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Abstract. Wet agglomeration is a complex particulate process driven by multiple microscale mechanisms.
Discrete Element Modeling (DEM) enables a deeper understanding of these mechanisms and supports pro-
cess optimization. However, DEM simulations become computationally expensive at larger scales. Moreover,
identifying granules within dense systems remains challenging.

This study introduces a framework for granule identification using Graph Network Analysis (GNA). To enhance
computational efficiency, a Coarse-Grained (CG) DEM approach is implemented. The accuracy of the CG up-
scaling by factors 2 and 3 is first validated against the original system (CG1) to ensure it effectively reproduces
the granulation characteristics. Leveraging the speed of CG-DEM, this sets the basis for studying the effects of
other material and process parameters (e.g. surface tension and rotation speed) on key granulation metrics like
mean granule volume, size distribution or granulation yield.

1 Introduction

Wet granulation is widely used in industries such as phar-
maceutical, food, and chemical processes to enhance pow-
der flowability, minimize segregation, and improve down-
stream product properties. The granule size distribution
(GSD) is a key characteristic influencing product qual-
ity. However, optimizing granulation through experiments
alone is costly and time-consuming, making computa-
tional approaches essential [1].

Discrete Element Modelling (DEM) has become a
popular tool for studying powder systems, such as gran-
ulation. However, directly extracting GSD remains a chal-
lenge, as it is important to set criteria to differentiate be-
tween the particles in collision and the ones firmly ag-
glomerated. Population Balance Modelling (PBM) is of-
ten coupled with DEM to estimate the GSD. Alterna-
tive methods include virtual sieving [2] and density-based
clustering techniques like DBSCAN [3]. On the other
hand, network analysis has also been integrated with DEM
to investigate force chains and particle motion [4, 5], while
its application to granule identification remains underex-
plored.

A major drawback of DEM is its high computational
cost, especially for large-scale problems. Coarse-Grained
DEM (CG-DEM) offers a potential solution [6]. Previ-
ous studies have extended DEM-PBM frameworks to CG-
DEM-PBM [7], but the effects of CG-DEM on granulation
characteristics remain poorly understood.

This study applies graph network analysis (GNA) to
identify clusters in a baffled drum granulator, as described
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in Sec. 2. With appropriate scaling rules used for the dif-
ferent upscaled systems, number, volume and size distri-
bution of the granules, as well as the granulation yield are
compared to the original simulations in Sec. 3.1. Finally,
the influence of cohesion and rotation speed is analyzed
using the CG-DEM-GNA framework in Sec. 3.2.

2 Modelling

The Discrete Element Method (DEM), see [8, 9] and refer-
ences therein, is widely used for simulating granular sys-
tems by tracking individual particle trajectories based on
Newton’s second law. In this study, DEM simulations are
conducted using the open-source software YADE [10].
The governing equations of motion for the particles

are: mi% =2, fi;j + mg, and 1,49 = T; where m; and I;

represent the mass and moment 0‘? inertia of particle i, re-
spectively, while v; and w; denote its translational and an-
gular velocities. The forces acting on the particle include
contact force f;; between particles i and j and gravitational
force m;g, with T; representing the total torque on i.

A linear viscoelastic contact model is employed, in-
corporating the capillary liquid bridge model by [11] for
normal forces and a viscoelastic slider for tangential inter-
actions. Further details on the contact model can be found
in our previous work [9]. Parameters are summarised in
table 1.

The original particle simulations involve 120000 parti-
cles with a homogeneous size distribution within the range
d, - 0.2d, < d < d, + 0.2d,, with the original particle
mean diameter d,. In CG simulations, all particle sizes are
scaled by a factor « and particle numbers by a factor 1/a°.

A central cylindrical spray zone (V) of radius r; =
0.063 m is defined in the simulations where liquid is pe-
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Table 1: Default parameters used in the DEM simulations

Particle density (p) 2500 [kg/m?]
Original particle mean diameter (d,) 0.0015 [m]
Normal contact stiffness (k) 150 [N/m]
Tangential contact stiffness (k) 120 [N/m]

0.0011 [Ns/m]
0.1095 [N/m]

Damping coefficient (cy, ¢()
Liquid surface tension (y)

Liquid viscosity (17) 0.0015 [Pa s]
Contact angle (0) 01[°]
Coefficient of friction (up) 0.5 [-]
Time step (At) 3% 107 [s]
Drum angular velocity (w) 2 [rad/s]

Drum diameter= 0.2 m
Drum length=0.06 m

Figure 1: Snapshot of the drum granulator with the defined
spray zone r < r;. The colour bar indicates the ratio of
liquid film volume to the particle volume.

riodically introduced. Liquid spraying occurs every 0.2
seconds, with each spray adding 0.01V),, to the liquid film
V¢ at each particle within V. The spray zone dimension
remains unchanged in the CG simulations. Figure 1 illus-
trates the geometry of the granulator and the dimensions
of the spray zone. To account for liquid migration among
wet particles, the model proposed by Mani et al. [12] is
used.

2.1 CG-DEM

To enhance the computational efficiency of simulations,
coarse-grained (CG) particles are used to represent groups
of original particles, with scaling rules applied to preserve
the systems behaviour. An extensive review of CG-DEM
studies on wet granular systems can be found in [9]. Table
2 summarizes the scaling rules based on Weber-number-
based scaling [13, 14], with We as the ratio of the kinetic

. . _ ppRV:
energy density to the capillary stress as We = Yoot =
2
’M, where R, is particle radius, and v = QD/2 is
ycos 6 P

the velocity of the flowing particles, estimated as the an-
gular velocity of the drum, Q, times the drum radius, D/2.

Table 2: The Weber-based coarse-graining rules [9]

Parameters vy n k ¢ | F

@ a o 02 02

Scaling factors

2.2 Graph analysis via Breadth first Search
algorithm (BFS)

A post-processing tool for granule identification is devel-
oped using the NetworkX Python library [15]. After the
contact network is identified, groups of particles are con-
sidered to be in a granule if:

1) The cohesion among the particles is strong enough,
i.e. Feon > Fagg, the normal cohesive force between parti-
clesiand jis larger-equal to a threshold F',e,. Based on the
maximum capillary force in the system, F/* = 27yR),
the threshold is defined as Fygy = Cygo i, Where Cogg is
the threshold coefficient.

2) The angle between the velocity vectors (v) or be-
tween the angular velocity vectors (w) of the particles i
and j is smaller than a threshold angle, A,4c. This ensures
collective translational or rotational motion of the granule.

The Breadth-First-Search (BFS) algorithm in Net-
workX is then used to identify connected particles forming
granules within the system, based on the filtered contacts.
Figure 2 shows the schematic of the granule detection.

/'

' Edges fulfiling the criteria
---------------- Edges not fulfiling the criteria
Nodes

Figure 2: Schematic of cluster detection using graph anal-
ysis. The red circle demonstrates a formed granule, arrows
indicate particle velocity.

The analysis in the next sections uses Cygy = 0.6 and
Apgg = 20°. The sensitivity of the granule size distribution
to the abovementioned thresholds is investigated in [16].
Calibration via experiments is subject of ongoing research.

3 Results and discussion
3.1 Effect of CG on granulation

In this section, the effect of coarse-graining on the mean
granule size, number of granules, particle size distribu-
tion of granules, and granulation yield is investigated. The
thresholds for the CG simulations are scaled as: Fyggcq =
a*F ags,0» a8 R, and y scale @ times in the CG system, and
Auggeg = Aaggo-

Figure 3 shows the evolution of the normalized mean
granule volume for CG1, CG2, and CG3. To be able to
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compare different cases, the mean granule size is normal-
ized with the mean particle volume. The results show that,
with addition of water, the volume of the granules first
increases and then stabilizes, due to water redistribution.
The growth behavior is similar between different CGs and
the final normalized mean volume of the granules agrees
well, being only slightly smaller for larger CG.
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Figure 3: Effect of CG on the normalized average volume
of the granules

The evolution of the number of granules in systems
CGl1, CG2, and CG3 is presented in Figure 4, normal-
ized by the initial number of particles. The results show
a convincing agreement between the normalized number
of granules in original and CG systems with slightly more
granules for larger CG.
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Figure 4: Effect of CG on the number of granules

The probability distribution of the number of particles
in each granule averaged over revolutions € [2 : 6] are
compared in Figure 5. It can be observed that for the gran-
ules with less than approximately 20 particles, the prob-
ability distributions collapse. Over two orders of magni-
tude, however, as the number of particles per granule in-
creases, the statistics of CG2 and CG3 deteriorate and data
fluctuate more, and consequently deviate from the original

case. This suggests that when using CG modelling, data
might lose information details.
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Figure 5: Number of particles in each granule averaged
over steady state revolutions g € [3 : 6].

The evolution of the fraction of granulated particles,
i.e., process yield is presented in Figure 6. The growth
rate is high at the beginning, dropping at one revolution
and vanishing after two. Different CG cases are in good
agreement, with higher fluctuations in CG2 and CG3. All
CG systems reach a final granulation yield slightly above
55%.
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Figure 6: Evolution of the granulation yield

3.2 Effect of material and process parameters

Finally, the effect of rotation speed and liquid surface ten-
sion on the mean volume of the granules is presented in
Figure 7 for CG2. With increasing surface tension, the
mean granule volume increases at all rotation speeds as
(Vp)!V, = B(y = v1), with slope g ~ 70 and lower limit
v1 ~ 0.027. At small surface tensions y < yy, there are no
considerable granules found. All data collapse reasonably
well for different rotation speeds and a wide range of y.
Only at the highest y = 0.4440 N/m, the mean volume of
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granules increases slightly with decreasing rotation speed.

,¥=0.0067 N/m
¥=0.0135 N/m

0.0067 N/m

0.1095 N/m

[ ]
0.2190 N/m u
A

e

35
0.4440 N/m

0.0067 N/m
0.0135 N/m

w
S

~N
a

= = ~N
1) G S
\
v
\

Mean normalized granule volume at steady-state
»
Ay
\
\
«

o

o
ot=
o
o

0.2 0.3 0.4
Surface tension (N/m)

Figure 7: Effect of rotation speed, w, surface tension, 7,
on the mean volume of granules in steady-state, from the
CGQG2 system simulations with y, = 2y.

4 Conclusion

In this study, we employed CG-DEM to model a drum
granulator and graph network analysis (GNA) to identify
granules based on cohesive force and velocity criteria. By
comparing key metrics, including mean granule volume,
number of granules, granule size distribution, and process
yield, we observed good agreement of upscaled CG sim-
ulations with the original case, while achieving approxi-
mately 12x and 32x speed-up for CG2 and CG3 simu-
lations, respectively. Therefore, the proposed CG-DEM
framework, integrated with graph network analysis, en-
ables a trade-off between simulation efficiency and ac-
curacy, making it a valuable tool for investigation of a
complex process such as granulation. Studying alterna-
tive GNA-criteria and developing a model for predicting
granulation characteristics, via integrating machine learn-
ing models in this framework, is subject of future studies.
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