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Abstract
Recent advancements in 3D printing technology have significantly enhanced 
the potential of auxetic structures, which are notable for their negative Poisson’s 
ratio, particularly in applications such as sensor technology and structural health 
monitoring. Central to the performance of these structures is the accurate estimation 
of the effective strain parameter, a critical metric for assessing structural integrity. 
However, as structural complexity increases, estimating this parameter becomes 
increasingly challenging. The fabrication and real-world validation of these structures 
are equally important challenges. This paper introduces two key innovations for 
the practical application of auxetic structures. First, we present a multi-kernel 
hierarchical deep neural network that leverages finite element simulation data 
to accurately predict effective strain fields in complex auxetic configurations. This 
model architecture not only reduces the number of parameters requiring training 
but also enhances feature learning and generalization capabilities, achieving over 
90% accuracy in predicting strain fields. Second, we validate these predictions using 
a 3D-printed specimen embedded with mechanoluminescent (ML) particles. This 
approach enables direct, non-contact visualization of strain in real-time, offering 
high spatial and temporal resolution. The alignment observed between predicted 
and observed strain concentration areas demonstrates the efficacy of integrating ML 
technology into auxetic designs. This integration significantly improves the reliability 
and diagnostic capabilities of advanced structural systems.

Keywords: Mechanical metamaterials; Auxetic structure; Structural health monitoring; 
3D printing; Mechanoluminescence; Deep learning

1. Introduction
Mechanical auxetic structures have gained significant attention in engineering applications, 
driven by advancements in additive manufacturing technologies that enable the production 
of complex shapes.1-4 These structures exhibit a unique ability to expand laterally under tensile 
stress, characterized by a negative Poisson’s ratio (NPR), which confers superior mechanical 
properties.5,6 Notably, auxetic structures are recognized for their enhanced shear resistance, 
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exceptional impact absorption, and augmented fracture 
resistance.7 They reduced the Poisson’s ratio while amplifying 
strain sensitivity compared to conventional materials.8,9

This heightened sensitivity is particularly pronounced 
in auxetic structures that leverage rotating motion 
under tensile stress to amplify their NPR behavior.10,11 
Such sensitivity is, especially beneficial in fields such 
as structural health monitoring (SHM) and sensor 
technology, where precise monitoring of structural changes 
is crucial. However, the distinctive deformation responses 
of auxetic structures can lead to localized stress and strain 
concentrations, which must be addressed during the design 
process to prevent potential microcrack formation and 
failure over prolonged use. Hence, accurately measuring 
the spatial distribution of strain in both the design and 
application phases of auxetic materials is crucial.12-15

To evaluate deformation without causing material 
damage or alterations, non-contact methods have 
been developed to visualize strain fields. These 
methods encompass thermal,16 acoustic,17,18 optical,19,20 
and luminescent21-23 techniques, each offering 
distinct advantages and challenges. Among these, 
mechanoluminescence (ML) materials have emerged as 
a novel non-contact method. ML materials can visualize 
stress and strain fields and track crack paths in response 
to mechanical stimuli,24,25 offering the potential to map 
the spatial distribution of local mechanical responses.12 
Specifically, SrAl2O4: Eu2+, Dy3+ (SAOED), a representative 
material used in ML composites, demonstrates excellent 
reproducibility and a linear response to stress. This 
capability allows ML to provide strain distribution 
information comparable to traditional methods such as 
digital image correlation (DIC)26 by quantifying light 
intensity without the use of speckle patterns.12 Given 
the high costs and extensive pre-processing required for 
DIC setup and measurements, ML-aided evaluations of 
localized strains are expected to offer a cost-effective and 
deployable solution in SHM for various structures.

The predicted strain distribution from finite element 
analysis (FEA)27-29 and those derived from ML-based SHM 
methods can be effectively combined to enhance the design 
reliability of auxetic structures. With advancements in 
additive manufacturing, it is now possible to fabricate highly 
complex auxetic designs. However, the growing complexity 
of these structures, which encompass a vast design space, 
necessitates even more efficient prediction and design 
techniques. To meet these demands, recent developments 
have introduced artificial intelligence (AI). By integrating AI 
with FEA, various physical fields, such as stress fields, strain 
fields, and crack behaviors, as well as diverse design spaces, 
can be explored efficiently.30-33 Consequently, through the 

analysis of physical fields, structural engineers can enhance 
mechanical properties by achieving more uniform stress 
distribution and reducing stress concentrations.

This study aims to leverage an AI-driven framework to 
predict effective strain within complex auxetic structures 
and employ ML materials to directly monitor strain fields. 
Auxetic designs incorporating ML were realized through 
3D printing processes, and the predictive model’s accuracy 
was validated by quantifying ML intensity. The observed 
linear relationship between ML intensity and effective 
strain, alongside comparisons with actual ML images, 
underscores the potential of 3D printing to produce 
complex auxetic structures embedded with ML particles 
for instantaneous verification of strain fields. Moreover, 
the application of ML in digital light processing (DLP)-
based functional 3D printing demonstrates its broad 
potential across structural applications, confirming its 
feasibility for sensing and SHM. This research illustrates 
a comprehensive approach where prediction, fabrication, 
and direct verification of structural properties, focusing 
on the effective strain, are achievable simultaneously. It 
showcases the versatility and practical applicability of 
this innovative methodology in fields requiring acute 
sensitivity to deformation, such as civil engineering,34 
aerospace engineering,35 and monitoring deformation in 
pipes and sacrificial layers.36,37

2. Methods
2.1. Generation of auxetic structures

2.1.1. Parametrization and design of auxetic structures

In this study, we designed auxetic structures with 
NPR characteristics utilizing Bézier curves, which are 
parametric curves defined by a set of control points, 
offering continuous and smooth curves. The Bézier curves 
characterize the void domain within the unit cell of auxetic 
structures (Figure 1A) and are defined by Equation I:
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Where t is a continuous value between 0 and 1, Pi is the 
set of control points, and denotes the binomial coefficient. 
We employed four control points (n = 4) to balance design 
capability and cost for exploring design variables.38 For 
the design of a single closed curve, a total of eight Bézier 
curves were utilized, as shown in Figure  1B. These eight 
Bézier curves were comprised two symmetrical shifts of 
two curves generated in the first quadrant, satisfying C1 
and C2 continuities.39

Subsequently, unit cells were constructed by rotating 
and symmetrically shifting the generated closed Bézier 
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curves, defined by four design variables la, lb, x, and y, as 
illustrated in Figure  1A(ii). The feasibility of generated 
designs was ensured by expressing the design variables in 
dimensionless form and assigning respective bounds as 
follows (Equations II, III, and IV):

ϕ
+

< = ≤
1 1,
9 0.9

a bl l
L � (II)

τ< = <
1 1,
9

a

b

l
l � (III)

0.2 < x, y < 1,� (IV)

Where φ, τ, and (x, y) are defined as the thickness 

ratio, aspect ratio, and shape parameters, respectively. 
After generating the unit cell design, it was pixelized into 
a 128 × 128 square grid for utilization in an image-based 
deep learning (DL) model, comprising convolutional 
neural networks (CNNs), as depicted in Figure  1A(iii). 
The design process was conducted using Matlab software 
(Matlab R2021b, MathWorks, USA). Various designs of 
auxetic structures following the procedures are visualized 
in Figure 1A(iv).

2.1.2. Numerical evaluations

We utilized FEA to evaluate effective strain fields 
within the complex auxetic structures generated by the 
aforementioned procedure. Abaqus software (Abaqus 2017, 

Figure 1. Design of auxetic structures, simulation data generation, and deep learning model architecture. (A) The design of auxetic unit cells: (i) closed 
Bézier curve design utilizing few sample points; (ii) designed auxetic unit cell from the Bézier curve with design variables; (iii) pixelized unit cell for data-
driven study; and (iv) generated auxetic designs. (B) The data generation process: (i) 128 by 128 pixelized auxetic unit cell as input; (ii) Finite element 
analysis setup utilizing periodic boundary conditions for RVE; and (iii) simulation outputs consisting of three fields that are used to calculate the effective 
strain field. The dataset is configured as depicted, with N being the total number of designs. (C) The schematic of the modified MNet utilized in this study. 
The model has a backbone of U-Net with a multi-kernel dense block equipped with separable convolutional operations.

A

B
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Dassault Systèmes, USA) was used, with proper input files 
for the solver formatted via Matlab code used in the design 
generation. The mesh for the unit cell consisted of a 128 × 
128 grid, matching the pixels, as depicted in Figure 1B(i). 
Considering the repetitive geometric characteristics of 
the auxetic unit cells, periodic boundary conditions were 
employed for corresponding boundary nodes, as depicted 
in Figure  1B(ii). The solid phase was considered to be 
linearly elastic, with material parameters of 1,144.51 MPa 
for Young’s modulus (E) and 0.38 for Poisson’s ratio (v). 
The strain field results were extracted by simulating the 
structure’s response to tensile loading, considering plane 
stress conditions for two-dimensional analysis.

On the calculation of the simulation, the resulting three 
strain fields: εxx, εyy, and εxy were extracted and used to 
calculate effective strain fields as follows11 (Equation V):

1
2 2 2 2 2

equiv
2 3 ,
3 xx yy zz xx yy yy zz zz xx xyε ε ε ε ε ε ε ε ε ε ε = + + − − − +  �

(V)

Where ( )νε ε ε
ν

= − +
−1zz xx yy  from a plane stress 

condition. Furthermore, to access the NPR characteristic 
of the designed auxetic structures, Poisson’s ratio for the 
overall unit cell was calculated as the ratio between average 
longitudinal and transverse strains as follows (Equation VI):

ε
ν

ε
= −unit cell ,xx

yy
� (VI)

Where ( )⋅  denotes the volume average over the unit cell. 
Here, the y-direction is the loading direction. Therefore, 
ε yy is the average longitudinal strain, whereas ε xx being 
the average transverse strain.

Through the process, two types of outputs were 
obtained for each auxetic structure design: (i) the effective 
strain fields stored as a 128 × 128 array and (ii) the 
structural Poisson’s ratio value, which is a single scalar. In 
the next section, we demonstrate the data-driven model 
architecture employed to accurately predict the effective 
strain fields. The dataset formulated by extracting those 
outputs for N designs is depicted in Figure 1B(iii).

2.2. DL model architecture

This study utilized a modified MNet DL architecture30 for the 
effective mapping of auxetic structure configurations to their 
respective effective strain fields, as depicted in Figure 1C. The 
model was equipped with an encoder-decoder framework, 
deploying a multi-kernel approach.30,40 By integrating a 
separable convolution technique41 within its density-populated 
multi-kernel block, the model was capable of detecting 
intricate patterns and predicting effective strain field attributes.

The 128 × 128 pixelized auxetic structure design, with 

“1” indicating solid phase and “0” representing void, was 
used as an input to the model. The encoder utilized multi-
scale kernels sized at 3 × 3, 6 × 6, and 9 × 9 to analyze 
spatial correlations and connectivity among the solid 
phases within the structure. This process allowed the 
identification of diverse auxetic patterns with elevated 
accuracy by leveraging information from multiple kernels. 
Specifically, small-sized kernels were adept at detecting 
immediate connectivity, whereas large-sized kernels can 
capture broader structural correlations across the grid.

To further enhance the computational efficiency of the 
model, convolutional feature maps were normalized based 
on the number of multi-kernels applied. These feature 
maps from fusion layers act as inputs for subsequent layers, 
where precise 1 × 1 pointwise convolution operations were 
employed to preserve essential structural information.42 
Within the down-sampling layers, the 2 × 2 max-pooling 
operation reduces the spatial dimensions of the feature 
map while preserving critical structural details. The model 
introduced a custom transpose convolution technique 
to aid in the reconstruction of compacted feature maps, 
establishing a direct connection with the corresponding 
feature maps in the finer layers of the encoder.

Notably, the modified MNet introduced a separable 
convolution approach to address the checkerboard issue, 
a common artifact in conventional transpose convolution 
operations. The issue, characterized by distinct patterns 
in CNN’s output feature maps, is effectively mitigated by 
adapting the separable approach.41 Mitigating checkerboard 
issues is essential for accurate prediction of the effective 
strain fields.38 The training of the DL model was performed 
on a personal desktop computer equipped with a graphic 
processing unit (GeForce RTX4090, Nvidia, USA).

2.3. Three-dimensional printing and testing of ML 
composite specimen

2.3.1. Materials

The ML particle utilized in this study is composed of 
strontium aluminate (SAOED; SrAl2O4: Eu2+, Dy3+) with 
an average size of 10 µm (GSS-300FF, Nemoto and Co., 
Japan), which emits green photons on stressing due to the 
ML effect (Figure 2A). For the 3D printing of ML-enriched 
composites, we utilized a photocurable polymer resin 
(AMB Med-10, 3D Systems, USA) as the matrix. The resin 
was chosen for its transparency (ISO 10993-5 certified) to 
facilitate the visibility of ML particle emissions.

2.3.2. DLP-3D printing

To evaluate the mechanical and photonic characteristics 
of ML composites under tensile loading, we fabricated the 
composite specimens in dog-bone shape with the DLP 3D 

https://dx.doi.org/10.36922/ijamd.3539


AI-assisted ML monitoring in additive auxetics

Volume 1 Issue 2 (2024)	 52� doi: 10.36922/ijamd.3539

International Journal of AI for 
Materials and Design

printing method (Figure 2B). The SAOED powder was mixed 
with resin with a planetary centrifugal mixer (MSK-300, 
Tmaxcn Co., China) and ceramic balls. The mixing process 
was conducted 3 times: 1 min at 3,354g, followed by 4 min 
at 13,416g each, ensuring uniform dispersion of particles. 
To minimize the phase separation within the resin, 1  h 
of ultrasonication was performed (VCX-750, Sonics and 
Materials Inc., USA; at 38% energy setup). Subsequently, the 
prepared resin-particle mixture was utilized in a DLP printer 
(Standalone Model 4, 3D Systems, USA), and tensile testing 
was conducted for the printed dog-bone specimen, which is 
fabricated according to ASTM D638 standards.43 The DLP 
printing was performed with a layer thickness of 50 µm and 
3 mm for the printing part and support layers, respectively, 
with a cure depth of 175 μm (Figure 2C). After printing, the 
specimens underwent post-curing in an ultraviolet (UV) 
box (3D Systems) for 5 min for complete curing.

2.3.3. Tensile testing and ML analysis

To validate numerical and data-driven predictions 

and demonstrate the applicability of ML phenomena 
in analyzing effective strain fields within loaded ML 
composite specimens, the printed specimens were tested 
with a universal testing machine (AGS-X, Shimadzu, 
Japan) with a fixed strain rate of 0.1%/min and a data 
sampling rate of 100  Hz. To measure ML intensity and 
identify regions with strain concentration within the 
specimen, each specimen was exposed to UV light for 
1  min using a UV lamp (Inno-Cure 5000, Lichtzen Co., 
Republic of Korea) with a wavelength range of 250 – 
450 nm before tensile testing. Subsequently, the specimens 
were placed in a dark room for 2  min to mitigate the 
afterglow effect. To image the luminescence distribution 
emitted by ML particles upon straining, a high-resolution 
digital camera (EOS R7, Canon, Japan) was used with a 
sampling frequency of 10 Hz. The experimental setup for 
capturing ML phenomena is depicted in Figure 2D.

2.3.4. DIC method

The DIC method calculates strain on the specimen surface 

Figure  2. Mechanoluminescent (ML) composite specimen and its fabrication and testing. (A) Schematic of photo-luminescence of SAOED particle 
induced by ultraviolet charging and ML emission induced by deformation. (B) Schematic of digital light processing-3D printing process with resin-
particle mixture preparation. (C) Image of fabricated ML composite specimen and scanning electron microscopy (SEM) image of the specimen surface. 
(D) Schematics of testing setup for tensile loading and ML intensity.
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by capturing the difference in distance between specific 
points on the specimen during deformation. The process 
requires prior artificial patterning on the specimen surface 
and algorithms to analyze images and calculate distances. In 
this study, to investigate the strain distribution within the 
specimen and map ML intensity to equivalent strain, DIC 
measurement was utilized during tensile testing. Strain 
measurement was conducted using an algorithm provided 
by a commercial program (Aramis, Gesellschaft für Optische 
Messtechnik mbH, Germany), which provided a 0.005% 
error. The experimental setup included a light-emitting 
diode lighting system and two six-megapixel charge-
coupled device (CCD) cameras, calibrated to measure 
a region of interest (ROI) sized 30 × 24 mm2 to acquire 
high-resolution images. Speckle patterns were randomly 
generated on the specimen surfaces using ceramic spray (SF 
7900, Loctite, Germany) for the calculation of strain. Images 
were captured at a frequency of 3  Hz by the two CCD 
cameras during the tensile test. Strain distribution in the 
3D-printed specimen was analyzed at multiple subsets in the 
ROI, utilizing normalized correlation coefficients to extract 
accurate strain data. Advanced filtering algorithms provided 
by the Aramis software were applied to minimize noise and 
eliminate outlier peak data, ensuring data integrity).

3. Results and discussion
3.1. Prediction of DL model

The predictive performance of the DL architecture utilizing 
the modified MNet on the effective strain field of various 
auxetic structures is presented here. Despite training the 
model with a relatively limited dataset of 487 samples, the 
architecture effectively captured the target field with the 
aid of multi-kernels. The dataset was split into 390 samples 
for training and 97  samples for testing. To mitigate the 
variation in model performance due to different dataset 
splits, we utilized k-fold cross-validation using 5 folds 

(k = 5). The average validation loss of the effective strain 
field was 9.464e-5. The evaluated performance metrics 
demonstrate that the data-driven approach is capable 
of accurately predicting effective strain fields, with a 
computation speed approximately 104  times faster than 
FEA (Figure  3A). The training process for each model 
took 3,456 s (approximately 1 h) on a desktop computer 
equipped with an NVIDIA GeForce RTX 4090 GPU. This 
approach also effectively prevented the checkerboard issue 
inherent in conventional CNN-based architectures. Thus, 
the DL architecture holds promise as an efficient alternative 
to conventional FEA for evaluating auxetic structures. 
The comparison of finite element method (FEM) and DL 
predictions of the effective strain field and their relative 
errors is visualized in Figure  3B. Figure S1 provides a 
comparison of three randomly selected configurations, 
demonstrating the high accuracy of the data-driven model.

3.2. Evaluation of 3D-printed ML composite 
specimen

In this section, we evaluate and analyze the luminescence 
behavior of 3D-printed ML composite specimens by 
measuring and quantifying light intensity upon loading. 
We demonstrate that the ML-based non-contact evaluation 
technique can capture the strain field measured by DIC, a 
widely adopted conventional technique.

3.2.1. Consistency of ML intensity and DIC measured 
strain field

This section addresses the applicability of ML intensity 
change as an alternative to conventional DIC techniques 
through the evaluation of tensile test specimens following 
ASTM D638.

In the 3D-printed dog-bone specimen of ML composite, 
four subset areas were set to assess the consistency of the 
DIC measured strain field and ML intensity (Figure 4; top 

Figure 3. Prediction results of the deep learning (DL) model for random configuration. (A) Computation time comparison of the finite element method 
(FEM) and MNet from the DL model. (B) Results of the effective strain field by the DL model and FEM a 0.1% tensile condition. 

A B
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left corner). Figures 4A and B visualize the light intensity 
distribution of Subsets 2 and 3, respectively, at 1% tensile 
strain (Figure  4C). Differences in intensity patterns 
between the two regions were observed, similar to typical 
DIC measurements, suggesting that the ML technique 
can address the intricate strain field within the tensile 
specimen.

The DIC technique utilizes a normalized cross-
correlation coefficient (NCC) to determine paired pixels 
for subsequent images.11 The pattern similarity can be 
assessed through the maximum NCC values, ranging from 
0 to 1, where values closer to one indicate high similarity. 
The NCC was computed utilizing a calculation algorithm, 
which can be found in Yoo and Han (2009).44 In this study, 

four reference image sets and corresponding deformed 
images (50 × 50 pixels) were analyzed. The NCC values for 
Subsets 1 to 4 were 0.48, 0.88, 0.92, and 0.79, respectively 
(Figure 4D [i-iv]). These results indicate effective analysis 
of both reference and deformed images, allowing reliable 
position tracking.11 Moreover, the presence of ML light 
emission during tensile testing does not interfere with the 
DIC algorithm’s ability to analyze NCC.11

3.2.2. Analysis of ML intensity

In addition to NCC, pixel intensity values allow for the 
analysis of light intensity fields over time during tensile 
testing.45 To verify the ML intensity-effective strain 
relationship, we further evaluated the more complex 

Figure 4. Assessment of the capability of a 3D-printed composite specimen compared with the digital image correlation technique. (A) The variations in 
the local intensity pattern of the composite specimen at 0.1% strain in Subset 2. (B) The variations in the local intensity pattern of the composite specimen 
at 0.1% strain in Subset 3. (C) Stress-strain curve of the composite dog-bone specimen. (D) The 3D plot illustrates the distribution of cross-correlation 
coefficient values within each subset area. (E) Mechanoluminescent intensity evolution under tensile testing of honeycomb structure. (F) Normalized 
intensity versus strain curve of tensile testing of the honeycomb structure.
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honeycomb structure. The structure is widely adopted in 
sensor applications for its lightweight and efficient stress 
distribution.46 Considering that the structure has been 
extensively analyzed and documented in the literature, 
it provides a robust foundation for understanding and 
validating the ML measurement technique. A honeycomb 
structure with a thickness of 0.75  mm and a length of 
3 mm was used (Figure 4E).

It is important to note that the 3D-printed ML 
specimens emit light not only due to luminescence 
induced by external mechanical stimuli but also due to 
an afterglow effect with sustained emission.45 To ensure 
an accurate assessment of light intensity and achieve high 
reproducibility with a high signal-to-noise ratio, the tensile 
tests were conducted after the emission of the specimens 
had saturated, which occurred 2 min after UV treatment.

Figure  4E demonstrates an intuitive trend of high 
intensity in localized strain regions, corresponding to areas 
of high effective strain. The increase in light intensity over 
time reflects the increased effective strain with increasing 
loading. By analyzing the intensity during tension, the 
normalized ML intensity is quantified as a function of 
global strain, as depicted in Figure  4F. Specifically, at 
a global strain of 0.3%, the maximum values at the four 
ROIs of the specimen exhibit intensity differences, as 
demonstrated in Figure S2. These quantified intensities 
allow us to approximate the values of the local strain field. 
Therefore, recognizing local strain field patterns is possible 
through the analysis of ML intensity variations.

3.2.3. Direct mapping of ML intensity to effective strain

The ML image intensity field contains scalar information 
at the pixel level, whereas DIC measurement typically 
provides vector information of strain fields. To investigate 
these two datasets, we converted the vector information of 

DIC strain fields into scalar values using Equation 5. This 
conversion aligns with the output field dataset shown in 
Figure 1B [iii]. For calibration between effective strain and 
ML intensity, bicubic interpolation was implemented,47 
using four subset windows of 25 × 25 pixels.

The mapping result between effective strain and 
ML intensity is depicted in Figure  5A. A  strong linear 
correlation is observed, represented by Equation VII:

ε= ×ML equiv13( )7I � (VII)

where IML denotes the ML intensity. This confirms the 
feasibility of linear regression, suggesting that the ML 
response of the specimen is linear and proportional to the 
effective strain.

This approach enables the quantification and calibration 
of ML intensity, facilitating direct analysis of equivalent 
strain fields using ML intensity information. As depicted 
in Figure 5B, the effective strain field measured from DIC 
(Figure 5B[i]) and obtained via transformed ML intensity 
values (Figure  5B[ii]) displays similar patterns with 
increasing global strain. The results indicate consistency in 
the effective strain fields obtained by the two approaches.

Mapping the measured ML intensity to effective strain 
fields offers two primary advantages. Firstly, it allows a 
straightforward examination of the correlation between the 
two parameters through direct data processing. Secondly, 
utilizing effective strain fields, which are scalar fields, enhances 
data accuracy compared to utilizing vector field quantities. 
This method is applicable to specimens with complex auxetic 
structures, as demonstrated in the following section.

3.3. Validation of DL prediction with ML-aided 
characterization

The effective strain fields predicted by the DL model, as 

Figure 5. Relationship between mechanoluminescent (ML) intensity and effective strain and visualization in a honeycomb structure. (A) Calibration is 
derived from a linear regression of ML intensity with effective strain. (B) Comparison of effective strain measured by (i) digital image correlation and  
(ii) calculated by ML transformed during the tensile test of honeycomb structure.
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Table 1. Design parameters of the auxetic structure

Design Unit cell Design variable

ϕ τ x y

1 0.066 0.211 0.154 0.102

2 0.070 0.169 0.120 0.169

3 0.132 0.215 0.294 0.141

Figure  6. Prediction of deep learning (DL) model and experimental validation. Finite element method- and DL-predicted effective strain field, and 
mechanoluminescent-transformed result at 0.1% tensile strain condition

presented in Section 3.1, were evaluated against the effective 
strain obtained via ML intensity analysis. For the experimental 
analysis of auxetic structures, the three configurations and 
design parameters presented in Table  1 were 3D-printed 
and subjected to tensile testing. Considering that the printed 
specimens demonstrated a linear regime within 0.1% of strain 
(in global stress-strain behavior (Figure S3), the analysis was 
conducted at the same strain level.

Figure  6 presents the strain fields of the three auxetic 
designs calculated via FEA (convergence analysis is 
presented in Figure S4, and the results for pixelized cells and 
the number of elements per pixel under various conditions 
are presented in Tables S1 and S2), predicted with the DL 
model, and calculated from the ML-aided characterization. 
The selected structures were chosen arbitrarily among 
designs possessing NPR characteristics, with NPR values 
characterized by the DL model. The results demonstrate 
that comparable strain field patterns are obtainable from the 
three analyses. Specifically, the ML-aided characterizations 
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revealed pronounced strain values in the areas denoted 
by red circles. These locations are consistent with those 
predicted by FEM and the DL model. Consequently, the 
Mnet provides accurate predictions of effective strain 
fields for diverse auxetic designs, matching well with both 
numerical analysis and experimental observations.

However, certain discrepancies still exist between FEM 
predictions and ML measurements. Two potential causes 
are hypothesized:

i.	 Material property deviation: Specimens fabricated 
through additive manufacturing may have limited 
particle uniformity, whereas FEM assumes perfect 
homogeneity, potentially leading to differences in 
intensity distribution.

ii.	 Precision of fabrication: The precision of the 3D 
printer may be limited, with DLP-printed specimens 
exhibiting weakened interlayer adhesion, introducing 
variation in mechanical properties. FEM analysis, on 
the other hand, assumes perfect bonding with every 
portion of the structure.

Addressing these potential issues could improve the 
agreement between predicted and measured values.

An investigation into the relation between normalized 
intensity and structural Poisson’s ratio was conducted for the 
three designs. The results, shown in Figure S5, indicate that 
auxetic structures with high NPR exhibit high intensity at 
the same global deformation. This trend is due to increased 
rotational deformation within the unit cell in high NPR 
structures, leading to increased localized strain and thus 
high-intensity values. Given the favored NPR characteristics 
of auxetic structures in design applications, the ML method 
demonstrates high sensitivity for the designs. Therefore, 
future designs of various auxetic structures could benefit 
from the application of ML methods for real-time 
monitoring and effective verification of structural reliability.

4. Conclusion
This study presented a comprehensive framework for 
predicting the effective strain in auxetic structures, validated 
through ML-aided non-contact reliability evaluation 
of 3D-printed specimens. The findings underscore the 
potential of ML-based structural reliability assessments as 
cost-effective and deployable solutions for SHM applications, 
particularly for intricate designs such as auxetic structures.

The key contributions of the study include:

i.	 Unique parametrization with Bézier curves: The use 
of Bézier curves for parametrizing auxetic structures 
ensured smooth surfaces, efficiently avoiding stress 
concentrations associated with sharp corners. This 
technique enhances the overall structural integrity 

and reliability of the designs.
ii.	 Advanced DL architecture: To address the high 

computational costs associated with evaluating a 
large design space of auxetic structures, an advanced 
DL architecture, the modified MNet, was employed. 
This DL model achieved over 90% accuracy and 
demonstrated evaluation speed approximately 
104  times faster than FEA, using a relatively limited 
dataset of 387 training samples.

iii.	 Experimental validation: The model’s predictions 
were validated using experimental techniques 
incorporating ML-aided non-contact evaluation. 
The results showed good agreement, particularly in 
areas with high-stress concentrations. This validation 
underscores the effectiveness of the data-driven model 
in accurately predicting strain fields.

iv.	 Comparison with the DIC technique: The ML-based 
structural reliability evaluation technique was 
calibrated and validated against the DIC technique. 
While DIC provides accurate strain field assessments, 
its high cost and complex setup limit its applicability. 
The ML method, through careful mapping between 
ML intensity and strain fields, demonstrated excellent 
agreement with DIC measurements, highlighting its 
potential as a cost-effective SHM technique.

v.	 Practical applicability: The study demonstrates the 
feasibility of simultaneous prediction, fabrication, 
and direct evaluation of structural reliability in 
various intricate structures, exemplified by auxetic 
metamaterial designs. The proposed ML methodology 
shows significant potential for practical applications 
requiring high sensitivity to deformation, including 
aircraft design, pipe monitoring, and sensors.

In conclusion, the research provides a robust framework 
for effective strain prediction and structural reliability 
assessment using ML-based methods. The results highlight 
the practicality and efficiency of these techniques in real-
world applications, paving the way for advanced SHM 
systems that are both cost-effective and highly sensitive to 
structural deformations.
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