
ABSTRACT 

This paper presents a fundamental investigation into the composition and place- 
ment of mechanoluminescence smart material ink to develop a predictive model frame- 
work for machine learning-based lead placement in structural health monitoring of next- 
generation fabrication methods. To address the need for multifunctionality and struc- 
tural health monitoring capabilities in next-generation composite structures, this study 
proposes a closed-loop integration of material-driven design, multi-modal additive pro- 
cessing, and intelligent manufacturing principles. The proposed method utilizes me- 
chanical simulations and in-situ sensing to establish a priori knowledge to optimize the 
placement, orientation, and manufacturing conditions for smart sensor embedment to 
maximize sensing efficiency and part performance. Experimental validation involved 
the hybrid machining of compact tension samples to produce a crack front in additively 
manufactured material. Microfluidic deposition facilitated mechanoluminescent sensor 
embodiment near the crack front, and the sample was then subjected to a fracture me- 
chanic analysis, whereby the crack growth rate and direction was monitored. The re- 
sulting light emission from the sensor was captured using a mixture of high-speed video 
and optical sensors to determine the mechanical energy transferred during crack propa- 
gation. The resulting dataset informed an algorithmic approach to govern the placement 
and process parameters of the embedded mechanoluminescent sensors throughout the 
polymeric structure. This approach enriches the knowledge pool of digital design discov- 
ery, showcasing the capabilities of material-driven learning schema for multifunctional 
composite fabrication. Our investigation provides important insights into the design and 
development of next-generation materials with enhanced structural health monitoring ca- 
pabilities. This approach provides a valuable tool for the real-time monitoring of crack 
propagation and material failure, which has important implications for the development 
of safe and reliable structures in various industrial applications. 

INTRODUCTION 

Embedding sensors in composite materials has proven to be difficult when creating 
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intelligent structures and self-sensing motifs. Conducting such precise and benign oper-
ations is critical for fabricating sound structural units with multifunctional performance
needed to achieve the industry’s third generation composites. The concept of mechanolu-
minescence (ML) has been present since the early 19th century, although the majority of
experimental work and applications arrived in recent years, advances in materials science
and engineering techniques, have made the incorporation of this phenomenon a feasible
alternative failure-stress detection [1]. Furthermore, this leads to the development of new
materials with improved properties; and by shedding light on the underlying processes
that occur within the deformation of materials at the micro- and nanoscale, ML has the
potential to revolutionize the direction to design, create, and test new materials for a
wide range of applications in various fields. (e.g., aerospace, biomedical engineering,
etc.).

ML, or the phenomenon of light emission from materials upon mechanical deforma-
tion, holds great promise for exploring various materials and their failure properties as a
contactless sensor. However, the largest limitation for widescale use is its susceptibility
to interference: as environmental factors such obstructions, other sources of light, or un-
expected failure modes can interfere with the detection or emission of ML all together.
To overcome these limitations, various approaches would be performed; based on those
practices, recent ML incorporations have exhibited prominent outcomes. An effective
and reliable mechanism could be the utilization of ultra-sensitive capturing techniques
such as high-speed cameras [2] or photomultipliers [3], but the material driven integra-
tion of ML sensors in composite structures has been limited.

This paper presents a fundamental investigation into the composition and placement
of ML smart material ink to develop an algorithmic framework for machine learning-
based lead placement in structural health monitoring of next-generation fabrication meth-
ods. Thus, this article addresses the need for multifunctionality and structural health
monitoring capabilities in next-generation composite structures, this study proposes a
closed-loop integration of material-driven design, multi-modal additive processing, and
intelligent manufacturing principles by producing smart composite structures for sens-
ing and visualization. By implementing these advanced technologies, we can enhance
the sensitivity and accuracy of ML-based sensing, enabling its widescale use in diverse
applications.

METHODOLOGY

MATERIAL SELECTION

Zinc sulfide (ZnS) is a common inorganic crystal that is known to exhibit ML prop-
erties when doped with small amounts of manganese (Mn). This highly efficient ML
material (i.e. ZnS:Mn, Phosphor Technology, U.K.) that has a high sensitivity to me-
chanical stress and a relatively long decay time of its ML emission, was chosen as a ma-
terial of study. When subjected to mechanical deformation, the ZnS:Mn crystal changes
the crystal lattice which causes the electrons in the material to become excited and jump
to higher energy levels. These excited electrons then emit light as they relax back to their
ground state, resulting in the observed ML [4].



COMPACT TENSION SAMPLE FABRICATION

The fabrication of the compact tension (CT) samples involved a multi-step process,
combining the additive manufacturing of with Black Polymaker PolyMax PLA filament
and inline direct ink writing of Dymax 9663 UV curable resin formulated to act as an
ML-resin solution. This hybrid manufacturing approach allowed for the precise embed-
ding of ML material within predefined cavities, enabling the creation of structural health
monitoring samples in custom geometries to deliberately alter crack growth. This exper-
imental fabrication method offered a means to optimize both the shape and placement of
the ML material for enhanced ML response under mechanical loading.

The fabrication criteria for material extrusion entailed a 0.4 mm nozzle at 0.2 mm
layer height, deposited at 220 C with 100% rectilinear infill. Whereas the direct ink
writing required a 1mm nozzle and 140Psi to extrude the ML resin solution; formulated
by centrifugally mixing 30 weight percent of ZS:Mn powder averaging 28.2 ± 26 um
in diameter. The material properties relevant to the stock material utilized are listed in
Table I.

TABLE I. Material Properties

Material Elastic Modulus (MPA) Tesnile Strength (MPA)
PLA Filament 2340 63

Neat Resin 668 36

The entire process was carried out using an nScrypt n300 printer, which extruded
PLA filament layer by layer to build the CT sample structure, in which the samples were
subjected immediately to inline direct ink writing to deposit the ML resin solution into
predefined cavities within the printed structure. Once the predefined volume was filled,
a UV cure of 337.5 mW/cm2 was performed at a working distance of 6 mm for 180 s.
The inline process allowed for accurate placement of the ML material, ensuring optimal
distribution and contact with potential stress concentration areas, and a near-instant cure
to preserve the homogeneity of the deposited solution.

MECHANICAL TESTING

Compact tension (CT) is widely used to study the fracture behavior of materials, by
measuring the crack growth rate, critical crack size, and the load-displacement curve.
These parameters provide information about the material’s resistance to crack growth
and failure, which can be used to evaluate the material’s performance under different
loading conditions, given a pre-prescribed notch geometry as indicated in Figure 1B.

Tests were carried out under a modified testing regime for polymer-based materials
under ASTM E647. Our experimental setup involved the use of the MTS Insight 1-
Electromechanical Testing machine, equipped with a 1kN capacity load cell. To ensure
the specimen could be broken, the thickness was modified to 3mm. Data acquisition at a
rate of 50 Hz and a test speed or strain rate of 100 mm/min was maintained. Additionally,
an in-house apparatus was machined to carry out CT testing to allow for imagery of the
luminescent events shown in Figure 1A. This modification allowed one full side of the



Figure 1. Illustration of the data acquisition system with filtering at 585 nm of a compact
tension specimen (a). Sample geometry used in investigation (b) The real image of the
printed and fabricated multifunctional tension samples under compact tension load using
a modified mechanical apparatus under the 1kn MTS Insight. A blacklight illuminates
the geometry of the embedded sensors (c).

multifunctional composite CT samples and apparatus to be in view.

HIGH-SPEED IMAGE CAPTURE

To qualify light emittance during testing, imaging was performed using a V210 Phan-
tom camera (Vision Research) utilized to capture the mechanical testing and failure prop-
agation of the in operando notched specimen. The V210 is a CMOS-style camera with
1280 x 800 sensor, with sensitivity from an active pixel size of 20 microns. The system
can achieve approximately greater than 2, 000 frames per second at full resolution. To
assist in event detection and luminescent imaging, a 585 nm filter was utilized to screen
out ambient light as seen in Figure 1C.

RESULTS AND DISCUSSIONS

MECHANO-VISUALIZATION

Due to its high sensitivity to mechanical stress and long decay time of ML emission,
ZnS:Mn can be used for the study of time-resolved phenomena, making it a powerful
tool for investigating the behavior of materials under different loading conditions. Fig-
ure 2 presents a time-lapse sequence capturing the phenomenon of light emission as a
crack propagates through the ML-resin sensors embedded within the sample under load-
ing. This visual depiction offers insights into the intricate interplay between mechanical
deformation and the accompanying ML response.



Figure 2. Time-lapse imagery of ML senor embedment with CT specimen undergoing
crack initiation and propagation, with ML excitation and key junctures in the failure
cycle.

As evident from Figure 2, the observed crack initiation and subsequent propagation
exhibit distinct modes characterized by specific luminescent patterns present throughout
the sample. The following outlines these modes to describe the depicted timelapse: 1)
Undeformed State: Initially, prior to crack initiation there is an absence of observable lu-
minescence. 2) Crack Initiation Excitation: As the mechanical load intensifies, localized
stress concentrations become more prominent and triggers the generation of faint flashes
of light at the crack tip. 3) Crack Propagation to 1st Notch: As the crack propagates,
the luminescent activity becomes more pronounced, and the emitted light intensifies to
reflect the increased energy release associated with crack advancement. 4) Subsequent
Crack Propagation: The crack continues to propagate, unabated, through the material,
reaching the 2nd to 5th sensor inclusions. This progression is visually evident as the
crack front appears as an intensely illuminated region. 5) Final Notch Deformation: As
the crack advances further, it reaches the final notch, resulting in notable deformation.
The luminescent patterns exhibited by the material are fainter, as there are fewer sensors
remaining in line with the crack. 6) Last Newly Created Face: At this stage, the crack
has traversed the entire sample, resulting in the creation of a last newly formed face,
representing the final state of the crack propagation process.

MECHANO-VISUALIZATION

The mechanical response of the ML-embedded samples under tensile loading was
investigated, and ultimate tensile strength (UTS) and fracture energy (Gf) were measured
for each sample type. Contextualizing the coupled relationship between the mechanical



Figure 3. Typical CT specimen stress-strain graph showing UTS and Gf. (a) Comparative
bar chart of UTS and Gf for three sample types (b).

strength and the luminescent response provides valuable insights into the underlying
mechanisms governing ML in the context of tensile loading. The average UTS and Gf
values for each sample type are summarized in Figure 3.

The observed trends in UTS and Gf provide insights into the structural integrity and
mechanical robustness of the investigated materials. Sample Type 1, with the high-
est UTS and fracture energy, demonstrates superior mechanical properties, suggesting
enhanced tensile strength and energy dissipation capability. In contrast, Sample Type 3
exhibits the lowest UTS but displays relatively higher fracture energy, indicating a poten-
tial trade-off between tensile strength and energy absorption from the different geometry
of the embedded sensors. In the context of ML, a higher UTS suggests that the material
can withstand higher levels of tensile stress before fracturing, suggesting correspond-
ing light emittance may be more pronounced or intense in materials with higher UTS
values due to the greater energy release during fracture processes. Conversely, a higher
Gf value suggests that the material has a greater capacity to absorb and release energy
during deformation and fracture processes, and as a result, may exhibit more prolonged
ML responses.

ALGORITHMIC MATERIAL PLACEMENT

The algorithmic material placement approach presented in this section offers a struc-
tured pathway for determining potential locations to embed ML material within the com-
pact tension sample. This process flow takes into consideration the local stress states in-
duced by simulated loading conditions, aiming to strategically position the ML material
for an optimal ML response. The resulting placement scheme is then utilized to gener-
ate a voxel representation of the sample’s structure, which can be exported as an STL
file for subsequent additive manufacturing processes. Iterative mechanical testing and
inline visualization provide the necessary ML activation score to guide the placement of
subsequently printed cavities for sensor embedment.

Figure 4A showcases the high-speed capture of ML during the loading of the sample.
The captured ML signal is the primary response in which to correlate the temporal and
spatial distribution of light emission, providing a direct visualization of the material’s
response to applied mechanical loads. Figure 4B presents an illustration depicting the



Figure 4. High-speed capture of ML during sample loading, providing a direct visual-
ization of the material’s response to mechanical loads (a) Illustration showing sensor
allocation and its role in capturing the ML response during material deformation (b).
Comparison of FEA results and fracture images, highlighting the correlation between
crack growth and high local stress (c).

location and scale of 4A, while also presenting a graphical array to visualize the pro-
grammatic sensor allocation of our proposed method, where sensor light emittance is
recorded in a binary state, effectively storing the locations of the sensors utilized during
loading, highlights the strategic allocation of sensors and their role in capturing the ML
response during material deformation. Figure 4C compares the finite element analysis
(FEA) of each sample type with corresponding fracture images to demonstrate the corre-
lation between crack growth and high local stress. It becomes apparent that crack growth
corresponds significantly with areas of high local stress, suggesting crack propagation
can, to a certain extent, be predicted based on the analysis of stress distribution to better
inform sensor placement strategies.

Figure 5 presents a flowchart illustrating the eight steps of the algorithmic material
placement approach. These steps involve 1) Stress Analysis – A comprehensive stress
analysis to analyze the local stress states induced by simulated loading conditions. 2)
ML Material Location Determination – favorable locations for embedding ML mate-
rial within the sample are tabulated in relation to areas of high-stress concentration. 3)
Voxel Representation Generation - A voxel representation of the sample’s structure is
generated, incorporating the determined ML material placement scheme. 4) STL File
Export - The voxel representation is exported as an STL file for additive manufacturing
processes. 5) Iterative Mechanical Testing and Visualization - The sample undergoes
iterative mechanical testing while monitoring and capturing the ML response. 6) ML
Activation Score Calculation - A quantitative metric indicating the effectiveness of the
ML material placement scheme, aiding in decision-making for subsequent steps. 7)



Figure 5. Flowchart illustrating the eight steps of the algorithmic material placement
approach.

Guiding Cavity Placement - The locations and distribution of printed cavities for sensor
embedment are determined within the sample. 8) Iterative Refinement - The material
placement is refined and optimized through an iterative loop. By returning to Step 1,
continuous improvement of the material placement scheme is ensured.

As a future prospect, this program architecture holds great potential for enhancement
through the integration of machine learning techniques. By introducing a means in which
to efficiently learn from previous sample geometries, an improved method to accurately
allocates ML sensors in the unconstrained material placement process of AM. A future
generalization of this method can contribute to streamlining decision-making capabili-
ties by optimizing ML material placement, considering various factors such as material
properties, loading conditions, and desired performance objectives throughout many dif-
ferent structures. This iterative improvement process, combined with the power of ma-
chine learning, can revolutionize the design and fabrication of ML-embedded structures,
particularly for applications in structural health monitoring.

CONCLUSION

In conclusion, the visualization of ML and its integration into structural health mon-
itoring present exciting opportunities for advancing the understanding and performance
evaluation of next-generation materials. The use of high-speed video allows for real-



time observation of light emission during material deformation, providing valuable in-
sights into the underlying mechanisms of ML. The correlation between ultimate tensile
strength (UTS), fracture energy (Gf), and the intensity of ML further demonstrates the
potential of this phenomenon as an evaluation tool in simulation. Additionally, the al-
gorithmic material placement approach presented in this study offers a structured path-
way for strategically embedding ML material within the sample, considering local stress
states induced by simulated loading conditions. The proposed program architecture,
coupled with machine learning, holds promise for iterative improvement and stream-
lining of ML-embedded structures for customized structural health monitoring. With
continued research and development in this field, ML has the potential to revolutionize
material characterization and facilitate the design of more robust and resilient structures
for a wide range of applications.
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