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ABSTRACT.

This paper introduces a deep learning-based approach for generating 2D aggregate

shapes using a small set of tractable and physically meaningful parameters. In contrast to existing
methods that often rely on quantities without clear physical interpretations, the approach presented
here leverages scale invariant moments to capture essential shape characteristics. Additionally, we
introduce the idea of using scale-invariant state descriptors, such as area, to control the size of the
generated shapes. The neural network is trained to generate shapes corresponding to these parameters,
and its ability to learn the relationship between shape constants and state descriptors without explicit
data augmentation is demonstrated. The framework thus presented provides a foundation for developing
microstructure generators that offer enhanced interpretability by relying on parameters that provide
meaningful insights into the description of material morphology composed of non-trivial shapes.
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1. INTRODUCTION

Concrete is primarily a matrix inclusion composite
consisting of a mortar-based matrix embedded with
aggregate-based inclusions. Since the casting process
results in the introduction of porosity defects and
also leads to the formation of interfacial transition
zones (ITZ) in the regions between the aggregates
and the surrounding mortar, these are also treated as
additional phases during analysis [I], 2]. The heteroge-
neous structure formed by the spatial arrangement of
these constitutive phases is herein termed the concrete
microstructure.

The role of concrete microstructure on its overall
performance is well established with correlation being
observed in its mechanical behaviour [3], crack forma-
tion [4], hydration mechanisms [5], thermo-mechanical
coupling [6] to name a few. In particular, the size,
shape and the roughness of aggregates play an impor-
tant role in the overall strength of concretes [7] and
the development of ITZs [8], which are accepted as
the weakest phase in concretes [9].

However, the grading of aggregates, their property,
and their type are also among the controllable pa-
rameters in concrete mixtures. Therefore, due to the
vast number of possible combinations of parameters,
development of concrete mixtures for specific appli-
cations requires substantial investment of time and
resources if performed by exclusively employing exper-
imental methods. Alternatively, numerical schemes
enable an effective preliminary study of concretes and
can greatly reduce experiments by facilitating the
inspection of a larger set of parameters in-silico [2].

For materials such as concretes where scale sep-
aration is well defined, multi-scale homogenization
schemes are used for determining the bulk response by

taking into consideration material heterogeneity [10].
However, accuracy of numerical schemes depend upon
the level of fidelity used for the definition of the com-
putational domain which in this case, is linked to the
distribution of aggregates.

Generation of complex computational domains or
microstructures fall into the purview of microstructure
characterization and reconstruction (MCR) techniques
where some of the widely adopted methods for model-
ing heterogeneous material structures either include
the use of very large set of parameters or include the
use of specialized functions without well defined phys-
ical meaning [IT]. This is also evident in the modeling
of aggregates where spherical harmonics and random
fields see wide adoption [12], which by themselves
lack clear physical meanings. Although it is possible
to obtain a limited number of physical descriptors
based on polygonal fits such as bounding boxes, cir-
cumscribed circles or ellipses etc, they are rarely used
for generation of aggregates but are rather used for
general evaluation [12].

This paper focuses on the utilization of deep-
learning (DL) tool for generation of aggregate shapes
in 2D by utilizing a small set of tractable and phys-
ically meaningful parameters, which are henceforth
termed as geometric descriptors [I3] of an aggregate.
In this effect, the idea of moment invaraints for image
recognition is revisited which was originally proposed
in [T4] and improved upon in [I5]. For more informa-
tion on image moments, one may refer to [16]. A key
highlight in these works is in the use of geometric
descriptors that are shape specific and do not change
under certain transformations.

This idea, as a consequence, leads us to the pos-
sibility of further categorizing geometric descriptors
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into two distinct classes: first, descriptors that are
shape specific and are invariant to certain types of
transformations, and second, descriptors that specify
the state of the shape, such as size or orientation
etc. Hence, from hereon, we refer to the first type
as shape constant (SC) and the second type as state
descriptors (SD). As is demonstrated later, for any
shape represented using a set of SCs, SD adds a level
of tunability for each shape.

In the subsequent sections, we focus on moments of
binary images that are invariant to both translation
and scale, and treat them as shape constants. Subse-
quently, we train a neural network to generate shapes
corresponding to these moments. Moreover, we con-
dition the network over the area of the shapes such
that the network is able to generate similar shapes of
varying sizes. This is despite the fact that the data-set
is not explicitly augmented to provide any relation be-
tween aggregate size and its shape constants. Thereby
highlighting the ability of the model to learn the mu-
tual independence between the shape invariants and
the chosen state descriptor.

Therefore, in this work, Section [2| presents the over-
all methodology of obtining the shape invariants and
details about the neural network architecture that is
used. This is followed by the results in Section [3] and
is finally followed by the conclusion derived from this
work in Section [4

2. METHODOLOGY

2.1. BASIC THEORY OF IMAGE MOMENTS

Computation of image moments relies on defining an
image as an intensity distribution function p(z,y),
which in the case of single-channel binary images is
given as I(z,y), where, I(z,y) = 1 if the point (x,y)
is in the region of interest or else I(x,y) = 0. As such,
the general expression of a generic moment M, of
(p+ q)*" order is given as:

MPCI :NZZK(x’y)I(xvy)v (1)

i=0 j=0

where, N is the normalizing factor and K(z,y) is the
moment kernel.

For raw-geometric moments, denoted using m,,,
N =1land K(z,y) = zPy?. The raw moment mgg indi-
cates the area of the region of interest and (Z,y) gives
its centroid such that & = myo/meo, ¥ = Mmo1/Moo-

Since this work particularly focuses on translation
and scale invariant moments of aggregates, for any
translation invariant moment, also known as central
moment, and denoted using fi,q, in which case, N' =1
and K(z,y) = (x — 2)P(y — §)9, the scale and trans-
lation invariant moment, also known as normalized-
central moments are given by:

1
Npq = (1+¥)Npq~ (2)
Hoo
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Consequently, the final expression for scale and trans-
lation invariant moments i.e. normalized-central mo-
ments is given as:

1 p q ~ ~
e = e YD (@-2)Py—9)(xy). (3)
Moo~ i=0j=0

In the subsequent work, moments derived using
Equation [3] is used for quantification of aggregate
shapes, while mgg is used as the state descriptor
for the area. It is to be noted that ngy = 1 and
01 = Mo = 0 and are therefore not used. There-
fore, the sets of image moments used are given
as {moo}, which is the state descriptor (SD) and
{U20’U11a"' s M705,M615 M52, ,n07}, which is the set
of shape constants (SCs).

2.2. NEURAL NETWORK FOR AGGREGATE
GENERATION

Given a set of SD and SC, the objective of this work
is to demonstrate the ability of a deep neural network
to learn and generate the shape that best fits the
description given using and SD and SC. To this ef-
fect, a multi-headed autoencoder is implemented that
makes use of two encoder-heads to encode the SC and
SD respectively. The outputs of each encoder head are
combined and used as input for a convolution-based
decoder section. The overall architecture of the model
is presented in Figure [T}

Each of the encoder heads is composed of a series of
fully-connceted layers, each of which apply an affine
transform to the incoming vector data. For any in-
coming vector u, such an affine transform is given
by v = uAT + b, where v is the output vector and
b is a vector of constants, also known as bias. Each
of the fully-connected layers is followed by a Recti-
fied Linear Unit (ReLU), which imparts non-linearity
to the model. ReLU is defined as the non-negative
part of any argument and as such, ReLU(z) = z if
x > 0 and 0 otherwise. The transformation matrix
A and the bias vector b is optimized through train-
ing. Details about the Encoder Head 1 is given in
Table [I] and Encoder Head 2 is given in Table |2l Both
the encoders are designed to have output vectors of
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Layer In/Out-features Activation func.
Fully Connected 1/1024 ReLU
Fully Connected 1024/1024 ReLU

TABLE 1. Architecture of Encoder Head 1.

Layer In/Out-features Activation func.
Fully Connected 33/2048 ReLU
Fully Connected 2048/2048 ReLU
Fully Connected 2048/1024 ReLU
Fully Connected 1024/1024 ReLU

TABLE 2. Architecture of Encoder Head 2.

equal size. Each of the output vectors are re-shaped
into a matrix and concatenated to obtain a tensor
of shape [2, 32, 32|, which forms the input for the
decoder. The first dimension here is termed as the
feature dimension and the remaining dimensions are
the y and z directions in the Cartesian coordinate
system respectively.

The decoder comprises of alternating transposed-
convolutions and convolution layers [I7]. Transposed
2D-convolution layers with a stride of 2 and kernels
K of size of (4,4) is used to up-sample the images to
twice the spatial dimension of the input, while the
convolution layers are designed to preserve the size
of the output. The depth of the decoder is adjusted
such that the input to the decoder is 32 pixels in both
dimensions and the output is 512 pixels in both di-
mensions with a feature dimension of size 1, which in
this case necessitates the use of four transposed convo-
lution layers. Details about the decoder is presented
in Table Bl

Finally, the resulting model is trained to obtain
a set of parameters 6. Inferencing using this model
is subsequently performed by using this fixed set of
parameters 6 such that given a pair of Shape Con-
stants and State Descriptors, the model is able to
generate an approximate 2D aggregate indicated by
these quantities. The overall workflow for training
the model is presented in Figure [2| and the training
details is provided in Section

2.3. AGGREGATE DATASET

The image dataset consisted of binary images, each
containing a single aggregate. Aggregates were repre-
sented with a pixel value of 1, while 0 indicated the
background. The image dimensions were adjusted to
the smallest power of 2 that could accommodate the
largest aggregate, resulting in each image measuring
512 x 512 pixels. FEach 1 mm of spatial dimension
corresponded to 10.24 pixels. Examples of training
samples are shown in Figure

Training data comprised (X, Y’) pairs, where X rep-
resented the input data and Y the target. Each X con-
sisted of state descriptors (SD) and shape constants
(SC). SD corresponded to the area of the aggregates,

Predicted Target
Shape Shape

Descriptors

Update Parameters No

FIGURE 2. Training workflow based on supervised
learning scheme.

FIGURE 3. Example of training dataset containing
8500 samples.

represented by mgg, and SC comprised normalized cen-
tral moments, 720,111, - -, up to the order (p+¢) = 7.
The target Y was the binary image of the aggregate
from which X was derived.

A total of 8500 labeled (X,Y) pairs were used
for training, while a separate subset of samples was
reserved for testing and excluded from training. Ad-
ditionally, no data augmentation was applied to sup-
plement the original dataset.

2.4. TRAINING

The workflow was implemented using the PyTorch
framework [I8]. The model was trained with the
Adam optimizer [I9] at a learning rate of 0.001, with
cosine annealing applied for learning rate scheduling
over 96 epochs. The mean squared error was cal-
culated between the model’s output and the target
image as the loss function. Training was conducted
using minibatches of 20 samples. Hyperparameters,
including the learning rate, batch size, and optimizer
settings, were experimentally determined to achieve
optimal performance. The entire training process took
approximately 2 hours on a workstation equipped
with an Nvidia RTX 4090 GPU and an AMD Ryzen9
7950X CPU. Inferencing with the trained model typi-
cally required about 1 minute for approximately 440
samples.

3. RESULTS

For the results presented in Figure [4] the neural net-
work was applied to reconstruct the aggregates us-
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Layer In/Out-channels Kernel Stride Padding Activation function
TransposedConv2D 2/512 (4x4) 2 1 ReLU
Conv2D 512/512 (33 1 1 ReLU
TransposedConv2D 512/256 (4x4 2 1 ReLU
Conv2D 256/256 (3x3 1 1 ReLU
TransposedConv2D 256/128 (4x4 2 1 ReLU
Conv2D 128/128 (3x3 1 1 ReLU
TransposedConv2D 128/64 (4x4 2 1 ReLU
Conv2D 64/64 (3x3 1 1 ReLU
Conv2D 64/64 (Ix1 1 0 ReLU

TABLE 3. Neural network architecture of Decoder with corresponding convolutional layers.

Original

Generated
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FIGURE 4. Reconstruction of original aggregates.

Original

Generated
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FIGURE 5. Microstructure generator of aggregates based on the scaled area of the original structure.

ing geometric descriptors obtained from the original
images. It is evident that the model can success-
fully reconstruct the aggregate shapes using only the
34 quantities.

Next, to test whether the model could recognize
the scale-invariant property of the normalized central
moments, the model was applied to the same set of
descriptors where only the area, i.e. mgy was scaled
by a factor ranging from 0.25 to 2.0 in increments
of 0.25. The results are presented in Figure It
is clear that the model can recognize the invariance
between aggregate size and its moments. Notably, the
dataset was not augmented to account for the scaling
invariance of the moments, meaning this property was
implicitly learned by the model.

20

The final results presented in Figures [ and [5] were
generated by applying the neural network to a set of
descriptors that were not previously used for train-
ing. Due to the requirement of backpropagation
during training, the output of the neural network
is a grayscale image, with high pixel values indicating
aggregate and low pixel values indicating their ab-
sence. To obtain the final binarized result, the model
outputs were thresholded using Otsu’s method, which
is readily implemented in the Scikit-Image library [20].

The quality of the generated aggregates was assessed
by comparing the moments of the original aggregates
to those of the generated aggregates. These results are
shown in Figure [6] for the various scaling factors that
were used. The scaling error is presented in Figure
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FIGURE 6. Model performance for the various scaling
factors evaluated as a mean squared error (MSE) of
normalized central moments.
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FIGURE 7. Scaling error analysis showing the model’s
tendency to generate larger aggregates for scaling fac-
tors less than 1 and vice versa.

where the area of the generated aggregates is compared
to the correct area upon scaling. It is evident that
the model tends to generate larger aggregates for
scaling factors < 1, while for scaling factors > 1, it
produces aggregates with smaller-than-correct areas.
This may be attributed to the lack of explicit training
on a dataset augmented for scale invariance of the
moments.

The final study investigates how different area scal-
ing factors affect the overall pixel wise accuracy. The
results depicted in Figure [8| represent the values of
the mean squared error, measuring the deviation of
overlap between the predicted and original aggregates.
The errors have been adjusted for scaling by dividing
the MSE-error with the square of the scaling factor.

Overall, the model demonstrates good fit between
the original aggregates and the predicted aggregates
for a scaling factor of 1 with considerable deviation
from the ideal values for other scaling factors. How-
ever, such deviation is observed to be sample specific
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FIGURE 8. Error assessment based on MSE exploring
the overlap differences between predicted and original
aggregates.

with the deviation being spread over a wide range of
values, with the model performing well in some cases.
Nevertheless, as has already been highlighted, such
a result is expected since the model was not explicitly
trained to factor for scaling.

4. CONCLUSION

This paper presents a method for generating aggre-
gate shapes in 2D using a deep-learning tool and
a small set of tractable and physically meaningful
parameters derived from moment invariant analysis.
This approach acts as the initial step in developing
a microstructure generator of heterogeneous materi-
als that relies solely on the inputs which have clear
and interpretable meanings describing material mor-
phology. The method demonstrates the ability of
a neural-network model to recognize scale variations
in input prompts and adjust output sizes accordingly,
despite the absence of explicit training for scale in-
variance. Explicit training for this aspect is expected
to enhance the results further.

This method is designed with the objective of be-
ing integrating with aggregate packing schemes for
microstructure generation of concretes. While the
current results are focused on 2D structures, the con-
cept can be easily extended to 3D problems, offering
broader applicability in the study and design of con-
crete microstructures.
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