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I. INTRODUCTION

When simulating multiple materials, the ability to accurately
track the interfaces between the materials is of special im-
portance. On discretized domains where material boundaries
are not explicitly tracked, these interfaces must be locally
constructed from the volume-averaged information provided
by computational zones. This process of material interface
reconstruction (MIR) is highly underconstrained, leading to
difficulties in developing generalized algorithms for simulation
and visualization codes [1]–[3].

Various approaches have been used to address this need.
Popular methods such as Simple Linear Interface Construc-
tion (SLIC) [4] and Piecewise Linear Interface Construction
(PLIC) [5], conserve volume fraction, but the linear, zone-
wise nature of the reconstruction results in interfaces that are
discontinuous across zone boundaries. Other methods [3], [6]
enforce interface continuity, but sacrifice conservation.

Variations of these schemes are in common use, but en-
counter documented shortcomings [7]. Methods that conserve
volume fraction sacrifice interface continuity, and vice versa
[3]. Additionally, PLIC-type methods may encounter difficulty
in zones with more than two materials, in which interfaces
are misplaced. Since the interface locations are used in flux
calculations to preferentially advect the correct materials into
or out of the zone, these shortcomings have deleterious effects
on simulation accuracy.

Advancements in image-based machine-learning (ML) and
computer vision have yielded promising results regarding im-
age segmentation [8], denoising [9], [10], and generation and
reconstruction [11]. These topics bear conceptual similarity to
the process of material interface reconstruction, and may have
application as a complementary solution method.

In this work, we give an overview of our investigation of
ML methods to MIR. We describe our computational model,
along with methods for generating synthetic training data. We
show some preliminary results, and highlight model features
that contribute to successful outcomes.

II. MODELS AND METHODS

Many ML methods exist with potential applications to
MIR. For this investigative study, we utilized image-based
supervised-learning methods [12]. Supervised learning is a

widely used, well-developed branch of ML, with many es-
tablished techniques and extensive, mature libraries. Likewise,
image-based ML has been broadly studied, and is supported by
a robust software and hardware (including GPU) ecosystem.
Given that we are not studying ML per se, but rather its
application to an existing field, the ability to utilize pre-
existing ML resources was an important factor.

A. Overview

The MIR problem is fundamentally mesh-based. In order
to utilize image-based methods, a mesh→image mapping
must be performed. Suppose we are provided with a mesh
containing zones with mixed materials in which we would
like to reconstruct the material interfaces. The basis of our
approach was to perform a grid-like sample over all or part
of the domain. At each sampled point, the corresponding
material composition was encoded as a pixel (or voxel, for
3D) value. For example, in the simple case of two materials,
each pixel would take a value in the range [0, 1], where the
value would correspond to the volume fraction of one of the
materials. If more than two materials were present, additional
image channels (RGB) could be utilized. The resultant pixels
were then used to construct an image, which was fed to an
ML network. The network used the image to infer the most
likely interface morphology, which it returned as another
image. An inverse mapping was then performed from the
image back onto the mesh to construct the interface. The
process may be summarized:

mesh→image→network→image→mesh

We limited this study to meshes containing two materials.
Image pixel values are determined by material composition,
which must be calculated at each pixel location. In preliminary
evaluations, we determined that performing PLIC reconstruc-
tion on the mesh prior to generating the image offered a small
advantage over using volume fractions directly. This resulted
in images where pixels represented pure material values, and
were either black or white.

B. Network architecture

We used an autoencoder [13] design with symmetric layers
of convolution and deconvolution. The network took an image



as input, and returned an inferred image as output. At the
center lay three fully-connected layers. Our network used
batch normalization and no pooling. Experimentation showed
that outcomes were sensitive to the number of neurons in
the middle layer, with optimal results achieved with 1024 for
this application. We implemented the network using the Julia
library Flux [14]–[16]. Note that this design was not explicitly
conservative.

C. Data generation

Training in supervised learning requires that each sample
fed to the network be comprised of two parts: input that the
network uses to perform inference, and the optimal solution
corresponding to that input–the “ground truth.” In our case,
the input is the image generated from the mesh data, and
the ground truth is the image representing the corresponding
correct interface morphology.

For the purposes of simplicity and controlled experimen-
tation, we generated synthetic data for training, rather than
using simulation data. This allowed us to create exact ground
truth representations for the input images, and enabled the
straightforward generation of arbitrary quantities of training
data. It also allowed us to control the characteristics of the
training data to gain insight into network performance.

We constructed a database of 15000 pairs of images with
resolution 256×256 for training and testing. For each pair, we
constructed the ground truth image first by randomly super-
imposing ellipses and polygons of varying sizes, orientations,
and colors (black/white) to create a source mesh Ms with
exact, analytically-defined interfaces, and exportingMs as an
image. To create an image representing a simulation mesh with
undefined interfaces, we generated a target mesh Mt with a
randomly-chosen mesh topology. We then mapped the mesh
fields (specifically, those indicating material composition)
from Ms to Mt, thereby losing the interface information.
We used the mapped mesh to perform a PLIC reconstruction,
from which the network input image was obtained.

D. Loss functions

We additionally analyzed the performance of two different
loss functions; results will be discussed in Section III. In
both versions, the loss was given by the pixelwise MSE
when compared against the ground-truth image. In the baseline
version, the error from all pixels was weighted uniformly. For
most images, the majority of the pixels belonged to pure zones,
so the error was driven principally by zones containing no
interfaces. In the modified version of the loss function, pixels
belonging to zones containing mixed materials were weighted
more heavily than those in pure zones, so that the error was
largely driven by regions containing interfaces.

III. RESULTS AND DISCUSSION

This investigative study sought to determine the feasibility
of applying ML to MIR; the preliminary results show promise.
Our results indicated that the modified loss function described
in Section II-D performed notably better than the baseline.

Fig. 1. A selected sample demonstrating network output. Left: ground
truth image, constructed by superimposing randomized shapes; middle: input
image to network, created by mapping the ground-truth data to a mesh and
performing a PLIC reconstruction; right: network reconstruction.

This was true particularly in regard to narrow material struc-
tures, where the total contribution to the error is small due
to the small number of pixels comprising these areas. We
additionally observed notable improvement in the interfaces
themselves, which were less diffused in the modified network.

A result obtained using the modified loss function is shown
in Fig. 1, which compares the ground truth, input, and network
output images for a selected sample. This sample is represen-
tative of typical results obtained from our network. Here, as
in most cases, the network successfully reconstructs large and
small-scale morphological features, with typical error of less
than 1%. The network is highly successful in providing contin-
uous reconstructions. Conservation is not explicitly enforced,
but given the high fidelity of the reconstructions, is typically
well-preserved.

These results come with some caveats, which will be
addressed in future work. The network sometimes performs
poorly for long thin structures, for which the PLIC represen-
tations are substantially different than the correct morphology.
Furthermore, our synthetic data may not be representative of
actual simulation data in some ways. Particularly, the synthetic
data is comprised of a superposition of shapes with well-
defined characteristics. It is possible that the network is able
to learn those characteristics and is overfit to this specific
form of interface morphology. Additionally, we have limited
our attention to two-material problems; it is as-yet unclear
how well the network would perform with more materials.
Future work will use real simulation data representative of
problems of interest to train and assess network performance.
In addition, we will incorporate physics variables from the
mesh into the training to enforce conservation and aid in
inference. Our encouraging preliminary results demonstrate
a promising approach, and we expect future work to yield
positive results.
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