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Full Strain Matrix Estimation in
Thin-Walled Structures With
Recurrent Inpainting Model

Thin-walled structures are ubiquitous in industries such as automotive, civil engineering,
consumer electronics, or medical devices; and many times these structures, or a significant
part of them, can be approximated by a plate as in aerospace and shipbuilding. In order to
prevent damages and increase safety, “on-condition” maintenance is increasingly being
used due to the nowadays ability to continuously sensing and processing data in real
time. A key feature to assess the probability of damage is the strain caused by loads. In
this article, our goal is to estimate the strain in the whole structure based on measurements
that only capture a 1.2% of its total surface. We show that the problem is equivalent to
reconstructing an image with 98.8% missing pixels and present a novel procedure referred
to as the recurrent inpainting model (RIM). We use finite element methods to simulate a
thin-walled structure under different loads and create a large data set of instances.
Then, we use RIM to carry out the reconstruction task along with tests of robustness
against sensor failure, transferability to other sensor morphologies, and generalization
to 3D hollow structures. The results in all the tasks clearly outrank the next best deep learn-
ing architecture. [DOI: 10.1115/1.4071388]
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1 Introduction

Currently, many of the most advanced structures from the point
of view of structural efficiency used in sectors such as aeronautics,
space, or high-performance shipbuilding share the following
characteristics: (1) the use of high-performance composite materi-
als, (2) the use of thin-walled structures from 0.5 up to 10 mm
thick, and (3) the use of flat plates or membranes with a radius
of curvature in the order of 10> m in approximately the 90% of
the surfaces.

Examples can be found in the structure of an aircraft wing [1] or
in the hull of a high-performance ship [2], in which most of the ele-
ments are either flat with a large radius of curvature together with a
very small thicknesses. Moreover, such a ‘“‘semi-monocoque”
structure is currently the most commonly used in sectors where
the aim is to obtain elements that are optimized from a structural
and mass point of view [3-5].

In addition, it is important to mention that these types of struc-
tures are currently designed with the “damage tolerant” philoso-
phy, i.e., the structure must be able to resist the occurrence of
damage and its evolution without compromising its integrity
before the damage is detected and repaired. Until recently, the
detection of damage and its subsequent repair was linked to sched-
uled or calendar maintenance consisting of periodic inspections. In
order to save costs while ensuring safety, ‘“on-condition”
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maintenance is nowadays the preferred option, which is based on
the continuous monitoring of the structure and the detection and/
or estimation of the presence of damage in real time [6].

To this end, the first stage is to instrument the structure of inter-
est, that is, to install, embed, or attach permanent sensors or mon-
itoring devices in a distributed pattern to provide measurements of
vibrations, deformations, and other characteristics at least in near
real time. The collected data are then analyzed to diagnose any pos-
sible damage or failure in time [7].

Instrumentation challenges can vary depending on the subject;
an outdoor infrastructure will suffer from environmental factors
and needs power supply, while a composite panel may require
careful integration of sensors to preserve its structural integrity
[8]. In any case, the distribution of sensors, in terms of number
and pattern, referred to as morphology, is a key issue. The choice
must ensure complete coverage of the entire structure, which
means that the data collected are sufficient for further analysis.
Such coverage can be compromised by two factors: (1) sensor mal-
function and (2) data corruption. A solution is to infer the missing
values from the collected data [9,10].

Usually, finite element methods (FEMs) [11] have been widely
employed to model structural behavior under various conditions
and predict responses with high accuracy. This approach enables
researchers to interpolate across diverse conditions and scales
[12,13]. Although FEM-based simulations may be time consum-
ing, as in highly nonlinear systems or complex geometries, they
provide a large synthetic but very realistic dataset that can be
used as a ground truth for training deep learning (DL) models,
which are particularly well suited for interpolation. The advantages
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of this approach are as follows: (1) ground truth masking simulates
the data collected only by sensors; over these, (2) ground truth poi-
soning simulates the data corruption such as missing or noisy mea-
surements; and (3) DL model inference is several orders of
magnitude faster than FEM-based simulations [10].

In this article, we follow this approach. Our goal is to estimate
the value of a given feature at any point of the geometry from a
reduced set of measurements. Specifically, the geometry is a thin-
walled plate and the feature considered in the strain suffered when
different loads are applied on it. Then, we cast the problem as one
of extreme inpainting, in which around 98.8% of the image is
missing and address the following challenges: (1) data representa-
tion, for no-strain is different from no-data, (2) accuracy of the
reconstruction, (3) robustness to sensor failure, (4) transferability
of the model to other morphologies without retraining nor fine-
tuning, and (5) extension to 3D hollow structures. To successfully
accomplish all of them, we introduce the recurrent inpainting
model (RIM), which encompasses the following contributions:

(1) A preprocessing protocol to turn a strain matrix into an
image.

(2) A novel deep learning architecture that leverages the autoen-
coder (AE) with skip connections, commonly known as
U-net, and incorporates a recurrent mechanism derived
from the denoising diffusion probabilistic models (DDPMs).

(3) Two new loss functions that are added to the usual mean
squared error (MSE) to provide a better learning signal.

(4) Extensive experimentation that includes: (1) a comparative
of the U-net architecture with other generative ones, specifi-
cally p-variational autoencoder (VAE), conditional genera-
tive adversarial networks (CGANSs), and diffusion models;
(2) a comparative of U-net architecture with RIM to assess
the performance in each one of the challenges listed
earlier. (3) An ablation study on the components in RIM
added to the U-net.

(5) A thorough analysis and discussion of the models evaluated
and the results attained.

RIM outperforms these approaches in all the challenges posed.
Additionally, the dataset created and used in this study, along
with the code of RIM, is available online.”

The rest of the article is organized as follows. In Sec. 2, we
describe the problem and address the data representation challenge.
The model proposed, how it makes the inference, and how it is
trained are detailed in Sec. 3. Section 4 covers the remaining chal-
lenges, namely, reconstruction of the strain matrix, robustness of
RIM to sensor failure, its transferability to other morphologies,
and extension to 3D hollow structures. The related work is dis-
cussed in Sec. 5. Finally, Sec. 6 points out the conclusions of
this study.

2 Problem Statement

When instrumenting a structure, the number of sensors that can
be installed is a frequent limitation that has a twofold impact on its
coverage: (1) directly, for there will only be actual measurements
where they are placed, and (2) indirectly, since everywhere else
has to be interpolated. The accuracy of the interpolation will
depend on the number of sensors and their arrangement, commonly
referred to as morphology in the on-condition maintenance context.

In this article, we focus on thin-walled structures and show that it
is possible to get an accurate interpolation leveraging state-of-the-
art deep learning models and FEM-based simulations.

2.1 Test Bench. We consider a square plate of 50 cm X 50 cm,
instrumented with Fiber Bragg Gratings (FBGs). The geometry of
the structure is modeled in Patran3, with 32 X 32 elements

2https://github.com/ancral/rim.
3https://hexagon.com/producls/patran.
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specifying the following characteristics: Young’s modulus E (resis-
tance to deformation under stress), shear modulus G (response to
shear stress), and Poisson’s ratio v (ratio of lateral strain to axial
strain when the structure is stretched). In particular, we set

E=70GPa, G=26GPa, v=1/3

which corresponds to the standard aluminum. The FBG provides
strain measurements in the X- and Y-axis as follows: a grating
inscribed within the core of an optical fiber reflects one particular
wavelength of light and transmits the rest; whenever a strain is
applied on the fiber, the spacing of the grating changes the reflected
wavelength proportionally.

Loads are applied to this structure in different positions and of
different magnitude given in Newtons (N) to create variety of
deformation patterns. Specifically, the number of loads is
sampled from a uniform distribution between 1 and 6. Each one
of them is placed in a position (x, y) sampled from a bivariate
uniform distribution within the bounds of the plate. The magnitude
is sampled from a continuous uniform distribution between 0 and
100. Additionally, physical constraints are imposed to the ends
of the structure as boundary conditions, mimicking the way these
structures are typically anchored. Naming the four sides of the
plate clockwise as A, B, C, and D, the constraint applied is
sampled from a uniform distribution over all the possibilities
{None, A, B, C, D, AB,..., ABCD}, where each letter represents
an anchor on the corresponding side. We remark that this test bench
is not physically implemented. The choice of FBG is motivated by
their extreme sensitivity, capable of detecting microstrains, which
matches the high fidelity provided by FEM simulations. Moreover,
it would also be a current option in industry. The finite element
analysis is carried out by MSC-Nastran.* The results of this simu-
lation are two strain matrices €,,, €,, € R332, which serve as raw
ground truth. We generate a total of 8000 strain matrices equally
distributed between both types.

A sketch of the test bench and its morphology is shown in
Fig. 1(a). The sensors oriented in the X-axis provide the strain
matrix corresponds to ey, Similarly, those oriented in the Y-axis
provide €,,.

2.2 Data Representation. Our approach consists of eliminat-
ing all the values in a strain matrix where there are no sensors and
learning to reconstruct them from the sensor readings. This proce-
dure raises the problem of representing “nonexistent data,” which
is different from “zero strain,” since the latter could be a sensor
reading. For this reason, the strain matrices obtained are not
useful in their current form.

Our solution is to encode the strain values into a normalized (R,
G,B) tuple according to a color map. To achieve this, every raw
strain matrix undergoes the following transformation pipeline.

(1) Normalization to the unit interval. This step learns the
maximum and minimum strain values in every matrix and
scales linearly all its elements, resulting a matrix in
[0, 113%32. We remark that this is different from normaliz-
ing both training, validation and test splits with respect to
the maximum or minimum strain values attained in the
whole data set of raw matrices.

(2) Encoding to the Viridis color map. Viridis ranges from deep
purple color, with RGB = (68, 1, 84), to bright yellow,
RGB = (253, 231, 37). This color map is color-blindness
robust and perceptually uniform. The choice of Viridis is
arbitrary, and any other color map would do as long as it com-
plies with the same properties. The outcome of this step is an
array of three matrices: matrix R € [68, 25313232, matrix
G €[1, 2311°>%2, and matrix B € [84, 3717232,

“https:/hexagon.com/es/products/product-groups/computer-aided-engineering-
software/msc-nastran.
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Fig. 1 (a) An arrangement of 12 FBG sensors. (b) Readings of strain are only taken in those
elements with sensors in them. Sensors are numbered with an id. (c) Example of strain

matrix e resulting from simulation of FEM.

(3) Divide by 255. Hence, matrix R & [0.267, 0.992]32%32,
matrix G € [0.004, 0.906]°>3? and matrix B e [0.329,
0.145732%32,

The resulting R, G, and B matrices are used as ground truth.
Additionally, to obtain a representation of the FBG readings due
to the loads applied to the structure in a particular instance, we
set every pixel to pitch black, i.e., [0, 0, 0] except for those
pixels that correspond to a sensor, where we keep the ground
truth value. We show an example of sensor reading (the input to
RIM) and its corresponding ground truth (the intended target) in
Figs. 1(b) and 1(c), respectively. Particularly, in these figures, it
can be noticed that a missing pixel is completely different from
another with strain = 0. The former is any of the pitch-black
pixels in Fig. 1(b), whereas the latter corresponds to any pixel
with a green-blue tone in Fig. 1(c). Hence, the RGB codification
is a valid solution to capture both, whereas using the scalar
values from the readings is not.

3 Model Description

The data representation turns the interpolation (also referred to
as reconstruction) problem of finding the strain in all elements of
the geometry into an extreme inpainting problem, in which 1012
out of 1024 of the pixels (about 98.8%) are missing. The
state-of-the-art neural architectures for this task are AEs,
CGANSs, and DDPMs. In this section, we first check their perfor-
mance to assess the necessity of a new one (RIM) and then intro-
duce the inference and training.

For the rest of the article, we use the following notation. Symbol
1 represents the indicator function, which returns 1 if its argument
is true and O otherwise. We use lowercase letters x to refer to the
pixels (even if these have three channels) of an image x, denoted
in lowercase bold letters. We indicate with the hat (*) any scalar
or multidimensional vector estimated by a model. Let x; be the
input image, i.e., the 1 with the 12 FBG readings encoded in
0-to-1 RGB and [0, 0, 0] everywhere else. Let X, be its target
image, let Xy be the image estimated by a model for the input xz,
and let X, be the image estimated at any step 0 <7< T if the
model’s mechanism requires it.

3.1 Discussion About State-of-the-Art Methods

3.1.1 Autoencoders. There are two prominent architectures,
namely, U-net and VAEs. The U-net key feature is the skip connec-
tions that forward visual features from the encoder layers directly
to the corresponding decoder layers [14]. VAEs are generative
machines that first encode the input into a multivariate normal
(MVN) distribution from which the latent representation is
sampled. The decoder learned is a deterministic transformation
of the MVN into the distribution of the target images, hence the
sampled latent representation turns into a sample of the target. A
convenient modification of VAE is the pA-VAE, in which
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hyperparameter § controls the trade-off between reconstruction
accuracy and the disentanglement of the learned latent representa-
tions. The former means that two elements of the latent representa-
tion have an effect on different parts of the output [15].

3.1.2 CGAN. It is also a generative model that starts from a
random noise vector sampled from a multivariate uniform to
which another vector with fixed values is appended. The result is
introduced to a decoder architecture whose learning is done with
a discriminator and the pretext task of distinguishing generated
images from real ones. Since the input vector is not fully
random, the image generated is conditioned to the fixed part
appended [16].

3.1.3 DDPM. This is the most recent approach regarding
image generation with outstanding results in terms of realistic
looking. It consists of a sequence of T steps that gradually trans-
form an image into Gaussian white noise. At every step ¢, each
pixel of the image produced x; is sampled from the conditional dis-
tribution g(X;|X,—1 = x,—1), where ¢ is chosen to be a normal with
mean u, = (/1 — p)x,—; and variance atz = f,. According to the
so-called “parametrization trick,” a sampled pixel X, can be
expressed as follows:

%= (\/1 —ﬂ,)x,_l + <\//7,)e (1

where ¢ is sampled from a standard normal distribution. Hyper-
parameter f, ranges from O to 1 according to a schedule that
depends on the number of steps. Due to the parametrization trick,
the only random element at each step is &, and DDPM trains a
neural network model to estimate e. The inference starts from
Gaussian white noise and the neural network estimates what has
to be removed. Thus, the image is progressively cleaner in a back-
wards process [17].

3.1.4 Comparison. To the best of our knowledge, there is no
previous work with such a rate of missing pixels. Therefore, the
first approach should be checking the performance of the models
cited earlier when reconstructing a strain matrix from the readings
of 12 FBG. To this end, we trained and fine-tuned a U-net, a
p-VAE, and a CGAN using the MSE between the estimated
image and the ground truth as loss function. The results are
shown in Table 1.

The test clearly selects U-net as the most promising model. A
plausible reason is that skip connections send the local information

Table 1 Comparison of state-of-the-art models for inpainting
strain matrices

U-net p-VAE CGAN DDPM

MSE 0.002 0.016 0.035 >1

APRIL 2026, Vol. 26 / 041004-3



of the FBG readings to the decoder and the layers of the latter learn
to complete the image. Yet, it is questionable whether these models
are well-tuned for the task. The hyperparameter space of neural
network models is immense. The most common ones, in the
sense of being task-independent, are those due to the network
architecture (number of layers, number of neurons in each layer,
type of activation function in each layer, etc.) and to the optimizer
(momentum, learning rate, weight decay, etc.). In addition, each
model has its own hyperparameters, for example, the value of S
in f-VAEs or the scheduling in DDPM. In our experiments, we
conducted an extensive battery of tests, from which we obtained
the settings that were finally used to produce the Table 1.
Besides, these results lead us to offer an plausible explanation
based on the specific features of each model. The architecture of
P-VAE lacks skip connections and the encoder faces the task of
encoding 1012 black plus 12 nonblack pixels into a mean and a var-
iance vectors. Thus, it is likely that both will shrink to zero, which
makes learning the decoder more difficult than the U-net’s, yield-
ing poorer performance. CGAN conditions the random input to
the input image. One could hypothesize that the encoder may
ignore the randomness and reconstruct only from the conditioning
image. Even if so, the discriminator only estimates the likelihood of
the generated image being a true one, which to the light of the
results is not enough information to obtain an accurate reconstruc-
tion. Finally, during the training of the DDPM, the ground truth
images are progressively turned into Gaussian white noise. Then,
in inference, we generate new Gaussian white noise, restore the
known pixels to condition the output, and produce the estimated
image. The performance is more than 30 times worse than
CGAN, and more than 500 times worse than U-net, suggesting
that the white noise is poisoning the no-data representation.

3.2 Derivation of a New Model. We aim at improving the
U-net outcome leveraging its key feature, the skip connections,
and overcoming the issues that the rest of models present.
Keeping the U-net architecture excludes the f-VAE, but it could
be the generator of a CGAN. However, as claimed earlier, the dis-
criminator does not provide the best learning signal. The DDPM
already includes the U-net, so we propose a different mechanism
that is derived from Eq. (1). First, notice that Eq. (1) produces a
normally distributed sample X, only if ¢ comes from the standard
normal distribution. Otherwise, Eq. (1) is just a parametrization
of X, in terms of x,_, f,, and e. Solving for x,_;, we obtain

X1 = (ﬁ) (5~ VB, -e) &

Then, we approximate ¢ using the U-net, represented as the para-
metric function fy(-), and obtain

i1 = (ﬁ) (3 - VA ) 3

At this point, a first option is to set 7 = 1, which is just introduc-
ing the input image and let the U-net produce an estimation of the
inpainting. Setting 7 > 1 leads to a reminiscent DDPM in which the
output at ¢ is the input at # — 1, since the process is backward in
time. Additionally, if we consider the whole image instead of a
single pixel and incorporate this recurrent mechanism, Eq. (3) is
rewritten as follows:

5 1 5 5

%1 = =) (% - VB -1k @
V1=P5

Besides, in order to keep the FBG readings and to aid in the

reconstruction, we incorporate a restore—enhance—smooth (RES)
module, which works as follows.

041004-4 / Vol. 26, APRIL 2026

3.2.1 Restore. Let us rename the output of Eq. (4) asy,. Then,
this step overwrites those pixels of y, that correspond to the loca-
tions of the FBG according to the morphology with the values in
the input x7. The rest of the pixels are clipped to [0, 1]. Formally,
this step is carried out for each pixel by the restoration function R,
defined as follows:

xr if xr#1[0,0,0l,

Clip(y;) otherwise )

R(y;, xr) = {
Let z; = R(y;, xr), then restoration in all the pixels of y, pro-
duces the image z,.

3.2.2  Enhance. This step aims at emphasizing those pixels in
the upper and lower quintiles of luminance ¢, which is computed
for each pixel of z, as follows:

£=0.2126 - zg + 0.7152 - z6 + 0.0722 - zg (6)

where z = [zgr, Zg, zg] represents the RGB channels of a pixel x.
Thus, for the Viridis color map, we get the upper and lower quin-
tiles for every RGB channel as follows:

Los =€ -1(£ > 0.8)-[0.992, 0.906, 0.145]
Lo =£-1(£>0.2)-[0.267, 0.004, 0.329]

The enhancement function E adds z’s difference between £gs
and £ to z but with two caveats: (1) it is only applied from time-
step t =7 down to ¢ = 1, and (2) such a difference is multiplied by
an increasing hyperparameter that depends on the time-step. The
result is also clipped to [0, 1].

E(z, ) =Clip(z; + 1t < 1) -t =0 -7 (Los — Lg1)) (7

Let w, = E(z, 1), then enhancement in all the pixels of z, pro-
duces the image w,.

3.2.3  Smooth. Finally, we apply a Gaussian smoothing to the
image w, using the convolution with a 7 X 7 Gaussian kernel G,
with mean zero and standard deviation ¢ = 2. The smoothing func-
tion S adds the difference between such a convolution and the
enhanced image w, multiplied by the hyperparameter {. Mathemat-
ically, it is expressed as follows:

Sw)=w,+{(w; * G—w,) 3

The outcome of the smoothing function is the estimated image in
time-step #, which is also the input for the time-step # — 1, i.e.,
X1 =S(wy).

3.2.4 Remarks. RIM has two distinctive features with respect
to U-net (the closest competitor) and DDPM (the foundation of the
method proposed).

First, the RES module is time dependent, which makes it a key
feature of the proposed method, as opposed to the alternative of a
U-net with postprocessing. The option of a U-net that is used
several times, feeding it in iteration ¢ with the output of the previous
iteration, does not make sense for two reasons: (1) the single
forward pass in the U-net already produces good results and
(2) as the U-net parameters are frozen in inference, its response
in the second and subsequent iterations is not guaranteed since
its input in them is completely different. On the contrary, our pro-
posal interleaves the output of the U-net with R, E, and § at each
iteration.

Second, the output of the U-net is transformed via Eq. (4), which
is derived from the parametrization of sampling from a normal dis-
tribution as in DDPM in Eq. (1). But DDPM is intrinsically differ-
ent to RIM because (1) the ground truth in DDPM is the noise
added every time, while the ground truth in RIM is the target
image and (2) DDPM is trained in a forward and back-propagation
schema, whereas RIM’s is recursive-forward 7 times and
back-propagation-through-time (see Sec. 3.4, for a detailed
description of the training process).
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3.3 Inference. Algorithm 1 shows the sequence of steps due
to a single forward pass, which comprises iterating recurrently T’
times over the inpaint-restore—enhance—smooth steps.

Algorithm 1 Inference With Recurrent Inpainting Model

Require: Input image x7
1: Xr < xr
2: fort:T down to 1 do
3 Computey,, such that every pixel y, = (,/1— 5, )~ (& — /B, foks)

4: Compute z,, such that every pixel z; = R(y;, x7)
5: Compute w;, such that every pixel w, = E(z, 1)
6: Compute X,_; = S(w,)

7: end for

8: return X,

3.4 Training. The only trainable parameters are those in the
U-net, i.e., € in fy(-). Since the rest of functions involved are differ-
entiable, it is possible to apply gradient descent after a complete (in
the sense of running the 7 iterations) forward pass. In order to
assess the performance of the model with respect to those in
Table 1, the MSE loss is used. Additionally, we propose two
new terms for the loss: one that focuses on the accuracy in the
lower and upper sides (the extremes) of the color map and
another that focuses on the similarity between target and estimation
directional derivatives.

3.4.1 Extremes Loss. Let [xr, xg, xg] be the RGB channels of
a pixel x from the target image Xy, and let m be its corresponding
mask in matrix M defined element-wise as follows:

m= ]l(mL or mU), where ©)
mp = Jl((xR <v)and (xg <v)and (xg > 1 — u)), and (10)
my = ]1((xR >1—v)and (xg > 1 —v) and (xg < 1/)) (11)

Here, the lower and upper mask bounds, m; and my, respec-
tively, are configurable with hyperparameter v. Then, the extremes
loss Ly is

5 1 w2

Litko, %)= > (m (=07 (12)
Vx € X,
Vi ex,
VmeM

where N = 1024 is the number of pixels in the images.

3.4.2 Directional Derivatives Loss. Let v[i, j] be the element
in row i and column j of a matrix v. The derivative in the direction
d of the element v[i, j] is defined as the difference between that
element and the next one in the given direction. Thus, for direction
x (columns) and y (rows), it is expressed as follows:

v, j+ 11 =v[i,j] ifj<32
Axv[i,j]={ =g <3 (13)
0 otherwise
vli+1,j1=v[i,jl ifi<32
AV, j1 = 14
Vil {O otherwise 14

By using Eqgs. (13) and (14), we define the directional derivatives
loss as follows:

JN
Lo(xo, %0) =73 > | Auxoli, j1 = Akoli, /1] + [ Ayxolis j1 = Aykoli, |
ij=1

15)
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3.4.3 Loss Function Proposed. It is a weighted sum of the
three losses introduced:

L(x¢, Xo) = A0MSE(xo, %) + 41(X0, X0)L1 + A2L2(X0, Xo)  (16)

This loss function, as well as each of its terms, are also used as a
performance metric. Algorithm 2 shows the steps to carry out the
training process.

Algorithm 2 Training Recurrent Inpainting Model

Require: Input image x7, Target image X,
Ensure: U-net suboptimal parameters 6*

1: repeat
2: X0 < RIM (x7) > Run inference
3: Take gradient descent step on

Vo(AMSE(Xo, Xo) + 41L1 (X0, Xo) + A2 La(Xo, Xo))

4: until converged

3.5 Hyperparameter Tuning. The choice of Viridis color
map in the data representation stage conditions some of the expres-
sions derived earlier. Same can be said of the specifications of the
test bench, which induces the number of elements and the number
of pixels in the images. For the sake of clarity, we do not introduce
symbols for those, which produces some constant values. Different
color maps and geometries would require minimal straightforward
changes in the expressions.

Equation (4) depends on a linear scheduling for j,, given by
P, =0.0375 - t+ 0.0125, which gives fr =0.2 and f; = 0.05. The
rest of the model’s hyperparameters is shown in Table 2.

The gradient descent was carried out with Adam optimizer, 100
epochs, a learning rate of 107*, and a weight decay of 107%.

All the values proposed have been obtained after an exhaustive
experimentation.

4 Experiments

We test the model proposed in all the challenges posed in Sec. 1.
To this end split, the dataset in 80-20%, using 6400 raw strain
matrices for training and 1600 for test. Each raw strain matrix
undergoes its own data representation process.

4.1 Reconstruction. First, we incorporate RIM and the extra
terms of the loss function L to the models in Table 1. The new com-
parison is shown in Table 3, in which each column contains the
mean value of the loss represented in it. The down-arrow indicates
that the lower the value, the better.

Since RIM matches the U-net, a key question arises: Is it truly
necessary the new model? The following experiments show that
our proposal completely overcomes the U-net. We also present a
qualitative comparison between the reconstruction and the

Table 2 Values of the hyperparameters in RIM

Symbol Meaning Value

T Number of iterations 5

Y Multiplicative factor in enhancement function (Eq. (7)) 0.03

T Time-step that activates enhancement function 3
(Eq. (7))

¢ Multiplicative factor in smoothing function (Eq. (8)) 0.2

v Threshold for computing the mask matrix M in 0.3
(Eq. (12))

Ao, A1, A2 Weights of MSE, L; and L, in the loss function 1,10, 1

(Eq. (16))
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Table 3 Comparison of state-of-the-art models with respect to
ours, detailing each term of the loss L for the reconstruction
task

Model MSE (1) Li() L(1) L)
Ours 0.002 0.004 0.007 0.014
U-net 0.002 0.004 0.007 0.014
BVAE 0.016 0.017 0.017 0.051
CGAN 0.035 0.030 0.055 0.121

Note: Bold highlights the best value.

ground truth of ten random test instances in Fig. 2. It can be appre-
ciated that in cases with a single load such as Figs. 2(a), 2(d), 2(e),
and 2(j), the prediction is almost perfect. In the rest of the
instances, with two or more loads, the prediction always hits at
least half of the loads.

4.2 Robustness to Sensor Failure. Sensor failure is common
if the structure is subject to impacts, such as in fighter fuselages or
warship hulls, hence, to be able of reconstructing the strain image
when some of the sensors readings are missing is a key issue. To
this end, we configure nine failure patterns, namely, (0,1),
(10,11), (0,10), (1,11), (2,3.4), (4,6,8), (7,8,9), (3,5,7), and
(0,1,10,11), where each sensor is represented by its id as stated
in Fig. 1(b).

Given the outcome in reconstruction, we focus only on the U-net
and our proposal. The comparison is carried out averaging the
value of L over all the test set. Then we obtain the percentage of
times that each model attains the lowest value. The results are
shown in Table 4. RIM overcomes the U-net in all the failure pat-
terns but one, but precisely the one with the lowest difference.

4.3 Transferability. We here consider whether the model
learned for a given morphology works in another one, without
retraining nor fine-tuning. To this end, we consider other four mor-
phologies with different number of sensors, namely, 8, 9, 13, and
16. The morphologies with 8 and 16 sensors are shown in Figs.
3(a) and 3(b), respectively. The morphology with 12 sensors is
the original one, shown in Fig. 1(b). The morphologies with 9
and 13 sensors are identical to 8 and 12 but with an extra sensor
in the middle. As in the previous experiment, we average the

() (b) (c) (

Fig. 2

d) (e)

Pred

value of L over all the test set and obtain the percentage of times
that each model attains the lowest value. The results are shown
in Table 5, in which our model overcomes the U-net in all the cases.

4.4 Ablation of R, E, and S. Here, we assess the utility of
functions R, E, and S. To this end, we consider RIM with and
without R, E, and S and repeat the robustness and transferability
experiments. The rest of the procedure is identical to those
described earlier.

The results for the robustness ablation test are shown in Table 6.
The original model overcomes the one without R, E, and S in seven
out of nine cases. On the other hand, the results for the transferabil-
ity ablation test are shown in Table 7. Here, model overcomes the
one without R, E, and S in four of five cases.

4.5 Generalization to  Three-Dimensional  Hollow
Structures. We also consider the case in which the geometry is
not a plate, but a 3D thin-walled hollow structure, as in
lattice-structured cubes used in lightweight construction. To this
end, a new geometry was developed and simulated. Specifically,
we try a cube with 10 X 10 elements in each one of its six faces,
subject to random loads at any of them with the same protocol
than in the thin-walled plate case. Since the number of elements
per face is ten times lower, we modify the morphology, reducing
the number of FBG sensors to 8. Finally, this 3D geometry is
unwrapped into a 2D surface, so RIM can be readily applied. We
also create 8000 synthetic strain matrices with FEM simulation
and the same protocol than before. The geometry and morphology
of this setup are shown in Figs. 4(a) and 4(b).

We compare the performance of a U-net with respect to our
model under three metrics: the mean absolute error (MAE), the
MSE, and the peak signal-to-noise ratio (PSNR). These metrics
are computed for each image in the test set and then averaged.
The results are shown in Table 8, and RIM is superior to the
U-net in the three metrics.

4.6 Discussion on Real-World Validation. Real-world vali-
dation is a key issue that was considered during this work.

First, it is not feasible to conduct an experiment in which a plate
is equipped with FBGs so densely that strain readings equivalent to
the size of a finite element can be obtained for each region.

—~

f) 9) (h) (i)

()

Inpanited versus the ground truth image for ten random test instances

Table 4 Percentage of times that each model attains the lowest L when removing some sensors in test

Id. of those sensors removed

Model 0,1 10,11 0,10 1,11 2,34 4,6,8 7,89 35,7 0,1,10,11
U-net (1) 327 1.8 3.6 21.8 36.4 14.6 52.7 38.2 0
Ours( 1) 67.3 98.2 96.4 78.2 63.6 854 47.3 61.8 100

Note: Bold highlights the best value.
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Fig. 3 Morphologies with 8 and 16 sensors

Table5 Percentage of times that each model attains the lowest
L in test using other morphologies without retraining or
fine-tuning RIM

No. of sensors in new morphology

Model 8 9 12* 13 16
U-net (1) 12 0 20 20 21
Ours (1) 88 100 80 80 79

“The morphology learned with RIM.
Note: Bold highlights the best value.

Table 6 Percentage of times that RIM attains the lowest L in test
not using functions R, E, and S compared to the original one
within the robustness test

Id. of those sensors removed

Model 0,1 10,11 0,10 1,11 2,34 4,6,8 79,8 3,5,7 0,1,10,11

Ours (1) 65 10 27 8 78 92 55 75 85
No R-E-S 35 90 63 11 22 8 45 25 15
Q)

Note: Bold highlights the best value.

Table7 Percentage of times that RIM attains the lowest L in test
not using functions R, E, and S compared to the original one
within the transferability test

No. of sensors in new morphology

Model 8 9 12¢ 13 16
Ours (1) 100 100 55 34 100
NoR-E-S (1) 0 0 45 66 0

“The morphology learned with RIM.
Note: Bold highlights the best value.

(@) (b)
Q Z
X Y

Table 8 Comparison of a U-net versus RIM on the
reconstruction task

Model MSE (1) MAE (]) PSNR (1)
U-net 0.0005 0.007 33.6
Ours 0.0002 0.005 38.2

Note: Bold highlights the best value.

Reducing the number of sensors to 4 fibers and 12 gratings each
results in an estimated cost of EUR 21,000 and 400 working hours
split as follows:

Amount

(EUR) Description

1000 Manufacture of two® composite panels.

2000 Instrumenting two® panels with 4 fibers and 12 gratings
each.

2000 Fastening elements for testing.

16,000 400 h of work (40 EUR/h) that include designing the

experiments, manufacture, install, and assembly sensors
in the structure, develop the test plan, carry out the tests,
and obtain and validate results.

“Two panels would be the minimum required to see repetitiveness and have
a back-up.

In our opinion, this cost is excessive, in terms of both working
hours and financial investment, particularly considering that the
purpose of finite element simulations is precisely to avoid such
expenses.

An alternative would be to employ a 12-sensor morphology, as
shown in Fig. 1(a), and evaluate the accuracy of predicting the
strain in one sensor based on the others, similar to the experiments
assessing robustness to sensor failure (Sec. 4.2). In this case, the
instrumentation cost may be lower, but the remaining expenses
would remain largely unchanged.

In summary, this work presents five different experiments lever-
aging finite element simulation, which provides reduced costs and
risks, as well as flexibility in the experiment design and parallel
execution of different scenarios. By contrast, conducting experi-
ments on a physical test bench is significantly more expensive in
terms of both time and budget.

5 Related Works

5.1 Inpainting. In this article, we approach the interpolation
of strain matrices from a reduced number of sensors as the inpaint-
ing of an image. The most recent works in this computer vision task
leverage diffusion models in the latent space [18,19]. These works,
as other state-of-the-art inpainting models with outstanding perfor-
mance [20-22], share common features that are severe drawbacks
for the problem addressed here. (1) The size of these models is way

En T

Fig. 4 (a) Geometry of the 3D hollow thin-walled structure used. (b) Unwrapping of the six sides of the 3D cube into a 2D plate,
with the FBG readings from an eight-sensor morphology at each side. (c) Prediction and (d) target images.
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larger than ours. (2) These models are trained with everyday
images. Although coming from very different contexts, they
induce a bias in the model’s layers. Hence, transfer learning is
not really useful for the images generated here, which leads to
completely retrain the models from scratch. (3) The area missing
in these works is much less than in this problem. (4) Besides,
such an area usually contains a part with semantic meaning
within the whole image (e.g., the face in a close-up, a person in
a crowd or a tool in a hand), which does not happen here.

5.1.1 Estimation of Strain. This topic is very dependent on the
test bench. For this reason, it is relevant to distinguish between
neural network architectures and models, as the architectures
provide guides to build promising models that must be tailored
to the specific problem. Such is the case in Ref. [23], in which
the U-net was proposed as a prominent architecture. In Ref. [24],
the authors used a single ellipsoidal void structure as test bench.
In contrast, we use a thin-walled plate and, as a special case in
the experimentation, a hollow cube, which would be the closest
structure to the one in that work.

Probably the best match with our study can be found in Ref. [25].
Here, the authors explored a deep learning-based approach for pre-
dicting the stress fields in 2D linear elastic cantilevered structures
subjected to external static loads. The models tested include two
models, SCSNet and StressNet, both based on the autoencoder
architecture, while our model is also tested against other generative
neural networks. Both Ref. [25] and our model are tailored for the
test bench they are tested, so a quantitative comparison is not really
possible. However, the U-net built as baseline in our article approx-
imates the SCSNet but improves the architecture with the skip con-
nections. Additionally, the test bench that we create is way larger
than that presented by them.

5.1.2  Other Related Fields. Predictive maintenance is a com-
prehensive framework that aims to anticipate failures before they
occur, using real-time data and degradation models. It encompasses
two broad nonexclusive paradigms, namely, structural health mon-
itoring (SHM) [26] and on-condition maintenance [27]. The scope
of the former is to assess the global integrity and long-term health
of large-scale structures and infrastructures, e.g., in Ref. [28],
whereas the latter’s is to maintain the operational performance of
individual machinery, components, or assets by reacting to their
current state. However, both overlap in three key aspects:
(1) The use of vibration sensors, fiber optics, accelerometers, and
extensometers, to name just a few, to acquire data indicative of
an asset’s or structure’s state such as vibration analysis, acoustic
emission, temperature; (2) both shift from time based or reactive
maintenance to data driven, so actions are due to the actual condi-
tion of the asset or structure; (3) SHM focuses on long-term prog-
nostics, so it is predictive in nature. The more advanced forms of
on-condition maintenance also incorporate predictive capabilities
using the same techniques such as machine/deep learning [29,30]
or anomaly detection [31]. Digital twins are arguably the most
comprehensive approach to health monitoring for they integrate
sensoring, cyperphysical systems, machine learning models, and
real-time actions [32]

Novel machine learning models, such as physics-informed
neural networks [33] have emerged as a potential approach to inte-
grating physical constraints into the learning process [34]. This
approach has been used to model the behavior of materials with
damage in Ref. [35]. However, their applicability is often limited
to single-case scenarios under well-defined boundary conditions.
Regrettably, a reduced number of sensors prevents the direct appli-
cation of equilibrium equations for stress analysis, and additional
stress-related measurements would be required for a complete
characterization of structural behavior.
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6 Conclusions

In this article, we turn an interpolation/reconstruction problem
into the inpainting of an image with 98.8% of the pixels missing.
To this end, we introduce RIM. We first create a massive synthetic
dataset using FEM simulations of the test bench, creating strain
matrices in both axis. Then propose a data representation that
turns these strain matrices into images. We tailor state-of-the-art
models as baseline for reconstruction (i.e., inpainting from the
image point of view) and identify other challenges that the model
should be able to cope with our model. Extensive experiments
have been carried out to assessing the performance of RIM with
respect to the best baseline, the U-net. RIM is superior in all the
tasks, keeping a reduced number of parameters in comparison
with other state-of-the-art inpainting models.

On the other hand, finite element—based simulation cannot fully
capture real-world behavior once the material reaches critical strain
levels, when cracking and fracturing occur. Hybrid approaches
based on previous theoretical and experimental results are typically
required to ensure reliability in such extreme conditions. In that
sense, simulations produced by RIM can predict whether those crit-
ical bounds are reached.
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