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Abstract

Using a graphics processing unit (GPU) in addition to a central processing unit (CPU) has demonstrated
promise for the acceleration of processing-intensive operations such as finite element (FE) simulations.
Commercial FE solvers have begun to utilize GPU acceleration for classical multi-physics applications, but the
speed-up for additive manufacturing (AM) simulations is not well understood. There is a significant need for
GPU acceleration for metal-based AM FE simulations, which are computationally expensive because of the high
mesh densities and the large number of time increments employed. This study examines the efficacy of GPU
acceleration for Abaqus AM simulations, where benchmark simulations using a sequentially coupled FE thermo-
mechanical model are run both with and without GPU acceleration. The speed-up is compared across the AM
process for the thermal and mechanical analysis. In this study, GPU acceleration provided the ability to decrease
simulation runtime by two-to-four times on 4-8 CPU cores, and one-to-two times on 16-32 CPU cores.

Introduction

Graphical processing units (GPU) have been used in addition to a central processing unit (CPU) to
accelerate highly parallelizable operations for over a decade [1]. The first paper detailing methods of
using graphics hardware for matrix multiplication was published in 2001, but the first GPU designed for
computing was not released until the release of the Nvidia G80 GPU in 2006 [2]. Alongside the G80,
Nvidia released compute unified device architecture (CUDA), which allowed CUDA C/C++/FORTRAN
language to be parallelized on GPUs [3]. The integration of CUDA allowed graphics hardware to be
used in deep learning and supplied a path for GPU acceleration to multi-physics simulations. Limited
support for GPU acceleration to commercial finite element analysis (FEA) solvers was introduced in
Abaqus/Standard 6.11 in 2011, showing promise to decrease simulation runtime [4]. Early studies on
using GPU acceleration focused on linear-static analysis, looking at decreasing the total of number of
CPUs, thus requiring fewer acceleration tokens [4], [5].

Metal-based additive manufacturing (AM) is a process for creating near-net shape parts layer-by-
layer, using a moving heat source and material deposition. AM offers a reduction in processing and
tooling steps when compared to traditional manufacturing, but often requires post-processing to reduce
defects and residual stresses. Directed energy deposition (DED) is a metal-based AM process that
uses a high-power coaxial laser with wire fed or blown powder deposition, but due to the localized
heating and large thermal gradients experienced in the workpiece, the thermal history is hard to control
and predict. Process parameters such as laser power, scanning speed, hatch spacing, and melt pool
morphology drive the thermal history and affect the resultant microstructure and defects such as
distortion, porosity, and residual stress formation. FEA is commonly used to model and simulate AM
processes to predict distortion and residual stress formation, as well as conducting parametric studies
of printing parameters [6]-[9].

Previous research on applying GPU acceleration to static mechanical analysis reported seeing up
to a 2x speed up when using 1 GPU vs just 4 or 12 CPU cores [10], and a 5.2x speed up using 32
cores + 2x Nvidia K80 GPUs compared to 16 CPU cores using Abaqus. At present, no data could be
found for using GPU acceleration with AM simulations in any commercial code, but custom codes have
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been used and showed speedups of 3-30x through a modified solution strategy or by relaxing
constraints [11], [12].

The purpose of this work is to present a first benchmark of the speedup of GPU acceleration applied
to AM simulations in a commercial FEA solver. For the purposes of this paper, these simulations used
Abaqus 2020 to model both an AM thermal and mechanical analysis of a 10-layer DED build. As
modeling AM processes with commercial codes become more prevalent for a cost-effective prediction
of distortion and processing parameters, finding methods to decrease runtime of these computationally
expensive simulations is critical.

Methodology
The AM thermal and mechanical analyses were run on a workstation equipped with an AMD

Threadripper 3970x 32-core processor, 256GB of DDR4 Memory, and a Samsung 980 Pro 2TB NVMe
storage device. The simulations were performed in three configurations: (i) no GPU, (ii) a Nvidia GTX
Titan Black, and (iii) a Nvidia RTX 3090. The simulations were run on the workstation with 4, 8, 16, and
32 CPU cores for each case. To compare the GPU acceleration performance to a traditional high
performance computing cluster, the simulations were run on 20, 40, 80, and 200 CPU cores on a Cray
CS300-LC cluster with two Intel Xeon Phi CPUs for a total of 20 cores per node.

The thermal-mechanical analysis is conducted in two sequentially coupled analyses. First, the AM
thermal simulation is performed to generate the temperature history of the part. Both the thermal and
mechanical simulations model a ten-layer buildup of the DED process, specifically Laser Engineered
Net Shaping (LENS) using Ti-6Al-4V as the material [7], [9], [13]. This specimen shown in Figure 1(a),
isa 5 mm x 3 mm x 6 mm test specimen using a spiral scan strategy shown in Figure 1(b). The Goldak
double ellipsoidal heat sourced is utilized, since a local moving heat source is the most computationally
expensive method in the Abaqus/2020 [14]. Material deposition is accounted for using element
activation [8]. The ten-layer benchmark utilized a seed size of 0.08 mm in the part corresponding to
147,537 DC3D8 (heat transfer analysis) and C3D8 (mechanical analysis) linear brick elements. Both
analyses used a 0.025 s time step, 0.5 mm hatch spacing, and 16.6 mm/s scan speed. Temperature
dependent properties including thermal conductivity, density, and specific heat are used. Additional
information on the thermal analysis and thermal properties can be found in published literature [8], [9],
[13].

3125 mm |

(b)
Figure 1: (a) dimensioned substrate and ten-layer benchmark specimen (b) laser scan strategy for each layer

Before the mechanical simulation starts, the temperature history is read in as shown in Figure 2.
The evolving microstructural model of inelasticity (EMMI) is the material model used to predict the
mechanical response. EMMI is a flow rule based internal state variable (ISV) plasticity model [12]. An
example of this implementation is shown as a flowchart in Figure 2. EMMI is ideal for DED due to
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temperature and rate dependence, cyclic temperature history, and recovery mechanisms that can
relieve residual stress. The mechanical analysis can be used to make predictions of the residual stress
or distortion within the part. More information on the calibration of material parameters and applications
of EMMI for metal based AM is available in published literature [9].
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Mechanical Results

FEA simulations run in Abaqus require analysis tokens to perform an analysis. The number of

Figure 2: An overview of the AM thermal-mechanical analysis framework using the commercial FEA solver
Abaqus

tokens required depends on the number of CPU cores specified by the user and the user’s hardware.
To perform an analysis on a single CPU core, five analysis tokens are needed. An overview of the
required number of analysis tokens with and without GPU acceleration is depicted in Table 1. Each
GPU used behaves as a co-processor, only one additional analysis token is required to run a GPU
alongside a CPU. The number of tokens required to run Abaqus on a number of CPU cores follows a
logarithmic curve, and beyond eight CPU cores, no additional tokens are required to run a single GPU
as a co-processor. The ability to implement GPU acceleration could allow users with few analysis
tokens to run computationally expensive simulations efficiently.

Table 1: Number of Abaqus tokens required for a given number of CPU cores. *For four CPU cores, one

additional Abaqus token is needed for GPU acceleration. Beyond eight CPU cores, one GPU can be included
without additional Abaqus tokens.
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Number of CPUs 4 8 16 20 32 40 80 200

Abaqus Tokens 8% 12 16 17 21 23 31 46

Results/Discussion

The simulations were run with a range of CPU core counts, with the Nvidia RTX 3090 and GTX
Titan GPUs, as well as without GPU acceleration. All other parameters were held constant, and no
other simulations were run alongside any simulations, regardless of the number of CPUs used on the
workstation. For the thermal analysis running the jobs with the GTX Titan yielded a speed up of 1.3x,
1.1x, 0.77x, and 0.68x for 4, 8, 16, and 32 CPUs, respectively compared to no-GPU accelerated runs.
On the RTX 3090 the thermal analysis showed a speed up of 1.5x, 1.27x, 0.91x, and 0.82x for 4, 8, 16,
and 32 CPUs, respectively, as depicted in Figure 3(a). For the mechanical analysis, the GTX Titan
yielded a speed up of 2.98x, 1.8x, 1.8x, and 1.1x for 4, 8, 16, and 32 CPUs, respectively compared to
no-GPU accelerated runs. On the RTX 3090 the mechanical analysis showed speed ups of 4.15x,
3.02x, 3.04x, and 1.82x for 4, 8, 16, and 32 CPUs as depicted below in Figure 3(b).

The thermal and mechanical simulations were then run on a Cray CS300-LC cluster at 20, 40,
60, 80, and 200 CPUs without GPU acceleration. Similar runtimes of 2.75-3 hours were observed for
the thermal simulation on 20-200 cores as depicted in Figure 3(c). Compared to running the thermal
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Figure 3: (a) AM thermal analysis comparison of runtime, (b) AM mechanical analysis comparison of runtime,
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simulations on the workstation with 4 Cores with the RTX 3090, a slowdown of 0.96x was observed on
average compared to the cluster runs for 20 to 200 CPUs. For 32 Cores with the RTX 3090, the thermal
simulations saw a speed up of 1.31x, 1.44x, 1.33x, and 1.31x for 20, 40, 80, and 200 CPUs,
respectively, on the Cray cluster. Similar to the speedup seen for no GPU to GPU, the mechanical
analysis yielded the greatest speedup. For the mechanical analysis, the workstation with 32 CPUs and
the RTX 3090 yielded a speed up of 1.7x, 1.3x, 1.1x, and 0.88x for 20, 40, 60, and 200 CPUs,
respectively compared to cray cluster as depicted in Figure 3(d). The speedup for the mechanical
simulations is summarized in Table 2.

Table 2: Simulation speed-up comparing no-GPU to GPU Acceleration for mechanical analysis

GPU 32 Cores 16 Cores 8 Cores 4 Cores
3090 1.82x 3.04x 3.02x 4 .15x
Titan 1.1x 1.8x 1.8x 2.98x

The nodal temperature for all nodes at each output time is extracted from the Abaqus output
database and averaged for comparing the thermal response of the GPU and non-GPU accelerated
simulations. An average percent difference of 0.99% was found between the GPU accelerated average
nodal temperatures compared to the non-GPU accelerated simulations. For the purposes of this initial
study, this analysis serves as a verification, but further analysis is needed looking at how the
parallelization of GPU acceleration will affect the results locally. It is understood that parallel computing
will give slightly different results due to rounding errors when processing sums and products in different
orders, even without GPU acceleration [15], [16].

For the mechanical analysis, the workstation with 4 CPUs and the RTX 3090 yielded a speedup
of 1.15x, 0.76x, 0.73x, and 0.6x for 20, 40, 80, and 200 CPUs, respectively compared to the Cray
cluster as depicted in Figure 3(d). Implementing GPU acceleration allowed a simulation to be run faster
on 4 cores using 9 acceleration tokens, than on 20 cores using 17 acceleration tokens. Despite the
simulations running 25% slower compared to 40 and 80 CPUs, the analysis used 14 and 22 fewer
acceleration tokens. Without GPU acceleration, running AM simulations on 4 CPUs becomes
impractical. Two implications of this work should be noted: GPU acceleration could enable AM
simulations for users that (i) do not have access to high performance compute clusters or workstations
and (ii) have limited access to acceleration tokens. Many universities or small research groups may not
have access or funding to support compute clusters but could run these simulations on a small
workstation with hardware like a gaming PC. While the reduction of 10 to 20 acceleration tokens may
sound minimal, these acceleration tokens often cost thousands of dollars each, per year. For smaller
institutions, this difference of required tokens could be the difference in being able to run AM simulations
at all.

Between the thermal and mechanical simulations, the effect of GPU-acceleration varied. On 32-
cores, the thermal simulation ran faster without GPU acceleration, while the mechanical simulation ran
1.82x faster on the RTX 3090 GPU. Our working hypothesis is that Abaqus only computes the average
nodal temperature value (NT11) for 3D elements, which leads to fewer degrees of freedom (DOF) in
the thermal analysis. This means that at each node in the thermal analysis, there is only one DOF,
while in the mechanical analysis, there are six DOF at each node. Our current working hypothesis is
that an increased number of elements will affect GPU acceleration for a thermal analysis, but further
investigation is needed.
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Conclusions

In this work, a benchmark of using GPU acceleration for simulating AM thermal and mechanical
simulations was presented. GPU acceleration was successfully applied to a 10-layer DED build in the
commercial FEA solver Abaqus and demonstrated significant speedup in runtime—especially at lower
CPU core counts. This benchmark only analyzed one mesh with 147,537 elements, so further study is
needed to analyze how increasing the number of elements per CPU affects speedup of GPU
acceleration. One possible avenue of exploration is investigating how CPU and GPU parallelization
affects rounding errors and slightly changes the local results. The ability to decrease simulation runtime
by two-to-four times by using GPU computing on 4-8 CPU cores is significant because of the
accessibility of this computer hardware compared to specialty workstations and clusters. Many users
may not have access to large numbers of costly acceleration tokens or dedicated compute clusters, but
GPU acceleration could provide a way to run AM simulations efficiently with minimal acceleration tokens
and consumer grade computer hardware. Future work will focus on understanding how the number of
elements run on a CPU affects speedup and building large scale parts.
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