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Biomass combustion is a well-established process to produce energy that offers a credible alternative to reduce the consumption
of fossil fuel. To optimize the process of biomass combustion, numerical simulation is a less expensive and time-effective approach
than the experimental method. However, biomass combustion involves intricate physical phenomena that must be modeled (and
validated) carefully, in the fuel bed and in the surrounding gas. With this level of complexity, these simulations require the use of
High-Performance Computing (HPC) platforms and expertise, which are usually not affordable for manufacturing SMEs.
In this work, we developed a parallel simulation tool for the simulation of biomass furnaces that relies on a parallel coupling
between Computation Fluid Dynamics (CFD) and Discrete Element Method (DEM). This approach is computation-intensive but
provides accurate and detailed results for biomass combustion with a moving fuel bed. Our implementation combines FOAM-extend
(for the gas phase) parallelized with MPI, and XDEM (for the solid particles) parallelized with OpenMP, to take advantage of HPC
hardware. We also carry out a thorough performance evaluation of our implementation using an industrial biomass furnace setup.
Additionally, we present a fully automated workflow that handles all steps from the user input to the analysis of the results. Hundreds
of parameters can be modified, including the furnace geometry and fuel settings. The workflow prepares the simulation input, delegates
the computing-intensive simulation to an HPC platform, and collects the results. Our solution is integrated into the Digital Marketplace
of the CloudiFacturing EU project and is directly available to SMEs via a Cloud portal.
As a result, we provide a cutting-edge simulation of a biomass furnace running on HPC. With this tool, we demonstrate how HPC
can benefit engineering and manufacturing SMEs, and empower them to compute and solve problems that cannot be tackled without.
CCS Concepts: • Applied computing → Physical sciences and engineering; • Computing methodologies → Modeling and
simulation; Parallel computing methodologies.
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INTRODUCTION

Biomass combustion is a well-established process to produce energy that offers a credible alternative to reduce the
consumption of fossil fuel. Biomass is a renewable resource and is considered a carbon-neutral energy source because
the carbon released into the atmosphere is used by the growing plants during the production of new biomass [6]. There
exist numerous types of biomass furnaces, but typical installations on modern industrial setups are equipped with
a forward acting grate that transports the fuel (i.e., the biomass particles like wood chips) through the combustion
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Fig. 1. Calidum Ember Furnace produced by Enerstena UAB.

Primary air supply and recirculated gas may vary in the
different zones below the grate. Biomass contains mostly
volatiles which are converted to methane in the combustion
process. This explains the need for and importance of a
secondary or even third air supply. Recirculated gas in the
freedboard is required for optional cooling.
Xavier Besseron, et al.
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Fig. 2. Overview of the main physical processes occurring during the
biomass combustion in a furnace, as proposed by Paces and Kozek in [23].

Figure 1: Grate-fired boiler: biomass conversion in the fuel bed
and gas combustion in the freeboard
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enterprises (SMEs) in a simple and flexible manner while leveraging HPC. Our approach is driven by a concrete industrial
use-case and follows the technical specifications, requirements, and constraints defined by our industrial partner, the
biomass furnace manufacturer Enerstena UAB. More concretely, our work closes the gap between Chemical Engineering
and High-Performance numerical simulation by providing an advanced high-performance multi-physics simulation of
a biomass furnace and integrating it in the CloudiFacturing EU project, which offers a cloudified digital marketplace
targeting manufacturing SMEs.
Our contributions, which are novel related to the topic of biomass furnace simulations on HPC, are: (1) an original
CFD-DEM coupling strategy using XDEM (parallelized with OpenMP) and FOAM-extend (parallelized with MPI); (2) a
Figure
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purthorough performance evaluation on an industrial case;
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This paper is organized as follows. First, we present an overview of the state-of-the-art related to the simulations of

3. PHYSICAL MODELING

biomass combustion, their execution in parallel environments, and the integration of numerical simulations in cloud
platforms. Section 3 presents our parallel implementation
of the coupled
CFD-DEM
multi-physics
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by the Conclusion.
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RELATED WORKS

Biomass combustion is a complex physical process and it has been modeled in numerous ways in the literature [10]. The
modeling covers different aspects [4, 7, 11]: the gas phase, the fuel bed and properties, and the different thermo-chemical
processes involved in the conversion of biomass, like heat transfer, drying, pyrolysis, gasification, cooling, shrinking.
The models can operate at the level of a single particle [4, 24] or on the complete packed bed [9, 19].
Original modeling based on a stochastic approach has been proposed [22], but biomass combustion is a multi-phase
problem that falls in the category of Dense Particulate Reaction System (DPRS) and is typically addressed with one of
the two techniques: Eulerian-Eulerian or Eulerian-Lagrangian [33]. In the Eulerian-Eulerian approach, the two phases
(gas and solid particles) are considered as inter-penetrating continua. It is usually computationally efficient but fails to
provide details on the behavior of individual particles. The alternative Eulerian-Lagrangian approach addresses this
issue at the price of a more computation-intensive model in which the gas phase is still modeled as a continuum but the
solid particles are modeled as discrete elements [32, 33]. In this category, the multi-phase particle-in-cell (MP-PIC) [17]
creates lumps of particles representing the solid phase, and the CFD-DEM tracks each particle individually [4, 9, 25]. In
summary, the CFD-DEM approach provides the highest accuracy but also the highest computation cost [7, 33] and it is
the one we are using in this work.
In [33], Zhong and al. highlight that the use of CFD-DEM is not feasible for the simulation of industrial cases
because it is too expensive in terms of computation and memory. Indeed, there are very few reports of CFD-DEM-based
simulation of complete biomass furnace, even in an HPC configuration. [29] studies the scalability of a biomass reactor
simulation up but using the MP-PIC approach arguing that the CFD-DEM approach is too costly for large number of
particles. Recently in [26], a 2D model of a biomass furnace was tackled with the coupled code XDEM-OpenFOAM
parallelized with OpenMP. The OpenFOAM-based code developed in [28] is used to compare the design of two different
furnaces, and was run in parallel using 4 CPUs. [9] presented the simulation of biomass pyrolysis with MFiX running
in parallel with 8 cores, and reported respectively 93.4% and 6.5% of the cost in the fluid model and in the DEM solver. It
appears that the simulation of industrial-level biomass furnace is still [3] an open challenge and that could benefit from
parallelization and High Performance Computing.
With such a level of complexity, it appears natural to offer HPC scientific simulations through a simplified interface in
the Cloud for their use by non-experts. This process of cloudification is based on the concept of Application-as-a-Service
(AaaS) that hides the technical aspects of high performance computing and automates the execution process. This
approach has been demonstrated to have a positive impact in the development cycle of new products [16, 31] but
the available options are not always known by the SMEs [14] that could benefit the most from it. Recent initiatives
like CloudSME [30] and CloudiFacturing [13] aim at developing the cloudification and commercialization of scientific
simulations and promoting its use among the SMEs. We follow on that new trend and present the technical details on
the integration of our simulation tool in the CloudiFacturing platform.
3
3.1

PARALLEL MULTI-PHYSICS COUPLING FOR BIOMASS FURNACE
FOAM-extend and XDEM coupling

For the simulation of a complex industrial process of biomass combustion in a furnace, we based our approach on a
coupled simulation between Computational Fluid Dynamics (CFD) for the gas phase and Discrete Element Method
(DEM) for the particulate phase. While being computation intensive, the CFD-DEM approach gives the most suitable
results thanks to the accurate description of the particle motion in DEM [33]. For our implementation, we rely on two
3
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well-known simulation frameworks FOAM-extend and XDEM. FOAM-extend is a fork of OpenFOAM open source
library for Computational Fluid Dynamics (CFD). It is used to model the gas phase in the biomass furnace, including
the fluid velocity and temperature, the species concentration and chemical reactions. XDEM (for eXtended Discrete
Element Method) [25] is a numerical toolbox for the simulation of particulate materials. It extends the particles of
the classical Discrete Element Method (DEM) with additional properties such as the thermodynamic state, internal
temperature and species distribution. It is used to model the biomass fuel in the furnace, for the motion of the wood
chips and for the internal temperature, chemical reactions, and composition of individual biomass particles.
The coupling between the two frameworks is implemented within a dedicated module in XDEM. In a simplified
description, it covers three aspects. Momentum transfer: The presence (or not) of particles in the fluid creates a
varying porosity which is applied to the CFD domain. Conversely, the gas velocity creates a drag force which is applied
to the particles. Heat transfer: The temperature increases due to exothermic reactions within the particles are included
in the CFD equation using an additional heat source. From the other side, the gas temperature solved in CFD is applied
as a boundary condition at the surface of the particles. Mass Transfer: Gas species produced at the surface of the
particles are injected in the CFD equations using dedicated mass source terms, one per gas species. Additionally, the
species concentrations in the gas solved in CFD are applied as a boundary conditions at the surface of the particles.
In our implementation, the two libraries are coupled directly together using a dedicated simulation driver (i.e., a
C++ program) that executes the respective parts of the simulation (CFD, DEM and coupling) in the appropriate way.
This direct coupling approach provides a single-executable which allows the two libraries to reside in the same address
space in the computer memory. Thanks to that, the data exchanges required for the coupling between CFD and DEM
can be performed using direct memory access without extra copy or communication layer [27].
At the time of writing, there is no real-world experimental data available for the specific furnace modeled here, thus
this article focuses mainly on the parallel coupling approach and performance assessment. However, the physics models
and the implementation used for our simulation of biomass combustion (heating, drying, pyrolysis, gasification, etc.)
have been previously developed, tested and validated for many years, at the level of single particles [2, 24], for particle
packed beds [18, 19], and coupled with CFD [8, 21].
3.2

Parallelization Approach

In practice, for the HPC execution of our simulation, we rely on the parallel execution of each framework. FOAM-extend
is parallelized using MPI. The cells of the CFD mesh are decomposed in independent meshes that are distributed to
each process. On the other hand, XDEM supports parallel execution with MPI and OpenMP [20].
The CFD-DEM coupling is a volume coupling (as opposed to a surface coupling), which means that the amount of
data exchanged is proportional to the volume of overlapping domain between CFD and DEM. As discussed in [27],
this can have a significant impact on the performance of the execution. To address this issue, we adopt a co-located
partitioning strategy [27] that ensures that the domain partitions between the independent physics modules are
coordinated to favor the spatial locality and avoid complex communication patterns.
This approach was detailed in [27] where we also identified the constraints related to the partition alignment between
the two coupled libraries. More precisely, because the internal calculation of each coupled library is unaware of the
coupling with the other, the coupling layer has to make sure that all the coupled data is properly injected (e.g., as
boundary conditions) in the respective solver. For parallel execution, it means that if the data required to update the
boundary condition is available locally in the same process, the update can take place seamlessly using the sequential
implementation and direct memory accesses. Otherwise, the coupling layer has to perform additional communications
4
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Fig. 3. On the left, the CFD domain is parallelized with MPI. On the right, the DEM particles are parallelized with OpenMP. Because
the particle bed is always located at the bottom of the furnace, we partition the CFD domain to guarantee that all the particles are in
the same CFD domain.

(referred as inter-partition inter-physics) which are difficult and problematic to implement because they require accessing
the internal data structures of the coupled libraries. In [27], we chose to enforce partition alignment between the coupled
solvers to make sure that all the required data is available locally. We validated our approach with micro-benchmarks
and highlighted the benefits of reduced communication with macro-benchmarks, in particular for volume coupling.
In the current work, we apply a similar technique to our industrial case in order to avoid inter-partition inter-physics
communications. In this particular biomass furnace setup, the particle bed is always located at the bottom of the furnace.
As illustrated on Figure 3, we define the CFD partitions to guarantee that the first partition is located at the bottom
of the CFD domain and contains the whole particle bed (this is referred later as co-location constraint). On the side of
XDEM, all the particles are assigned to the same process which executes its part of the computation in parallel using
OpenMP. This results in a hybrid approach where FOAM-extend runs in parallel with MPI, XDEM runs in parallel
with OpenMP, and all the coupling data exchanges take place in a single process using direct memory accesses. When
starting the execution of coupled executable, process with rank 0 is started with multiple OpenMP threads and the other
ranks are limited to one thread. To ensure that the first partition of the CFD decomposition always contains all the
particles, we developed a dedicated decomposition method called co-located. It is loaded as a plugin in FOAM-extend
and is used to partition the CFD mesh of the furnace. This decomposition method works on the graph representation of
the CFD mesh, and merges together all the vertices corresponding to CFD cells surrounding the particle bed. Then this
graph is partitioned with the builtin decomposition method based on SCOTCH. As the result, the bottom part of the
CFD mesh and the DEM particle are always co-located in the same process. While this can sometimes cause imbalance
in the decomposition, this approach avoid additional communication between CFD and DEM across processes.
Using the terminology defined in [27] (Fig. 1), we can summarize our parallel coupling approach based on the
type of communications. Inter-partition intra-physics data exchange (i.e., within FOAM-extend) uses the MPI
communication layer with the native implementation of FOAM-extend; Intra-partition inter-physics data exchange
(i.e., within the same partition between FOAM-extend and XDEM) uses direct memory access because the two libraries
are linked together into one executable and share the same address space; Inter-partition inter-physics data exchange
are non-existent because the co-located partitioning strategy ensures that the coupled data from the two physics
modules are located in the same process.
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FULLY INTEGRATED WORKFLOW IN THE CLOUD

We have integrated our biomass furnace application as an experiment in the CloudiFacturing initiative. CloudiFacturing [13] is an EU-funded Innovation Action project that aims at developing the digitalization of the manufacturing
sector. It brings together all the relevant actors (research organization, independent software vendors, manufacturing
companies, technology consultants, resource providers, etc.) in order to promote the cloudification of services for the use
by manufacturing SMEs. The integrated applications are available online on the CloudiFacturing Digital Marketplace
on pay-per-use model. CloudiFacturing can execute complex scientific workflows and simulations on HPC platforms
transparently for the users.
In practice, the automation of a scientific workflow like the biomass furnace simulation is a challenging task. First
because the parameter space is huge and thus it must be limited and controlled carefully. Additionally, the complete
workflow, from the inputs to the result analysis, is composed of numerous intermediate steps. Figure 4 shows an
overview of the workflow that has been developed for the biomass furnace simulation in the CloudiFacturing platform.
It can be decomposed in 5 parts. Inputs have been defined together with our industrial partner in the project, the
furnace manufacturer Enerstena UAB. They consist of a set of parameters that represents relevant characteristics of a
furnace. The goal here is not to be able to describe any furnace, but instead to focus on a specific type of experimental
biomass furnace which is of interest for the manufacturer. The parameters cover a wide area of settings and offer a many
hundred degrees of freedom in total: the furnace geometry under definite constraints; the grates (number, position,
motion); the air inlets (number, position, composition, temperature,velocity, etc.); the fuel particles (size, composition,
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Fig. 4. Workflow of the cloudified multi-physics biomass furnace as it is executed by the CloudiFacturing platform. All the steps are
automated, from the input file uploaded by the user (at the top) to the outputs available for download after the execution.
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density, humidity, porosity, etc.); and more. All the possible variables are organized and documented in a spreadsheet
template that can be conveniently prepared offline by the user and submitted to the CloudiFacturing portal when ready.
The use of a spreadsheet file for the input allows keeping together all the parameters and simplifies the submission
process. Furthermore, intermediate calculations can be used and basic validation rules of the input values are included
in the template. Pre-processing parses all the parameters provided in the input spreadsheet and create all the input
files for the simulation application. The CFD input requires the definition of the initial conditions, the generation of
the mesh of the furnace and its decomposition for the parallel execution. The XDEM input requires the preparation
of a realistic initial packed bed of particles. This task is performed by running a pure DEM solver to deposit particles
on the furnace grates according to the geometry and settings of the input. This requires a few minutes of simulation
using all the cores of a single computing node with OpenMP. The initial and generated inputs are validated at different
levels to ensure the consistency of the data, and give descriptive error message when needed. The Simulation phase is
the core of the workflow and represents the majority of the time. It runs the parallel solver described in Section 3 on
the input generated using a full computing node of the IT4Innovations HPC platform. Post-processing gathers and
processes the results of XDEM and FOAM-extend. Relevant metrics and analysis have been defined to answer the need
of Enerstena UAB and are compiled into a summary report. It includes visualizations of the furnace (rendered with
headless ParaView), quantitative metrics at specific points of the furnace (e.g., gas temperature at the exhaust pipe)
and many plots representing of the evolution of values along the length of the grate or over the time. The Outputs,
composed of the execution status, the report and additional materials, are sent back to the SemWES engine to be
displayed and made available for download in the CloudiFacturing portal.
Under the hood, we provide all the required software, scripts and data in the form of a Singularity [15] image. The
execution is delegated to the SemWES engine [13] that allocates the resources and manages the execution on the
IT4Innovations HPC platform. The execution is continuously monitored and the progress is reported in the web-portal
using the mechanisms provided by the SemWES engine. The SemWES engine executes a single mpiexec command
with the Singularity image of our application with consists of the whole workflow described in Figure 4. With these
startup settings (outside of our control), the executed processes are not attached to CPU cores, which allows flexibility
to support a wide variety of applications for the CloudiFacturing platform. In our case, the monitoring process and the
pre- and post-processing steps are only executed by the rank 0 while the simulation step is executed using all the ranks.
5

PERFORMANCE EVALUATION

For the performance evaluation, the input settings of the biomass furnace were defined by our partner to match an
experimental furnace currently in construction at Enerstena UAB in Lithuania. The furnace dimensions are 2.51𝑚 ×
1.14𝑚 × 2.07𝑚 (𝐿 × 𝑊 × 𝐻 ) topped with an exhaust pipe of 0.6𝑚 diameter. It features 6 primary air inlets from the
bottom, 11 secondary air inlets on each side and 1 tertiary air inlet on the exhaust pipe. The CFD mesh generated with
this configuration is composed of 60,001 cells. The furnace also contains 8 static grates and 6 moving grates with an
average slope of 7.5 degrees. The initial fuel bed is 10𝑐𝑚 high and composed of spherical wood particles of 3𝑐𝑚 diameter
with 40% humidity. It represents an initial number of 9141 particles. New wood chips are continuously injected at the
top side of the grates at a rate of 439𝑘𝑔/ℎ.
For the software, we used a modified version of FOAM-extend 3.2 with the Git hash 3912𝑑19𝑏, XDEM with the Git
hash 7𝑎100737, and the CFG-BioOpt automated workflow described in Section 4 with the Git hash 11299𝑒41. They
were all built together in a Singularity container based on Ubuntu 20.04. The executions were carried out on the
Barbora cluster of the IT4Innovations HPC platform. Each independent execution was performed on a single standard
7
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computing node (i.e., non-GPU) that is equipped with 192 GB of memory and two 18-core Intel Cascade Lake 6240 2.6
GHz processors, for a total of 36 cores per computing node. In our default configuration, FOAM-extend is decomposed
in 4 MPI processes and XDEM uses 28 OpenMP threads. Because some studies required to vary many parameters (e.g.,
number of nodes and cores, decomposition method), some measurements were limited on the first 10 seconds of the
simulation to obtain results in a reasonable time.
With the configuration described above, the full automated workflow requires about 34 hours and 45 minutes on a
single computing node to simulate 20 minutes of the functioning of the furnace. Table 1 shows a breakdown of the
execution per stage of the workflow. Around 98% of the time is spent in the parallel coupled CFD-DEM simulation
itself, while less than 2% is spent in pre- and post-processing. A large amount of time of the post-processing is spent in
the reconstruction of the distributed output of FOAM-extend.
Table 1. Breakdown of the workflow execution for 20 minutes of simulated time.
Pre-processing
- in XDEM bed packing
Simulation
- in FOAM-extend code
- in XDEM code
Post-processing
- in FOAM-extend reconstructPar

5.1

5min 30s
5min 10s
34h 10min 30s
31h 51min 2s
2h 19min 28s
29min 33s
25min 21s

32 OpenMP threads
4 MPI processes
28 OpenMP threads

FOAM-extend decomposition and scalability

We study the impact of our co-located decomposition method in comparison with two other built-in decomposition
methods of FOAM-extend: scotch which is based on the SCOTCH library and simple which makes a geometric decomposition on the vertical axis. Left of Figure 5 shows the maximum number of cells between the partitions after
decomposition. For 2 and 4 partitions, all the decomposition methods give similar result in terms of load-balancing with
less than 1% of imbalance. On 6 and 8 processes, the co-located method gives an imbalance (43% and 37% respectively)
compared to the others, but this is the only one that can be used because the resulting partitioning with scotch and
simple breaks co-location constraint imposed by our coupling approach presented in Section 3.2. On the right, we report
the time spent in the CFD part for an execution limited to the first 10 seconds of simulated time. The execution in
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Fig. 5. Comparison of the maximum number of CFD cells among the partitions after decomposition (on the left) and the corresponding
execution time of the CFD part for a simulated time of 10 seconds (on the right) for different number of processes and different
decomposition methods. The lighter colors with 6 and 8 processors indicate the invalid configurations that might not give correct
results for our coupling strategy.
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with 4 MPI processes for the decomposition methods co-located, scotch and simple respectively. There is no significant
impact of our constrained decomposition method at this level of parallelism.
With more processes, imposing the co-location constraint with co-located shows a performance impact of only 11%
on 8 processes respectively compared to scotch, which relatively small compared to the unbalance of 37% shown on
Figure 5 (left). But for this case, this is also expected because the size of the CFD problem is relatively small with only
60,000 cells and limits the scalability of the CFD part (OpenFOAM typically requires 10k to 50k CFD cells per core for
best performance [12]). Finally, it is worth noting that to allow scotch and simple to work correctly with our coupling
approach, additional communications (inter-partition inter-physics) would have to be implemented. It means that for
these cases, the execution time indicated on Figure 5 (right) is a lowerbound of the actual time.
5.2

XDEM scalability

In this section, we focus on the performance of the XDEM computation. In this configuration, we still run the coupled
application. The CFD part is executed by FOAM-extend on 4 MPI processes. The DEM part is executed by XDEM only
on the first MPI process which contains all the particles. As mentioned in Section 4, the SemWES engine does not bind
the MPI processes to the CPU cores which allows the OpenMP threads of XDEM in the rank 0 to use all the necessary
cores. So for this experiment, we vary the number of OpenMP threads on the first MPI process, and the other processes
are set to use only one thread. We measure the computation time spent in the XDEM simulation for an execution
limited to the first 10 seconds of simulated time and the values are reported on Figure 6. We see an important benefit of
the OpenMP parallelization in XDEM. With 36 OpenMP threads, there is an important penalty because the computing
cores are already occupied by the other MPI processes solving the upper part of the CFD domain.
The speedup is calculated on Figure 7 and shows a maximum speedup of 16.8 when using 28 OpenMP threads.
Ultimately, even though the CFD code cannot exploit efficiently all the cores of computing node (cf Section 5.1), the rest
of the cores can be leveraged by XDEM to accelerate the particle simulation.

DEM Speedup
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Fig. 6. Execution time spent in XDEM for different number of
OpenMP threads. For 36 threads, the time increases greatly because some computing cores are shared with the CFD processes.

5.3

15

Fig. 7. Speedup of the XDEM computation.

Simulation Progress

With Figure 8, we look at the progress of the simulation over the time. We display here a simulation of 1600 seconds that
required 56.2 hours of execution. The horizontal axis is the clock time since the start of the simulation. The black line
(right Y-axis) indicates the progression of the simulation: the steeper is the slope, the faster the simulation is running.
The filled colors (left Y-axis) show the amount of computation time required for each second of simulated time.
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Fig. 8. Evolution of the computation load and progress with the time. The X-axis represents the wall time or clock time since the
start of the simulation. The left Y-axis, with the filled colors, indicates the amount of computation time required for each second of
simulation. The right Y-axis, with the black line, indicates the progress of the simulation.

We can notice two main events for which amount of computation work increases significantly and the simulation
progress slows down: first around 445s and then around 1125s in the simulation time. At these points of interest, the
computation required in CFD increases notably as shown with the colors (scale on the left axis) while the computation
load for DEM and the Coupling stays relatively constant during the whole simulation. The first increase at 445s of
simulated time is caused by the lighting-up of the furnace. The particles start burning (after drying) and the temperature
in the furnace suddenly increases from below 600𝐾 to above 1400𝐾 which causes a higher pressure and gas velocity
within the furnace, and thus the pressure equation requires more iterations to converge. At the second point around
1125s of simulated time, the furnace reaches its steady state with its maximum temperature and now all the hot gases are
burning in the furnace. This change in the simulation speedup highlights the need for advanced dynamic load-balancing
techniques that can re-adapt the workload distribution when the conditions change. For coupled simulations, this
cannot solely rely on metrics like the number of particles or CFD cells because they cannot express the changes in the
relative load between the coupled modules. In this example, a load-balancing done at the beginning of the simulation
would probably favor the good balancing of DEM as it appears to be the most computation intensive part. However
very quickly, CFD represents the highest load and should be the main concern of the load-balancing strategy.
6

CONCLUSION

In this work, we successfully developed a complex industrial-level simulation of a biomass furnace and integrated it in
the CloudiFacturing platform to be used by manufacturing SMEs and our partner Enerstena UAB. The workflow is fully
automated, from the upload of the furnace settings until the download of a summary report. This approach offers to
SMEs the benefits of HPC simulations and hides all the complexity of using an HPC platform in the back-end. For the
SME manufactuers, it also reduces the need of HPC expertise and upfront investments for HPC hardware.
Under the hood, the biomass simulation is based on a CFD-DEM approach that provides detailed results with a high
accuracy but requires an important computation time. The solver developed for this industrial case relies on an original
co-located coupling strategy and takes advantage of the parallelization capabilities of FOAM-extend with MPI and
XDEM with OpenMP. A thorough performance evaluation has been carried out and highlights the computing cost of
CFD and DEM, independently and together. The simulation of a realistic setup requires around 34 hours on a single
HPC computing node for 20 minutes of simulated time. This high computing load is due to the complexity of the model
which considers many thermo-chemical processes and reactions and the need for a long simulation time to light-up the
furnace and reach a steady-state.
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Our implementation follows the specifications of our industrial partner and supports hundreds of parameters related
to the design of the furnace. Some technical decisions (e.g., the co-located partitioner that imposes the co-location
constraint) are conservative choices that guarantee the correctness in the wide range of parameter values, rather that
optimizing the performance of a specific design. Our parallel code is able to take advantage of all the computing cores
of a node using MPI and OpenMP, but due to the relatively small size of the problem (60k CFD cells and 9k particles), it
will probably not scale very well on multiple computing nodes. A more detailed model (e.g., a finer CFD mesh) would
improve the scalability and the accuracy of the results, but it would not reduce the (already high) total execution time,
which is an important criteria for our industrial partner. To make this type of simulations practical for SMEs, one has to
find the right trade-off between the complexity of the model and the time required to obtain the results.
With this work, we believe that we have now made the first steps for simulating complex industrial biomass furnace
using the CFD-DEM approach. The careful performance analysis conducted in Section 5 gives detailed insights about the
behavior of the coupled simulation and guides the way for future improvements. Our coupling between FOAM-extend
and XDEM is based on the co-located strategy that avoids the inter-partition inter-physics communication, but it suffers
from constraints imposed on the domain decomposition and causes imbalance. To overcome this limitation, we are
adapting [1] our approach to rely on the preCICE coupling library [5], that will handle transparently and efficiently
the mapping between meshes and the data exchanges. However this does not solve the problem of the load-balancing
itself. Our results bring to light the need for advanced dynamic partitioning and load-balancing techniques for coupled
multi-physics problems. These approaches should account for the computing load of each physics module, the coupling
interactions between them and their dynamic behavior instead of treating them independently.
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