishra et al., 2019). 
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results stem from the different particle packings, which directly impacts 
the heat transfer process. The variation is significantly larger in the 
system with a particle size of 165 µm, which presents the smallest size. 

As particle size increased, the heat transfer coefficient decreased. 
This can be justified by the reduced surface area as large particles have 
smaller surface area-to volume ratio compared to smaller particles 
(Slavin et al., 2000a). Furthermore, larger particles frequently have 
thicker boundary layers of stagnant fluid that act as an insulator and 
reduce the rate of heat transfer (Tsory et al., 2013). This explanation also 
is supported by the determined modelled convective heat transfer co
efficients. The increase in convective heat loss observed in the smallest 
particle sizes can be attributed to the improved contact between the 
particles and the fluid passing through the bed. As a result, there is an 
increased occurrence of interactions between the fluid and particles, 
which enhances the transfer of heat and ultimately leads to higher 
convective coefficients. Furthermore, smaller particles generally exhibit 
lower fluid flow resistance in comparison to larger particles. This leads 
to decreased pressure gradients and increased fluid velocity in close 
proximity to the particles, thereby augmenting convective heat transfer 
through enhanced fluid-particle interaction (Qu et al., 2022). 

Another significant observation is that, for simplification, the Nusselt 
number was assumed to be constant throughout the entire simulations 
and, consequently, the convective heat transfer coefficient. However, as 
emphasized by Eq. (16), the Grashof number is directly proportional to 
the temperature difference between the particle bed and the fluid, 
meaning it does not remain constant throughout the simulation. 

Similarly, the models presented in Table 3 were utilized to model the 
effective thermal conductivity. The heat transfer coefficient obtained 
from the models of the literature Eq. (14), can be compared to the 
simulations and experiments of the different systems of Mishra et al. 
(Mishra et al., 2019). The obtained values can be seen in Table 5: 

A significant variation is evident in the heat transfer coefficient 
values derived from literature models compared to those obtained 
through DEM simulations and experiments. One of the significant rea
sons is the lack of consideration given to literature models that 

incorporate various factors influencing heat transfer in packed beds, 
including particle-particle interactions, non-uniform packing, and sur
face roughness. These factors have the potential to significantly deviate 
from both simulated and experimental results. In this context, the 
simulation exhibited a higher degree of resemblance to the experimental 
results when compared to the previously suggested models found in the 
existing literature. 

The proposed models highlighted the significance of inter-particle 
heat conduction as the main determinant of heat conduction in parti
cle beds with stagnant fluid. Nevertheless, the impact of convective heat 
transfer is clearly apparent, particularly when examining particle sys
tems of smaller sizes. The application of a resistance factor, along with 
the consideration of a scaling factor, demonstrates comparable appli
cations for both systems including glass particles and stainless steel, 
thereby emphasizing a wide range of potential uses. This was further 
validated by the implementation of external forces on the experiments 
by Vargas et al. (Vargas and McCarthy, 2001), which result in increased 
contact pressure and enhanced particle interaction under greater loads, 
promoting the formation of efficient conduction pathways and sub
stantially enhancing the overall heat conductivity. 

Upon doing a comparative analysis of the two examined systems, it 
becomes apparent that the phenomenon of conduction between two 
particles is considered significant only when they are in close proximity 
to each other. As the thermal conductivity of the particles increased, the 
impact of indirect conduction diminished, while the importance of 
direct conduction via particle-particle interactions grew stronger. The 
study revealed that the effects of different conduction channels had a 
limited responsiveness to fluctuations in bed temperature. However, the 
importance of different conduction mechanisms in packed beds is 
greatly dependent on the layout of the packing structure. This is 
apparent through the varying simulation values that arise from different 
particle packings. 

Despite it has been reported that conventional DEM models over
predict the contact radius and contact time (Peng et al., 2020), and the 
limitations of proposed correction factors such as the Zhou-Yu-Zulli 
method (Zhou et al., 2010) in compensating for the overestimated 
heat transfer caused by unrealistic particle material properties, the 
proposed simplified application has been successfully validated for 
stationary particle beds in this specific context. For more complex sys
tems, with multi-body collisions and different collisional events (e.g. 
rolling and rest of particle clusters against the wall), further in
vestigations are required. 

The main drawback relies on the determinations of the required re
sistivity factor, scaling parameter for mass-length-dependent heat 
transfer and resistivity factor of the effective thermal conduction. These 
parameters depend on various factors within the system, including inter- 
particle contacts, voids, packing conditions, particle shape as well as 
specific interactions between particles. 

The results highlight the advantages on DEM simulations compared 
to continuous approach simulations despite their higher computational 
costs. While the continuum approach may provide accurate predictions 
for heat transfer within packed beds, the proposed model can capture 
granular behavior at a micro-scale level by modelling individual particle 
interactions, granular rearrangements, and complex contact physics, 
offering a more detailed and realistic representation of the system. This 
microscopic insight allows for a deeper understanding of particle-scale 
phenomena such as particle deformation, packing dynamics, and the 
influence of contact forces on heat transfer. It also provides valuable 
insights into localized phenomena and heterogeneities within the 
packed bed, which might not be adequately captured by the continuum 
approach. This detailed understanding from DEM simulations contrib
utes to refining and improving macroscopic models, aiding in the 
development of more accurate continuum-based predictions for heat 
transfer in packed beds. 

Fig. 9. Comparison between heat transfer coefficients obtained by simulations 
and experiments from Mishra et al. (Mishra et al., 2019). 

Table 5 
Effective thermal conductivity of the experiments from Mishra et al. (Mishra 
et al., 2019) for the glass particles of 165 µm, 275 µm and 462 µm and 1 mm 
steel particles modelled according to literature models.  

Model Heat transfer coefficient [W/m2K] 

165 µm 275 µm 462 µm 1 mm 

Parallel layers 103.34 102.51 111.54 609.77 
Series layers 30.85 30.60 33.29 5.81 
Geometric mean 88.05 87.34 95.03 420.48 
Kunii and Smith (KS) 138.39 137.25 149.30 18.95 
Zehner and Schlünder (ZS) 91.94 91.19 99.22 353.14 
Zehner-Bauer-Schlünder (ZBS) 91.94 91.19 99.22 353.23  
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4. Conclusion 

The utilization of granular media spans across multiple industries. 
Due to their distinct behavior compared to single-phase systems, the 
examination, development, and optimization of industrial processes, as 
well as the comprehension of natural phenomena, heavily depend on the 
physicochemical and transport properties of these materials. On this 
work, heat transfer models for particle-wall and particle-particle for 
particle beds for different material systems were implemented on 
MUSEN open source framework. 

The implemented particle-particle and particle-wall models were 
validated on experimental data by Vargas et al. (Vargas and McCarthy, 
2001) and Mishra et al. (Mishra et al., 2019). Simulation scenes were 
created to replicate the experimental conditions. Both experimental 
setups were simulated with good agreement. The simulations had a high 
agreement for the experimental proposed by Vargas et al. (Vargas and 
McCarthy, 2001), with R2 of 0.95 for the 155- minute experiment, R2 of 
0.92 and for the 60- minute experiment, and R2 of 0.88 for the 10- 
minute experiment. The effective thermal conductivity simulated and 
experimental for various compressive loads also showed good agree
ment, with an average deviation of 14.1%. 

Similarly, when comparing simulations and experiments proposed 
by Mishra et al. (Mishra et al., 2019), a good agreement was obtained. 
The simulations for the system of glass particles with 165 µm presented 
an R2 of 0.9. When comparing the heat transfer coefficients of the other 
systems and simulations, the average error was 7.5%. 

The relevance of inter-particle heat conduction as the primary factor 
influencing heat conduction in particle beds with stagnant fluid was 
emphasized by the proposed models. However, it is evident the influ
ence of convective heat transfer, especially when considering smaller 
particle systems. As a result, the manner in which a bed is packed has a 
direct impact on various conduction mechanisms and this variability 
between simulations and experiments may lead to the difference 
observed between them. 

In addition to the good simulation agreement, the simulation times 
on the MUSEN framework could be reduced being similar to simulations 
in a continuum approach. As a result, the proposed models on MUSEN 
have a high potential for investigating heat transfer phenomena in 
particle beds. The combination of speed and accuracy allows for more 
in-depth analyses and a broader range of applications, making it an 
invaluable tool for heat transfer in different systems. 
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