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 A B S T R A C T

Geothermal systems provide continuous, low-carbon energy by harnessing the Earth’s renewable heat, but 
their efficiency can be hindered by issues such as limited heat production and thermal breakthrough. A 
promising approach to overcome these issues is to inject polymer-based microcapsules into fractures to modify 
permeability, which requires a clear understanding of particle transport within the fracture network. To do so, 
this study used Computational Fluid Dynamics–Discrete Element Method (CFD–DEM) simulations combined 
with machine learning (ML) to capture particle transport behavior under varying temperature conditions. The 
dataset comprises 45 CFD–DEM test cases, which are generated by coupling OpenFOAM (for fluid dynamics) 
and LIGGGHTS (for particle tracking), enabling detailed modeling of thermo-hydro processes and particle 
interactions. To assess their influence on transport behavior, key parameters include particle diameter (𝐷), 
formation temperature (𝑇 ), and particle volume fraction (𝜙). Supervised learning models, including random 
forest and interpretable decision tree classifiers, were trained to classify flow blockage. Feature importance 
analysis identified 𝜙 and 𝐷 as the most critical factors impacting the particle transports. To avoid sealing 
progression, the accumulation of low-velocity particles over time was fit with a sigmoid function. Results 
show that higher particle concentrations and larger diameters reduce transport efficiency, while elevated inlet 
velocities enhance particle mobility and prolong transport through the fracture. This interpretable data-driven 
approach, grounded in CFDEM simulations, offers a predictive tool for particle transport in fractures subject 
to complex geothermal environments.
1. Introduction

Approximately 80% of the energy consumed in the United States 
originates from subsurface sources, including fossil fuels and geother-
mal resources (US Department of Energy, Office of Basic Energy Sci-
ences, 2015). While geothermal energy accounted for only about 0.4% 
of utility-scale electricity generation in the United States in 2023 (US 
Energy Information Administration, 2024), it offers a key advantage 
over wind and solar energies. Geothermal energy provides a constant 
energy supply as it harnesses heat from within the Earth, making it un-
affected by weather conditions or seasonal variations (Barbier, 2002). 
As the global demand for sustainable and low-carbon energy sources 
continues to grow, subsurface energy systems including geothermal en-
ergy, carbon capture and storage (CCS), underground hydrogen storage, 
and compressed air energy storage (CAES) have emerged as critical 
technologies in the transition to a cleaner energy future. These systems 
offer significant advantages such as low greenhouse gas emissions, 
reliable baseload power generation, and large-scale energy or carbon 
storage capacity (Tester et al., 2021).
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In enhanced geothermal systems (EGS), hydraulic stimulation is 
often employed to create or reactivate fractures that serve as path-
ways for fluid flow (Jia et al., 2022; Olasolo et al., 2016). Enhancing 
permeability improves fluid circulation and heat extraction efficiency 
in the early stages. However, it can also increase the risk of thermal 
breakthrough if the fluid follows preferential, short pathways that limit 
sufficient heat exchange with the reservoir rock. Thermal breakthrough 
occurs when injected cold water rapidly travels through preferential 
flow paths to production wells, bypassing much of the reservoir and 
reducing both thermal efficiency and system performance (Zhang and 
Newell, 2024; Tsang et al., 1991; Grant, 2013; Li et al., 2016b). To 
mitigate these issues and ensure long-term viability, strategies that can 
selectively lower permeability or redirect fluid flow are gaining atten-
tion (Tetteh et al.; Rathnaweera et al., 2020; Singhal and Gupta, 2010). 
Microcapsules are a promising example of such strategies, as they 
are engineered with precise control over their size, composition, and 
internal contents to adjust fracture permeability. This technology offers 
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data mining, AI training, and similar technologies. 
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Nomenclature

𝛼𝑓 Fluid volume fraction [–]
𝛽 Momentum exchange coefficient [–]
𝝉𝑓 Fluid stress tensor [Pa]
𝛿𝑙 Boundary layer thickness [m]
𝑄̇𝑖,𝑗 Heat transfer between particles 𝑖 and 𝑗 [W]
𝑄̇𝑝,rad Radiative heat transfer [W]
𝑄̇𝑝,wall Heat transfer between particle and wall [W]
𝑄̇𝑝−𝑓 Heat transfer between particle and fluid [W]
𝜖 Internal energy [J/kg]
𝐫 Position vector [m]
𝐫𝑖 Position of particle 𝑖 [m]
𝐒 Momentum source term [N/m3]
𝐮𝑓 Fluid velocity vector [m/s]
𝐯𝑖 Velocity of particle 𝑖 [m/s]
𝜙 Particle volume fraction [–]
𝜌𝑓 Fluid density [kg/m3]
𝜌𝑝 Particle density [kg/m3]
𝑔 Gravity [m/s2]
𝐶𝑝 Particle specific heat capacity [J/(kg K)]
𝐷 Particle diameter for ML input [mm]
𝑑𝑝 Particle diameter in CFD–DEM simulations[m]
ℎ𝑝 Convective heat transfer coefficient [W/(m2 K)]
ℎ𝑤 Wall heat transfer coefficient [W/(m2 K)]
𝐾𝑓 Kinetic energy per unit mass [J/kg]
𝑘𝑓 Thermal conductivity of fluid [W/(m K)]
𝑘eff𝑓 Effective thermal conductivity [W/(m K)]
𝑀 Molar mass [kg/mol]
𝑚𝑝 Particle mass [kg]
𝑁𝑝 Number of particles [–]
𝑁𝑢𝑝 Nusselt number [–]
𝑝𝑓 Fluid pressure [Pa]
𝑃𝑟 Prandtl number [–]
𝑅 Universal gas constant [J/(mol K)]
𝑟𝑝𝑏 Point-biserial correlation coefficient [–]
𝑅𝑒𝑝 Particle Reynolds number [–]
𝑇𝑓 Fluid temperature [K]
𝑇𝑖 Particle temperature [K]
𝑇𝑤 Wall temperature [K]
𝑇ext External ambient temperature [K]
𝑈𝑓 , 𝑈𝑝 Inlet velocities of fluid and particles [m/s]
𝑉𝑝 Particle volume [m3]

an innovative approach for targeted, stimulus-responsive permeability 
control within subsurface environments. Once transported to strategic 
locations within a fracture network, these particles can rupture and 
release reactive agents that form a porous network, narrowing the flow 
paths while still allowing fluid circulation, thereby improving system 
performance without complete blockage (Skorb and Möhwald, 2014; 
Xiao et al., 2022).

Transport of solid particles in subsurface channels and fractures are 
studied with different terminologies and for different applications. For 
instance, He and Newell (2020) used multi-physics simulation to cap-
ture interactions of fracture, particle motion within a two-phase flow 
in mitigating fracture propagation. Other researchers have investigated 
the use of proppants–small particles such as sand that are injected to 
keep hydraulic fractures open once created by fluid pressure. (Barboza 
et al., 2021; Li et al., 2016a; Brannon et al., 2006). Transport of prop-
pants in fractured media has also been investigated well experimentally 
2 
(Zhang et al., 2020; Peng et al., 2022; Liu and Sharma, 2005; Sahai, 
2012; Qu et al., 2023, 2024b). Many researchers explored the effect of 
factors such as flow rate, fluid rheology, fracture dimension and rough-
ness, and proppant properties on the dune development (Kern et al., 
1959; Liu and Sharma, 2005; Fernández et al., 2019; Raimbay et al., 
2016). Other studies investigated the ball-sealer (which are particles 
of bigger size in comparison to proppants and microcapsule) transport 
and plugging performance in wells (Qu et al., 2024a; Liu et al., 2025; 
Nozaki et al., 2013). Meanwhile, some experimental and numerical 
studies investigated the nanoparticle behavior under different factors 
such as pumping pressure, particle concentration, and size (Ju and Fan, 
2009; Chowdhury et al., 2011; Alaskar et al., 2012). Visual experiments 
by Tetteh et al. showed the dependency of fracture blocking to the 
ratio of microcapsule size to fracture aperture (Tetteh et al.). Zhang 
et al. (2022b) performed experimental investigations on the role of 
proppants in geothermal energy extraction. Their results showed that 
adding proppants helped maintain rock permeability and counteracted 
the decline in heat recovery efficiency typically caused by higher con-
fining pressure and temperature. Experimental work by Ju and Fan (Ju 
and Fan, 2009) demonstrated that polysilicon nanoparticles decrease 
porous media permeability by adhering to pore surfaces and clogging 
pore throats.

Beside experimental studies, numerical simulations and computer 
models enhanced our understanding of particles transport in subsurface 
fractures. Specifically, simulations using coupled computational fluid 
dynamics and discrete element methods (CFD–DEM) becomes popular 
to study the interplay between microcapsule characteristics and mate-
rial properties such as stiffness, shell thickness, and deformability, as 
well as fracture features including aperture, roughness, and tortuosity 
(Zhang and Newell, 2024; You et al., 2020; Fazli et al., 2023; Li 
et al., 2020). For example, Zhang and Newell (2024), Hanna (2022) 
and Zhuang et al. (2021) showed that in smooth fractures, small 
microcapsules can pass through regardless of concentration. In contrast, 
larger ones are able to transport effectively at only low concentrations. 
Medium-sized and mixed populations of microcapsules, however, tend 
to promote sealing across all concentration levels. The above authors 
also discussed that in rough fractures, transport behavior becomes more 
complex due to increased interactions with the fracture walls. In rough 
fractures, microcapsule transport becomes less dependent on the prop-
erties of individual capsule, which increases the likelihood of clogging. 
CFD–DEM modeling, experiments, and material engineering are ad-
vancing microcapsule-based permeability control as a viable method for 
managing flow in fractured geothermal systems. However, challenges 
remain, including understanding behavior in complex fracture net-
works, optimizing formulations for in situ conditions, and developing 
reliable field-scale deployment strategies. Continued research in this 
area will be essential to overcoming these limitations and unlocking the 
full potential of this technology for geothermal and broader subsurface 
energy applications. Traditional CFD–DEM simulations, although pow-
erful, become computationally prohibitive when scaled to field-relevant 
geometries or used for exploring wide parameter spaces (Zhang and 
Newell, 2024; You et al., 2020; Khodadadi et al., 2023; Wang et al., 
2024; Ramezani et al., 2025). These constraints limit their practical 
applicability in real-time decision-making or large-scale optimization 
tasks.

To overcome the high computational costs of fully resolved CFD–
DEM simulations, researchers are increasingly adopting data-driven 
and machine learning (ML)-based approaches to approximate com-
plex subsurface processes and proppant (particle) transport. Hou et al. 
(2022) investigated proppant transport in low-viscosity fracturing flu-
ids using a machine-learning workflow on field-scale shale gas data 
to evaluate particle settlement, stratified flow, and inception features. 
SA Thabet et al. (2024) developed and optimized several machine 
learning models, including neural networks and ensemble methods, to 
predict bottom-hole pressure during coiled tubing cleanout operations 
with nitrified fluids. Their models achieved high accuracy and provided 
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a real-time, cost-effective alternative to traditional calibration-based 
methods. Hai Q. et al. (Qu et al., 2024a) investigated ball-sealer di-
version using combined experimental and CFD–DEM simulations to 
analyze ball transport and diversion behavior in horizontal wellbores. 
They further applied a random forest model (F1 = 87%) to optimize 
design parameters and improve prediction of diversion performance 
in hydraulic fracturing treatments. Wayo et al. (2025) developed a 
hybrid symbolic-machine learning framework that combines physics-
based modeling and ensemble learning to accurately predict prop-
pant settling rates in hydraulic fracturing. The approach achieved 
high accuracy (R2 = 0.997) while offering a computationally effi-
cient and interpretable alternative to full CFD–DEM simulations for 
fracture design and proppant transport analysis. Similarly, Maity and 
Ciezobka (Maity and Ciezobka, 2019) developed an artificial neu-
ral network-based workflow to detect and classify proppant particles 
in subsurface rock samples, enabling accurate proppant distribution 
analysis and outperforming traditional classification methods. Recent 
CFD–DEM work has captured filtration in porous media (Poletto et al., 
2024), and deep-learning surrogates such as NeuralDEM enable real-
time prediction of particulate clogging (Alkin et al., 2024), yet predic-
tive modeling of chemically or thermally responsive microcapsules in 
subsurface systems is still lacking.

Our study integrates CFD–DEM simulations (using OpenFOAM and 
LIGGGHTS) with interpretable ML models to study the transport be-
havior of functional microcapsule prior to rupture to establish the 
fundamental hydrodynamic mechanisms governing their distribution 
within fracture networks. It is important to note that the function of 
these microcapsules are different than proppants. Although, microcap-
sules post-transport processes such as rupture, polymer release, and 
subsequent fracture sealing are crucial for assessing overall system per-
formance, these phenomena are intentionally reserved for future work. 
This work represents the systematic integration of CFD–DEM with 
interpretable ML to examine the influence of particle size, temperature, 
and volume fraction on sealing dynamics. We focus on interpretable ML 
models and a detailed cross-validation procedure to mitigate challenges 
associated with small data regimes. While CFD–DEM is essential for 
capturing complex particle–fluid–fracture interactions, it is computa-
tionally expensive. ML surrogates, once trained, can provide rapid 
predictions, identify key drivers, and even extract physical insights 
(with discovered analytical relationships).

The remainder of this paper is organized as follows. Section 2 
introduces the numerical framework, including the CFD–DEM modeling 
approach, case setup for the 45 simulations, and the selection of 
relevant input parameters. It also explains the ML algorithms employed. 
Section 3 discusses the results of the ML models and highlights the 
physical insights gained through model interpretation. Section 4 pro-
vides a broader discussion and implications, and Section 5 concludes 
the paper by summarizing the main findings and outlining future 
research directions.

2. Methods

A series of CFD–DEM simulations was conducted to generate a com-
prehensive dataset capturing the dynamics of microcapsule transport 
and accumulation in fractured environments. Building on this dataset, 
ML techniques were employed to develop interpretable models that 
predict sealing behavior under varying conditions. These models offer 
insights into the critical factors governing permeability control and can 
support the design of more effective microcapsule-based permeability 
control strategies for subsurface applications.

2.1. CFD-DEM simulation and governing equations

This study uses a non-resolved coupled CFD–DEM simulation frame-
work, in which each particle is modeled as a point source of momentum 
exchange with the surrounding fluid. The framework consists of three 
3 
main components: computational fluid dynamics (CFD), the discrete 
element method (DEM), and their interaction through a coupling algo-
rithm. In the CFD module, the continuity and momentum conservation 
equations are solved to determine the pressure and velocity fields of 
the fluid phase. The coupling module computes the drag forces acting 
on the particles, which are then used in the DEM module to update 
the positions and trajectories of individual microcapsule particles. Fol-
lowing the particle updates, the volume fraction is recalculated and 
passed back to the CFD module, allowing continuous feedback between 
the fluid and particle phases. Fig.  1 illustrates the overall simulation 
workflow adopted in this study. A full description of the governing 
equations and numerical models can be found in prior works (Golshan 
et al., 2020; Zhang et al., 2023, 2022a; Zhao et al., 2024; Zhou et al., 
2020); therefore, only the key equations and a high-level overview 
are provided here. Numerical convergence was confirmed by grid 
refinement studies and time step sensitivity analysis, ensuring that 
the solutions satisfy mass, momentum, and energy conservation laws 
with acceptable discretization errors. These verification steps confirm 
the solver’s reliability for simulating particle-laden flow and thermal 
transport in fractured media.

The CFD and DEM components were implemented using open-
source platforms OpenFOAM (Jasak, 2009) and LIGGGHTS (Kloss and 
Goniva, 2011), respectively. Coupling between the two solvers was 
achieved through the CFD–DEM coupling framework, as described by 
Hanger at al. Hager et al. (2018). To extend the capabilities of the 
standard CFD–DEM framework, we integrated advanced heat trans-
fer models utilizing the thermal exchange capabilities of OpenFOAM. 
These enhancements enable simulation of coupled thermal conditions 
affecting particle–fluid interactions, as illustrated in Fig.  1. The behav-
ior of the fluid phase is governed by the volume-averaged continuity 
and momentum Eq.  (1) (2). These equations describe the conservation 
of mass and momentum in the presence of dispersed solid particles and 
are expressed in terms of the fluid volume fraction 𝛼𝑓 , fluid density 
𝜌𝑓 , and velocity 𝐮𝑓  (Golshan et al., 2020; Zhang et al., 2023). In this 
context, 𝛼𝑝 denotes the particle volume fraction, with 𝛼𝑓 + 𝛼𝑝 = 1. 
𝜕
(

𝛼𝑓 𝜌𝑓
)

𝜕𝑡
+ ∇ ⋅

(

𝛼𝑓 𝜌𝑓 𝐮𝑓
)

= 0. (1)

𝜕
(

𝛼𝑓 𝜌𝑓 𝐮𝑓
)

𝜕𝑡
+ ∇ ⋅

(

𝛼𝑓 𝜌𝑓 𝐮𝑓 𝐮𝑓
)

= −𝛼𝑓 ∇𝑝𝑓 + ∇ ⋅
(

𝛼𝑓 𝝉𝑓
)

− 𝐒 + 𝛼𝑓 𝜌𝑓 𝐠,

(2)

where 𝐠 represent gravity in the -z direction, 𝝉𝑓  represents the stress 
tensor for the fluid, and the density of the fluid is determined using the 
ideal gas law, expressed as: 

𝜌𝑓 =
𝑝𝑓𝑀
𝑅𝑇𝑓

. (3)

The term 𝑆 denotes the momentum source arising from fluid–solid 
interactions, and is defined as (4): 
𝐒 =

∑

𝑖
3𝜋 𝜇𝑓 𝛼𝑓 𝑑𝑝,𝑖 𝛽

(

𝐮𝑓 − 𝐯𝑖
)

𝐷
(

𝐫 − 𝐫𝑖
)

. (4)

The momentum source term is implemented using a semi-implicit 
scheme (Verma et al., 2013; Patil et al., 2014). In Eq.  (4), the function 
𝐷 denotes the polynomial distribution function introduced by Deen 
et al. (2007), which maps the particle’s position 𝐫𝑖 to the corresponding 
computational cell at location 𝐫. A mapping width of 3𝑑𝑝 is employed 
for this interpolation. For a comprehensive overview of the Eulerian–
Lagrangian coupling methodology, the reader is referred to Deen et al. 
(2007) and Lau et al. (2014). The interface momentum exchange co-
efficient, denoted as 𝛽, quantifies the volumetric drag force exerted by 
the fluid phase on suspended particles and serves as a key parameter in 
Eulerian–Lagrangian multiphase flow models. It captures the momen-
tum transfer due to relative motion between the phases and depends 
on the local solid volume fraction and the particle Reynolds number. 
This study calculates 𝛽 using the correlation proposed by Beetstra et al. 
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Fig. 1. An overview and flow chart of the CFD–DEM coupling process. 
(2007), which is widely used for dense gas–solid flows and provides 
improved accuracy over simpler drag laws, such as the Ergun equation 
and Wen and Yu correlation which are suitable for dilute particle 
suspensions. The full expression is given in Eq. (5).

𝛽 =
10(1 − 𝛼𝑓 )

𝛼2𝑓
+ 𝛼2𝑓

(

1 + 1.5
√

1 − 𝛼𝑓
)

+
0.413Re𝑝
24𝛼2𝑓

⎛

⎜

⎜

⎝

𝛼−1𝑓 + 3𝛼𝑓 (1 − 𝛼𝑓 ) + 8.4Re−0.343𝑝

1 + 103(1 − 𝛼𝑓 )Re
−0.5−2(1−𝛼𝑓 )
𝑝

⎞

⎟

⎟

⎠

, (5)

with 

Re𝑝 =
𝛼𝑓 𝜌𝑓

|

|

|

𝐮𝑓 − 𝐯𝑝
|

|

|

𝑑𝑝
𝜇𝑓

. (6)

The energy balance for the fluid, excluding the contribution of 
drag-induced work from the fluid on the particles, is expressed as (7): 
𝜕
𝜕𝑡

(

𝛼𝑓 𝜌𝑓 (𝜖 +𝐾𝑓 )
)

= −∇ ⋅ (𝛼𝑓 𝑝 𝑢) + 𝑄̇𝑝-𝑓 + ∇ ⋅
(

𝛼𝑓 𝑘eff𝑓 ∇𝑇𝑓
)

, (7)

where, 𝜖 denotes the internal energy of the fluid and 𝐾𝑓 = 𝑢2∕2
represents the kinetic energy per unit mass. The fluid temperature, 
𝑇𝑓 , is obtained by solving Eq.  (7) with the fluid heat capacity using 
the relation 𝑇𝑓 = 𝛼𝑓∕𝐶𝑓 . Energy exchange between the fluid and 
particle phases occurs through both conduction and diffusion mech-
anisms. These processes are modeled using the approach developed 
by Syamlal and Gidaspow (1985) that incorporates an effective thermal 
conductivity for the fluid given by (8): 

𝑘eff𝑓 =
1 −

√

1 − 𝛼𝑓
𝛼𝑓

𝑘𝑓 . (8)

In this expression, 𝛼𝑓  is the fluid volume fraction and 𝑘𝑓  is the 
intrinsic thermal conductivity of the pure fluid. The resulting 𝑘eff
𝑓

4 
denotes the effective thermal conductivity of the fluid phase in the 
presence of suspended particles. Heat transfer between the fluid and 
particles is evaluated by summing the individual contributions from all 
particles, using a discrete Dirac delta function (Mu et al., 2020) to map 
particle-scale effects onto the Eulerian mesh expressed in (9). 
∑

𝑖
𝑄̇𝑝-𝑓 = 𝜋 𝑘𝑓 𝑑𝑝 𝑁𝑢𝑝 (𝑇𝑖 − 𝑇𝑓 ) 𝛿

(

𝑟 − 𝑟𝑖
)

. (9)

In this expression, 𝑘𝑓  is the thermal conductivity of the fluid, 
𝑑𝑝 is the particle diameter, 𝑇𝑖 and 𝑇𝑓  denote the particle and fluid 
temperatures, respectively, and 𝑁𝑢𝑝 is the Nusselt number. The Nusselt 
number is determined using the Gunn equation (Gunn, 1978) shown 
below (10):
𝑁𝑢𝑝 =

(

7 − 10𝛼𝑓 + 5𝛼2𝑓
)(

1 + 0.7𝑅𝑒0.2𝑝 𝑃𝑟0.33
)

+
(

1.33 − 2.40𝛼𝑓 + 1.2𝛼2𝑓
)

𝑅𝑒0.7𝑝 𝑃𝑟0.33. (10)

The Nusselt number (𝑁𝑢𝑝) and the Prandtl number (𝑃𝑟) are com-
puted as follows (11): 

𝑁𝑢𝑝 =
ℎ𝑝𝑑𝑝
𝑘𝑓

, 𝑃 𝑟 =
𝜇𝑓𝐶𝑝,𝑓

𝑘𝑓
. (11)

Convective heat transfer is assumed to be the dominant mode of 
thermal transport in the domain. The energy balance for each particle 
is described by Eq.  (12): 

𝑚𝑝𝐶𝑝
𝑑𝑇
𝑑𝑡

= 𝜌𝑝𝑉𝑝𝐶𝑝
𝑑𝑇𝑖
𝑑𝑡

=
𝑁𝑝
∑

𝑖=1, 𝑖≠𝑗
𝑄̇𝑖,𝑗 + 𝑄̇𝑝−𝑓 + 𝑄̇𝑝,wall + 𝑄̇𝑝,rad, (12)

where 𝑚𝑝, 𝜌𝑝, 𝑉𝑝, 𝐶𝑝 and 𝑁𝑝 denote the particle mass, density, vol-
ume, specific heat capacity, and total number of particles respec-
tively. The terms 𝑄̇𝑖,𝑗 , 𝑄̇𝑝−𝑓 , 𝑄̇𝑝,wall, and 𝑄̇𝑝,rad represent heat transfer 
due to particle–particle contact, particle–fluid interaction, particle–wall 
contact, and radiative heat exchange, respectively.
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Initially, all particles are assumed to be at room temperature (20◦C), 
rendering radiative heat transfer negligible. Previous studies have 
demonstrated that the thermal contributions from particle–particle and 
particle–wall interactions are relatively minor compared to convective 
heat transfer and do not significantly affect particle temperatures 
within the fracture domain Zhou et al. (2020). It is known that convec-
tive heat exchange at the fluid-solid interface is the primary mechanism 
governing particle heat transfer (Lichtenegger et al., 2017; Zhou et al., 
2009). Based on this understanding, the energy equation is simplified 
as follows (13): 

𝜌𝑝𝑉𝑝𝐶𝑝
𝑑𝑇𝑖
𝑑𝑡

= 𝑄̇𝑝−𝑓 = −𝜋𝑘𝑓𝑑𝑝Nu𝑝(𝑇𝑖 − 𝑇𝑓 ). (13)

Heat loss associated with fluid–wall interactions is incorporated into 
the fluid-phase thermal energy equation through a boundary condition 
that accounts for the thickness of the heat transfer boundary layer. 
This layer represents the thermal resistance found in thin films with 
thicknesses smaller than the particle diameter. Prior studies have shown 
that the majority of the heat transfer resistance and the steepest temper-
ature gradients are located near the wall (Patil et al., 2015), indicating 
that wall effects predominantly govern heat transfer. To maintain this 
film as an unresolved scale, the computational grid size must be larger 
than the boundary layer thickness. Under this assumption, the heat 
transfer from the fluid phase to the wall is modeled using heat transfer 
coefficient in Eq.  (14): 

ℎ𝑤 =
𝑘𝑓
𝛿𝑙

, (14)

where 𝛿𝑙 denotes the thickness of the thin film layer where the majority 
of the heat transfer resistance is concentrated. Although some thermal 
resistance exists within the wall itself, it is negligible compared to that 
of the fluid layer. The external temperature, or the temperature deep 
within the wall, is assumed to be the ambient temperature, 𝑇ext =
20 ◦C. A typical boundary condition for the fluid temperature at a wall 
positioned in the 𝑥𝑦-plane is expressed as Eq.  (15): 

−𝑘eff𝑓

𝑑𝑇𝑓
𝑑𝑥

= ℎ𝑤(𝑇𝑤 − 𝑇𝑓 ). (15)

To investigate thermal effects, the fluid and microcapsules were 
initially set to a uniform temperature of 20 ◦C. The fracture walls 
were then subjected to five temperature conditions: 20 ◦C, 90 ◦C, 
120 ◦C, 150 ◦C, and 200 ◦C. Microcapsules with diameters of 0.5 mm, 
0.8 mm, and 1.0 mm were considered, with mechanical and thermal 
properties chosen to replicate realistic behavior. A simplified compu-
tational domain was established to model microcapsule transport, as 
schematically illustrated in Fig.  2. All simulations employed uniform 
hexahedral meshes with 200 × 1 × 25 resolution in x, y, and z 
directions respectively, resulting in 2 mm×2 mm mesh size in xz plane. 
Forty-five simulation cases were generated by systematically varying 
three key parameters: particle diameter (𝐷), wall temperature (𝑇 ), and 
particles volume fraction (𝜙). Each case was labeled based on the final 
simulation outcome, whether complete blockage (i.e., sealing of the 
fracture) occurred or not. This labeled dataset forms the basis for the 
ML-based classification framework presented in the following sections. 
The material properties and heat transfer model constants are provided 
in Table  1.

2.2. Decision tree classifier

A decision tree is a supervised learning algorithm for classification 
and regression tasks. A decision tree was chosen for its simplicity, 
interpretability, and effectiveness on small datasets, allowing clear 
insight into the role of each input feature in predicting blockage. It 
models decisions using a tree-like structure, where each internal node 
represents a decision rule based on a single input feature, each branch 
corresponds to one of the possible outcomes of that rule, and each 
leaf node assigns a predicted class label. This hierarchical structure 
5 
Table 1
Simulation parameters for particles transport in fractured media.
 Property Values  
 Particle diameter (mm) [0.5, 0.8, 1]  
 Particle density (kg/m3) 1000  
 Fluid viscosity (Pa s) 1 × 10−6  
 Fluid density (kg/m3) 1000  
 Thermal conductivity of particles (W/m K) 1.4  
 Specific heat capacity of particles (J/kg K) 840  
 Concentration of particles (𝜙𝑝) [0.05, 0.1, 0.2]  
 Young’s modulus (Pa) 1 × 109  
 Normal restitution coefficient 0.5  
 Poisson’s ratio 0.3  
 Drag model Tenneti et al. (2011) 
 Initial particle temperature (K) 293.15  
 Coefficient of friction (p–p) 0.1  
 Coefficient of friction (p–w) 0.4  
 Coefficient of rolling friction 0.125  
 Time step (CFD) (s) 1 × 10−4  
 Time step (DEM) (s) 1 × 10−6  
 Coupling interval 100  
 Inlet fluid temperature (K) 293.15  
 Inlet velocity (m/s) 𝑈𝑓 = 1, 𝑈𝑝 = 1  
 Number of cells (𝑥 × 𝑦 × 𝑧) 100 × 1 × 25  

enables the model to sequentially partition the feature space into in-
creasingly homogeneous subsets, ultimately capturing complex decision 
boundaries in a simple and interpretable form. Given a dataset 𝐷 =
{(𝑥𝑖, 𝑦𝑖)}𝑁𝑖=1, where 𝑥𝑖 ∈ R𝑑 represents the feature vector (in this 
case, diameter 𝐷, temperature 𝑇 , and particles volume fraction 𝜙), and 
𝑦𝑖 ∈ {0, 1} indicates the presence or absence of blockage, the decision 
tree recursively partitions the feature space to minimize the impurity of 
each node. At each split, the algorithm selects the feature and threshold 
that produces the most homogeneous branches, quantified using the 
Gini impurity (Yuan et al., 2021). The Gini impurity is a measure of 
the likelihood of incorrect classification of a randomly chosen element 
from the dataset, assuming the element is randomly labeled according 
to the class distribution at that node. For a node containing samples 
from 𝐾 classes, the Gini impurity is defined as: 

Gini(𝑡) = 1 −
𝐾
∑

𝑘=1
𝑝2𝑘, (16)

where 𝑝𝑘 is the proportion of samples belonging to class 𝑘 in the node 
𝑡. For binary classification (blockage = 0 or 1), it becomes: 
Gini(𝑡) = 1 − 𝑝20 − 𝑝21. (17)

The objective of each split is to minimize the weighted sum of the 
Gini impurities of the resulting child nodes: 
Gini(split) =

𝑛𝐿
𝑛

⋅ Gini(𝐿) +
𝑛𝑅
𝑛

⋅ Gini(𝑅), (18)

where 𝑛𝐿 and 𝑛𝑅 are the number of samples in the left and right child 
nodes, respectively, and 𝑛 = 𝑛𝐿 + 𝑛𝑅. A lower Gini impurity indicates 
purer splits. The tree continues to split until a stopping criterion is 
reached, such as a maximum depth or minimum number of samples 
per node.

To predict the presence of blockage based on particle characteristics 
and thermal conditions, a decision tree classifier was implemented 
using Python’s scikit-learn library (Pedregosa et al., 2011). The dataset 
consisted of 45 test cases, with three input features: particle diameter 
(𝐷), surface temperature (𝑇 ), and particles volume fraction (𝜙). The 
binary output variable indicated whether a blockage occurred (1) or 
not (0). Instead of a single train–test split, a 5-fold cross-validation 
approach was employed to ensure a more robust and unbiased evalua-
tion of the model. In this method, the dataset was partitioned into five 
equal subsets; each fold was used once as a validation set while the 
remaining four served as the training set. The median model among 
the five was selected for presentation, as it provides a more reliable 
estimate of generalization performance, particularly given the limited 
dataset size.
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Fig. 2. Geometry of the computational domain with dimensions, boundary conditions, and microcapsules.
2.3. Random forest classifier

A random forest is an ensemble learning method that combines 
multiple decision trees to improve classification accuracy and reduce 
overfitting (Liu et al., 2012). Random forests are opaque ML models 
and not interpretable. In this work, we compared their performance 
with the simpler interpretable decision tree. Random forest works by 
constructing 𝐵 independent decision trees on bootstrap samples of the 
original dataset and aggregating their predictions. Each decision tree is 
built using a random subset of features, ensuring model diversity. Given 
a set of decision trees {ℎ𝑏(𝑥)}𝐵𝑏=1, the random forest classifier predicts 
the final output via majority voting: 
𝑦̂ = mode

(

{ℎ𝑏(𝑥)}𝐵𝑏=1
)

, (19)

where ℎ𝑏(𝑥) is the prediction of the 𝑏th tree in the ensemble. Fig. 
3 illustrates the structure of a random forest, composed of multiple 
decision trees that collectively contribute to the final classification 
outcome.

To rigorously evaluate the model’s generalization performance and 
the effect of the number of trees (𝐵), nested 5-fold cross-validation was 
employed. This approach consists of two levels of cross-validation. The 
outer loop partitions the dataset into five folds, rotating each fold as 
the held-out test set to evaluate the model’s final performance. This 
ensures that each data point serves as a test case only once. Within 
each outer training set, an inner 5-fold cross-validation was used to 
assess training accuracy for different values of 𝐵 (number of trees), 
ranging from 2 to 200. The nested setup avoids biased performance 
estimates and ensures that the evaluation of model accuracy in the 
test data is independent of the training process. For each combination 
of outer fold and tree count, a model was trained and saved, and 
both training and testing accuracies were recorded. All models were 
implemented with RandomForestClassifier from the scikit-
learn library, using a fixed random seed for reproducibility. Default 
parameters were used unless otherwise specified. To obtain a robust 
final prediction, we used the median output of the five models trained 
in the outer folds as the final model output.

2.4. Feature importance

Feature importance in decision trees and random forests quantifies 
the contribution of each feature to the prediction model. In decision 
trees that use the Gini impurity criterion, the importance of a feature 
𝑓 is quantified by summing up the total reduction in Gini impurity that 
occurs whenever the feature is used to split a node across all nodes and, 
in the case of ensemble methods like random forests, across all trees in 
the model. This total decrease reflects how much the feature helps to 
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create more homogeneous (pure) child nodes, and thus how influential 
it is in guiding the model’s predictions. For a single tree, the importance 
of feature 𝑓 is: 

Imp(𝑓 ) =
∑

𝑡∈Nodes where 𝑓 is used
𝑛𝑡
𝑁

𝛥Gini(𝑡), (20)

where 𝑛𝑡 is the number of samples at node 𝑡 and 𝑁 is the total 
number of samples. 𝛥𝐺𝑖𝑛𝑖(𝑡) is the Gini gain from splitting on feature 𝑓
at node 𝑡 (Louppe et al., 2013; Tangirala, 2020). In random forests, 
this importance is averaged over all decision trees in the ensemble, 
providing a robust estimate of how relevant each feature is to the 
prediction.

2.5. Statistical analysis

To evaluate the relationship between the input parameters, particle 
diameter (𝐷), rock temperature (𝑇 ), and particles volume fraction (𝜙), 
and the binary outcome variable indicating blockage occurrence (𝑌 ∈
{0, 1}), the point-biserial correlation coefficient (𝑟𝑝𝑏) was computed. 
This coefficient is a special case of the Pearson correlation, used when 
one variable is binary and the other is continuous. Although 𝐷, 𝑇 , and 𝜙
are sampled at discrete levels in the dataset, they are inherently numer-
ical, ordered, and measured on meaningful physical scales. Therefore, 
they were treated as quasi-continuous for the purposes of correlation 
analysis. The point-biserial correlation is defined as (MacCallum et al., 
2002): 

𝑟𝑝𝑏 =
𝑋1 −𝑋0

𝑠𝑋

√

𝑛1𝑛0
𝑛2

, (21)

where 𝑋1 and 𝑋0 are the means of the continuous variable for the two 
groups defined by 𝑌 = 1 and 𝑌 = 0, respectively, 𝑠𝑋 is the standard 
deviation of the continuous variable across all observations, 𝑛1 and 𝑛0
are the sample sizes of each group, and 𝑛 = 𝑛1 + 𝑛0 is the total number 
of observations.

To assess the statistical significance of 𝑟𝑝𝑏, the following test statistic 
was computed: 

𝑡 = 𝑟𝑝𝑏

√

𝑛 − 2
1 − 𝑟2𝑝𝑏

. (22)

This statistic follows a Student’s 𝑡-distribution with 𝑛 − 2 degrees 
of freedom, from which the corresponding 𝑝-value is obtained. A 𝑝-
value less than 0.05 was considered statistically significant, indicating 
a non-random association between the parameter and the occurrence 
of blockage.
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Fig. 3. Schematic representation of a random forest classifier consisting of an ensemble of decision trees. Each tree makes an independent prediction, and the 
final output is determined by majority voting. The thresholds are illustrative only and do not reflect the actual trained models or dataset values.
2.6. Analytical model development with regression

To characterize the sealing dynamics of particle-laden flow, we 
analyzed the number of particles with a velocity magnitude below 
a given threshold over time. In the baseline analysis, a threshold of 
0.1 m/s was chosen, motivated by the observation that particles below 
this speed contribute dominantly to seal formation. The robustness of 
this choice is evaluated in the Discussion Section. Let 𝑁(𝑡) denote the 
number of such particles at time 𝑡. For each simulation case, the time 
series 𝑁(𝑡) was normalized by its maximum value across all time points:

𝑁̃(𝑡) =
𝑁(𝑡)

max𝑡 𝑁(𝑡)
. (23)

This normalization ensures that 𝑁̃(𝑡) ∈ [0, 1], and facilitates compar-
ison across simulations with different particle counts or configurations. 
To suppress noise and short-term fluctuations in 𝑁̃(𝑡), a smoothing 
operation was applied using a convolution-based moving average filter:

𝑁̄(𝑡𝑖) =
1

2𝑤 + 1

𝑖+𝑤
∑

𝑗=𝑖−𝑤
𝑁̃(𝑡𝑗 ), (24)

where 𝑤 is the window half-width (selected empirically), and 𝑁̄(𝑡𝑖) is 
the smoothed normalized count at time 𝑡𝑖. This process preserves the 
general trend of the curve and reduce high-frequency noise. We then 
fit a sigmoid function to the smoothed data 𝑁̄(𝑡) using nonlinear least 
squares minimization. The chosen sigmoid form is (Cybenko, 1989): 

𝑓 (𝑡) = 1
1 + exp[−𝑘(𝑡 − 𝑡0)]

, (25)

where:

• 𝑡0 is the inflection point, representing the time at which sealing 
reaches 50% of its maximum,

• 𝑘 controls the steepness of the curve and characterizes the rate of 
sealing progression.
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Once the parameters 𝑡0 and 𝑘 were estimated for each case, we 
trained linear regression models to predict these parameters as func-
tions of particle diameter 𝐷, temperature 𝑇 , and particles volume 
fraction 𝜙. The fitted models take the form: 
𝑡0 = 𝑎0 + 𝑎1𝐷 + 𝑎2𝑇 + 𝑎3𝜙 and 𝑘 = 𝑏0 + 𝑏1𝐷 + 𝑏2𝑇 + 𝑏3𝜙, (26)

where 𝑎𝑖 and 𝑏𝑖 are regression coefficients estimated via least squares 
fitting.

3. Results

3.1. CFD-DEM simulations outcome

A total of 45 CFD–DEM simulations were performed to examine the 
influence of particle diameter (𝐷), wall temperature (𝑇 ), and particles 
volume fraction (𝜙) on microcapsule transport in fractured porous 
media. These test cases systematically explore combinations of the 
three parameters to assess whether particles sealing occurs under each 
condition.

A Boolean indicator was used to determine whether sealing oc-
curred. Specifically, sealing/blockage was defined as B = 1 if sealing 
was observed, and B = 0 if no sealing occurred. This classification was 
based on visual inspection of flow patterns and particle behavior at the 
end of the simulation. The results of all 45 cases are summarized in 
Table  2, which serves as the labeled dataset for the subsequent machine 
learning analysis. This dataset enables the development and evaluation 
of predictive models for blockage classification and sealing dynamics 
based on input features 𝐷, 𝑇 , and 𝜙.

3.2. Decision tree

The dataset used consists of 45 samples characterized by three input 
features: particle diameter (𝐷), surface temperature (𝑇 ), and particles 
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Table 2
Summary of the 45 test cases with varying particle diameter (𝐷), formation temperature (𝑇 ), and particles volume fraction 
(𝜙), along with the resulting blockage (B) outcome.
Cases 𝜙 D

(mm)
T
(◦C) B Cases 𝜙 D

(mm)
T
(◦C) B Cases 𝜙 D

(mm)
T
(◦C) B

1

0.05

0.5

20 0 16

0.1

0.5

20 0 31

0.2

0.5

20 0
2 90 0 17 90 0 32 90 0
3 120 0 18 120 0 33 120 0
4 150 0 19 150 0 34 150 0
5 200 0 20 200 0 35 200 0
6

0.8

20 0 21

0.8

20 1 36

0.8

20 1
7 90 0 22 90 1 37 90 1
8 120 0 23 120 1 38 120 1
9 150 0 24 150 1 39 150 1
10 200 0 25 200 0 40 200 1
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1

20 0 26

1

20 1 41

1

20 1
12 90 0 27 90 0 42 90 1
13 120 0 28 120 1 43 120 1
14 150 0 29 150 0 44 150 1
15 200 0 30 200 0 45 200 0
Table 3
Accuracy and AUC score for each fold in 5-fold cross-
validation.
 Fold Accuracy AUC 
 Fold 1 1.00 1.00 
 Fold 2 0.89 0.89 
 Fold 3 0.89 0.83 
 Fold 4 0.56 0.75 
 Fold 5 0.89 0.92 
 Median 0.89 0.83 

volume fraction (𝜙). Given the limited dataset size, ensuring robust 
generalization was a challenge. To address this, the data was first split 
into a training set (80%) and a holdout test set (20%) using stratified 
sampling to preserve class distribution. The training set was used for 
hyperparameter tuning via grid search, where we explored maximum 
tree depths (3 to 8, and unlimited) and minimum samples per leaf (1 
to 7), while fixing the minimum samples to split at 2. Following grid 
search, the best hyperparameter combination was selected based on 
performance on the holdout set. To further assess generalization and 
robustness, we trained and evaluated the model using 5-fold strati-
fied cross-validation with the selected hyperparameters. The metrics 
reported in Table  3, are computed on the validation set of each fold and 
summarized across all five folds. The results show that the decision tree 
classifier performs well overall, with a median accuracy of 0.89 and an 
AUC of 0.83. Although Fold 4 shows lower accuracy (0.56), its AUC 
of 0.75 suggests the model still separates the two classes reasonably 
well. The AUC score reflects the model’s ability to distinguish between 
classes across all thresholds, with 1.0 indicating perfect separation. 
These results indicate good generalization despite the limited dataset.

To further evaluate the model’s performance, Table  4 presents the 
classification metrics for the median model, defined as the model whose 
accuracy ranked in the middle among the five folds (i.e., Fold 3). 
This provides a fair and representative choice for future use, rather 
than relying on the most accurate model. Precision is the proportion 
of correctly predicted positive samples among all predicted positives. 
Recall (or sensitivity) is the proportion of actual positives correctly 
identified by the model. The F1-score is the harmonic mean of precision 
and recall, providing a balance between the two. Support refers to the 
number of actual occurrences of each class in the dataset. The macro 
average computes the unweighted mean of the metrics for each class, 
treating all classes equally. In contrast, the weighted average accounts 
for the support (i.e., class frequency), making it more representative in 
imbalanced datasets.

Fig.  4 visualizes the decision tree structure of the median model, 
illustrating the sequence of feature-based splits used in classification. 
Fig.  5 presents the confusion matrix and the Receiver Operating Char-
acteristic (ROC) curve for the same model. The confusion matrix shows 
the number of correctly and incorrectly classified samples per class, 
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Table 4
Classification report for the median model (Fold 3).
 Class Precision Recall F1-score Support 
 No Blockage 0.86 1 0.92 6  
 Blockage 1 0.67 0.80 3  
 Accuracy 0.89 9  
 Macro Avg 0.93 0.83 0.86 9  
 Weighted Avg 0.90 0.89 0.88 9  

while the ROC curve illustrates the trade-off between true positive and 
false positive rates. The AUC value for the median model was 0.83, 
confirming its strong discriminative ability.

3.3. Random forest

To evaluate the performance of the random forest classifier, the 
number of estimators was varied as highlighted in Table  5. We em-
ployed nested 5-fold cross-validation, where the outer loop was used 
for testing and the inner loop for training and hyperparameter tuning. 
This approach provides a more robust estimate of generalization per-
formance by minimizing bias in the model selection process. For each 
configuration, we report the mean and standard deviation of training 
accuracy across the inner folds, along with the test accuracy averaged 
over the outer folds. As one can see, the training accuracy increases 
rapidly with the number of estimators. Even with just 2 trees, the 
mean training accuracy is 95.01%. This quickly rises to above 99% 
by 3 estimators and reaches 100% with 5 estimators, remaining at 
this perfect accuracy level for all larger ensemble sizes. The standard 
deviation of training accuracy correspondingly drops from 4.92% at 2 
estimators to 0.00% at 5 estimators and beyond, indicating excellent 
consistency and convergence of the ensemble model.

The test accuracy, however, exhibits a more delicate pattern. While 
the highest test accuracy of 91.11% is achieved with 6 estimators, 
most configurations beyond 5 trees yield a consistent test accuracy of 
86.67%. A slight dip is observed for 3 and 8 estimators, where test 
accuracy falls to 82% and 84%, respectively. These results indicate 
that increasing the number of trees improves training performance and 
stability, but has a limited effect on generalization beyond a certain 
point.

Given the negligible computational cost of training models with 
up to 200 estimators and the clear improvement in stability, it re-
mains advisable to use larger ensembles (e.g., 100 or more trees) 
in practice. While the test accuracy plateaus, the benefits in vari-
ance reduction and model robustness justify this choice, especially in 
real-world applications where stability is critical.

In summary, these findings reaffirm the effectiveness of random 
forests in achieving high training accuracy. Using 100 or more esti-
mators ensures both reliable training behavior and competitive test 
accuracy.
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Fig. 4. Visualization of the decision tree from the median model (Fold 3). Nodes show decision splits based on particle diameter, temperature, and particles 
volume fraction.
 
(a) Confusion matrix

  
(b) ROC curve with AUC

 

Fig. 5. Confusion matrix (a) and ROC curve (b) for the median model (Fold 3). The matrix shows predicted vs. actual class labels. The ROC curve shows true 
positive rate vs. false positive rate. AUC = 0.83.
Table 5
Average accuracy and standard deviation of random forest on training data and 
accuracy on test data for different numbers of estimators using 5-fold cross-
validation.
 n_estimators mean train accuracy std train accuracy test accuracy 
 2 0.95 0.05 0.87  
 3 0.99 0.02 0.82  
 4 0.98 0.02 0.87  
 5 1.00 0.00 0.87  
 6 0.99 0.02 0.91  
 7 0.99 0.02 0.87  
 8 0.99 0.02 0.84  
 9 1.00 0.00 0.87  
 10 1.00 0.01 0.87  
 >10 1.00 0.00 0.87  
 200 1.00 0.00 0.87  
9 
3.4. Feature importance analysis

To better understand the contribution of each input feature to the 
model’s predictions, feature importance scores were assessed using 
both the decision tree model shown in Fig.  4 and a more robust 
nested 5-fold cross-validation approach with a random forest classifier 
using 100 estimators. For the decision tree model, which was selected 
based on the median test accuracy, feature importance was derived 
from the structure of a single model. In contrast, the nested cross-
validation method computed feature importance scores across multiple 
outer folds, with each fold involving training a random forest on the 
respective training subset and extracting importance scores from the 
ensemble.

The combined results, summarized in Table  6, provide comple-
mentary insights. The analysis consistently identified particle volume 
fraction (𝜙) as the most influential parameter in predicting blockage. 
This likely reflects the fact that higher concentrations of particles 
directly increase the likelihood of obstruction within narrow fractures. 
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Table 6
Feature importance scores for predicting flow blockage. The first column shows importance values from 
a decision tree model selected based on median test accuracy. The second and third columns show the 
mean and standard deviation of feature importance scores obtained using nested 5-fold cross-validation 
with a random forest classifier (100 estimators).
 Feature Importance score 

(decision tree model)
Mean Importance 
(Nested 5-fold CV)

Standard deviation 

 D 0.32 0.38 0.04  
 𝜙 0.39 0.39 0.04  
 T 0.29 0.23 0.03  
Table 7
Point-biserial correlation coefficients and p-values for the relationship between 
input parameters and blockage occurrence.
 Parameter Correlation (𝑟𝑝𝑏) p-value 
 Particle diameter (𝐷) 0.390 0.0081  
 Particles volume fraction (𝜙) 0.491 0.0006  
 Formation temperature (𝑇 ) −0.204 0.1798  

Particle diameter (𝐷) also ranked highly, which aligns with the physical 
expectation that larger particles more readily interact with fracture 
walls or bridge gaps, thereby contributing more significantly to block-
age formation. In contrast, temperature (𝑇 ) showed a comparatively 
lower influence, possibly because its effects are more indirect, like mod-
ulating fluid properties such as viscosity rather than directly affecting 
the blockage mechanism. The low standard deviations across nested 
cross-validation folds further support the stability of these rankings, 
suggesting that the model’s assessment of feature importance is not 
overly sensitive to data partitioning.

These findings confirm that particle volume fraction and diameter 
are the dominant predictors of flow blockage in the studied system. The 
consistency between the two methods further supports the reliability of 
these feature importance estimates.

3.5. Point-biserial correlation results

Table  7 summarizes the results of the point-biserial correlation 
analysis between the binary blockage outcome and each of the input 
parameters. Among the variables, particle volume fraction stands out 
with the strongest positive association, emphasizing its dominant role 
in contributing to blockage. This likely reflects the increased prob-
ability of particle–particle interactions and agglomeration at higher 
concentrations. Particle diameter also showed a meaningful relation-
ship, suggesting that larger particles are more prone to forming physical 
obstructions within the fracture. In contrast, formation temperature 
appeared to have a weaker and statistically insignificant influence, indi-
cating that thermal effects were less influential in the blockage behavior 
within the range studied. These findings are aligned with the feature 
importance rankings obtained from decision tree and random forest 
models, where particle diameter and particle volume fraction consis-
tently emerged as the most significant predictors for blockage. This 
agreement between statistical correlation and model-based importance 
supports the robustness of the observed relationships.

3.6. Prediction of sealing behavior using sigmoid fit

To investigate the sealing behavior in our simulations, we focused 
on particles with velocity magnitude less than 0.1 m/s, which were 
considered contributors to the sealing process. For each simulation 
case, we tracked the number of such low-velocity particles over time. 
These counts were then normalized by the maximum number of low-
velocity particles observed across time within the same simulation 
(typically at the final timestep, when sealing is most severe). The 
resulting normalized time series exhibited an S-shaped growth pattern 
as sealing progressed. To suppress transient fluctuations and better 
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capture the general sealing trend, we applied a smoothing filter to the 
normalized data. A sigmoid function was then fitted to this smoothed 
curve. This approach avoids overfitting to local variations and ensures 
that the fitted curve reflects the global sealing dynamics.

The fitted sigmoid function took the following form: 

𝑓 (𝑡) = 1
1 + exp[−𝑘(𝑡 − 𝑡0)]

, (27)

where 𝑡0 represents the time at which the sealing process reaches 50% 
of its maximum, and 𝑘 controls the steepness of the transition. Both 
parameters were extracted from the simulation data and treated as 
target outputs for predictive modeling.

A linear regression approach was used to predict the sigmoid pa-
rameters 𝑡0 and 𝑘 based on the input values of particle diameter 
(𝐷), surface temperature (𝑇 ), and particles volume fraction (𝜙). The 
regression model provides interpretable equations that quantify how 
each parameter influences the timing and rate of sealing. The resulting 
linear models are expressed as: 
𝑡0 = 1.452𝐷 + 0.0027𝑇 − 9.371𝜙 + 0.516 ,

𝑘 = 29.714𝐷 − 0.048𝑇 + 241.672𝜙 − 35.161 .
(28)

The units of 𝐷 and 𝑇  are millimeter ( mm) and degrees Celsius (◦C), 
respectively. These equations enable the prediction of the full sigmoid 
curve for new sets of input conditions. A positive coefficient indicates 
that increasing the respective input variable leads to an increase in the 
predicted sigmoid parameter. These values reveal the relative influence 
of each physical parameter on sealing onset (𝑡0) and rate (𝑘). The severe 
sealing is associated with a smaller 𝑡0 (faster onset) and a larger 𝑘
(steeper transition). Therefore, operating conditions that decrease 𝑡0
and increase 𝑘, are undesirable as they promote rapid and excessive 
blockage. For instance, increasing the particles volume fraction (𝜙) 
significantly increases 𝑘, leading to a steeper transition and indicating 
more rapid sealing behavior. Additionally, increasing 𝜙 decreases 𝑡0, 
which is the time required to reach 50% sealing, further confirming that 
sealing occurs earlier when the particle concentration is higher. Fig.  6 
presents a representative example of the smoothed ground-truth data 
and the corresponding fitted sigmoid curve for Case 21. Similar patterns 
are observed across other cases where sealing occurs. As illustrated 
in Fig.  6, the fitted sigmoid model captures the overall sealing trend 
effectively, particularly during the early and late stages of the process 
(highlighted by the blue dashed boxes), where the behavior is relatively 
smooth. In contrast, the mid-sealing region (highlighted by the red 
dashed box) is basically the region where all participating physics are 
competing and the other region is where one of the parameters become 
dominant. Despite these local discrepancies, the sigmoid function accu-
rately reflects the general sealing progression, as evidenced by a high 
coefficient of determination (𝑅2 = 0.997), indicating a strong overall 
fit.

3.7. Sensitivity analysis

In this study, particles with velocities below 0.1 m/s were defined 
as contributors to sealing. To test the robustness of this threshold, we 
repeated the analysis using values of 0.05 m/s and 0.15 m/s. The 
fitted sigmoid curves showed only minor differences: in Case 21, 𝑅2

values were 0.995, 0.997, and 0.998 for thresholds of 0.05, 0.10, and 
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Fig. 6. Smoothed normalized count of low-velocity particles over time and the fitted sigmoid function for case 21.
0.15 m/s, respectively; in Case 23, 𝑅2 ranged from 0.990 to 0.993. 
The inflection point 𝑡0 varied by less than 2% (0.636 s to 0.635 s), 
while the steepness parameter 𝑘 changed from 9.73 to 8.33 (≈ 17%) for 
threshold of 0.05 and 0.15 m/s in case 21. Similar values were observed 
for case 23 too. Although this variation in 𝑘 appears relatively large, 
the overall curve shape and physical interpretation of sealing remained 
essentially unchanged. These results confirm that adopting 0.1 m/s as 
the reference threshold does not affect the conclusions of this study.

4. Discussions

In this study, 45 test cases were generated using CFD–DEM (Com-
putational Fluid Dynamics–Discrete Element Method) simulations to 
capture the complex interactions between fluid flow and particle dy-
namics within fractured rock surfaces. These simulations served as 
the basis for constructing a comprehensive dataset used to train and 
evaluate ML models. Through a combination of ML classification and 
regression models, we were able to identify key factors driving both 
blockage detection and the dynamics of sealing. The decision tree and 
random forest classifiers achieved high predictive performance with a 
limited dataset, highlighting the robustness of tree-based methods for 
small-sample problems.

In addition to the features explored in this study, our simulations 
suggest that reducing the inlet velocity of particles and fluid can 
significantly accelerate sealing. To investigate this, we selected case 
24 and created two new test cases with the same setup but different 
inlet velocities: one with 0.5 m/s and another with 1.5 m/s. Case 24 
was chosen because it represents a balanced configuration: it leads to 
complete sealing, features a mid-range particle diameter (0.8 mm), and 
a moderate particle volume fraction (0.1). Moreover, its similarity to 
case 25, which does not result in blockage and offered a useful contrast 
to examine the effect of inlet velocity on sealing behavior. In the 
lower velocity case, the sealing onset time dropped from 0.72 to 0.36, 
representing a 50% reduction, indicating faster sealing. The sealing rate 
constant increased by 57%, suggesting a more rapid sealing process. 
Interestingly, in the higher velocity case (1.5 m/s), no sealing occurred. 
These results indicate that lower velocities reduce particle kinetic 
energy, encouraging earlier stagnation and aggregation near the ob-
struction site which is in agreement with previous studies on proppant 
transport and particle clustering mechanisms (Tomac and Gutierrez, 
2015, 2014; Yamashiro and Tomac, 2021, 2022). This promotes the 
formation of a dense particle layer capable of completely sealing the 
flow path. Although inlet velocity was not explicitly included as a 
feature in the ML models, qualitative analysis from the simulations 
highlights its critical role. Future studies should incorporate velocity 
as a predictive input to better capture its interaction with particle size 
and concentration.
11 
Moreover, beyond the velocity sensitivity, an unexpected pattern 
was observed around Case 28, where sealing occurred at a surface 
temperature of 𝑇 = 120 ◦C, while no sealing was observed for the same 
particles diameter (𝐷 = 1mm) and volume fraction (𝜙 = 0.1) at both 
lower (𝑇 = 20 ◦C) and higher (𝑇 = 150 ◦C) temperatures. To further 
explore this anomaly, three additional simulations were conducted at 
intermediate temperatures: 𝑇 = 55 ◦C, 105 ◦C, and 135 ◦C, keeping all 
other parameters constant. None of these new cases resulted in block-
age, reinforcing the hypothesis that sealing at 𝑇 = 120 ◦C is a unique or 
highly localized behavior potentially influenced by complex thermal–
fluid–particle interactions. This outcome highlights the need for further 
targeted investigations to understand temperature-dependent effects.

To evaluate the impact of dataset size on model performance, we 
conducted an additional analysis using only 23 out of the original 45 
test cases. The accuracy of the decision tree model decreased slightly 
under this condition. Moreover, the feature importance analysis with 
this limited dataset incorrectly indicated that temperature had zero 
importance, an outcome that contradicts physical expectations. For the 
regression models predicting 𝑡0 and 𝐾, we also explored an extended 
feature set by including the number of low-velocity particles at five 
time steps (𝑡 = 0.1, 0.2, 0.3, 0.4, 0.5). This analysis was performed using 
8 out of the 15 test cases where blockage occurred. Although these 
additional features enriched the input space, the resulting models 
exhibited signs of overfitting, achieving high accuracy on the training 
data but producing larger errors on the test set. Future work should em-
ploy larger datasets to enhance model generalization and incorporate 
additional input features that capture the coupled dynamics of particle 
motion, flow variability, and fracture geometry, enabling more reliable 
and physically consistent predictions.

In terms of computational resources, the generation of training data 
using the CFD–DEM method computationally demanding. A total of 
45 test cases were simulated, each requiring between 2 to 10 h of 
runtime on a high-performance computing cluster utilizing 30 nodes. 
In contrast, training the ML models, including both classification and 
regression tasks, was completed within a few seconds on a standard 
personal computer. Once trained, the model can predict outcomes for 
new test cases interpolating the parameter space in less than a second, 
offering substantial speed advantages over full CFD–DEM simulations.

Overall, this study demonstrates the value of combining CFD–DEM 
simulations with efficient and simple ML models to better understand 
and predict microcapsules transport and sealing behavior in the frac-
tured domain. The ability to rapidly evaluate new conditions without 
relying on time-consuming simulations significantly shortens develop-
ment cycles, lowers computational costs, and enhances overall system 
performance.



Y. Tatari et al. Geothermics 136 (2026) 103533 
5. Conclusions

This study employed CFD–DEM simulations to model microcapsule 
transport in fractured media and to investigate the effects of parti-
cle volume fraction, particle diameter, and medium temperature on 
fracture sealing. A total of 45 simulation cases were generated and 
used to train tree-based machine learning models (decision tree and 
random forest). The results indicated that particle volume fraction and 
diameter play dominant roles in sealing behavior, while temperature 
has a comparatively smaller influence. Additionally, reducing the inlet 
velocity of both fluid and particles was found to accelerate the seal-
ing process. By analyzing the accumulation of slow-moving particles 
(identified as contributors to sealing) a smoothing and sigmoid fitting 
approach was applied to derive analytical expressions for the sealing 
onset time and rate. In summary, this work highlights the effectiveness 
of integrating physics-based CFD–DEM simulations with interpretable 
data-driven models to better understand the key parameters controlling 
microcapsule transport and sealing in fractured media, particularly 
within geothermal systems.
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