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Abstract

A computer vision (CV) system is proposed for real-time prediction of strain by monitoring the
color-changing feature of mechanochromic sensors. Pictures of the sensors subjected to
calibration tensile tests were treated with standard image processing methods and analyzed using
supervised machine learning (ML) algorithms. Visual strain sensing was demonstrated by linear
regression models capable of learning a relation between the applied strain and the reflected
structural color. The ElasticNet regression model provided the highest accuracy in the strain
prediction task, with a remarkable performance in monitoring real-time strain variation of sensors
during a tensile-relaxion cycle. Using calibration curves, the predicted strain can also be employed
for estimating the tensile force applied on the mechanochromic sensors. Taken together these
results point to potential intelligent systems for noninvasive in-situ visual monitoring of

deformations and tensions.
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1. Introduction

Computer vision (CV) and image processing has enabled computers to perceive visual stimuli
at a low-cost and noninvasive manner through pictures and videos acquired by digital cameras.
This type of machine perception allows for performing simple tasks such as identifying objects
and more involved analysis of complex environments (Esteva et al., 2021; Liu et al., 2021; Yuan
et al., 2021). Also, CV expands the traditional human-computer interaction (HCI) limited to
electronic inputs to a more natural way of connection through visual signals(Ramadoss et al.,
2021). Today, flexible and stretchable strain sensors are used in personal health monitoring(Jing
Chen et al., 2020; Huang et al., 2021; W. Li et al., 2021; Jilong Wang, Lu, & Zhang, 2020),
electronic skins(Z. Gao et al., 2020; Yang et al., 2019; Zhang, Chen, Wang, & Zhao, 2020), soft



robotics(Karipoth, Christou, Pullanchiyodan, & Dahiya, 2022; Lin et al., 2021; Jiangxin Wang,
Gao, & Lee, 2021) and human-machine interaction systems(Tian et al., 2019; L. Wang, Liu, Yan,
Wang, & Wang, 2021; W. Wang et al., 2021; Yin, Wang, Zhao, Lou, & Shen, 2021; Zhong et al.,
2019). Strain sensors convert deformation stimuli into measurable electrical signals (i.e.,
resistance and/or capacitance)(W. Gao, Ota, Kiriya, Takei, & Javey, 2019; C. Wang et al., 2019;
W. Wu, 2019), whose main limitation is the requirement of a power source and connection to
external instruments for signal processing and data acquisition(Y. Lee et al., 2020). Obviously,
electrical signals cannot be visualized with human eyes, restricting their applications in visual
intelligent HCI. In this context, the replacement of electrical signals for a visible output might be
an attractive opportunity(Zhao et al., 2021). Using nature as a source of inspiration, colors enable
interaction and communication between living organisms in biological and artificial environments.
In contrast to regular man-made devices that remain predominantly rigid and energy intensive,
some species have developed efficient intracellular structures to change color dynamically in soft
tissues with minimal power input(Poloni, Rafsanjani, Place, Ferretti, & Studart, 2022). In some of
these animals, structural colors arise from the light interaction with periodically ordered
nanostructures known as photonic crystals (PCs). A famous example is the rapid skin color
change in chameleons through the active control of the lattice spacing of guanine nanocrystal
arrays within cells referred to as iridophores(Teyssier, Saenko, van der Marel, & Milinkovitch,
2015).

Inspired on the chameleon skins, mechanochromic PC-based materials have been used in
visual strain sensing because they can provide instantaneous and intuitive visual response(Hu,
Wei, Yang, Ma, & Huang, 2022; Kim, Lee, Kim, & Kim, 2020; G. H. Lee et al., 2019; Yi et al,,
2019). These materials are normally manufactured by embedding colloidal PCs in soft matrices
such as polymer elastomers(Cheng et al., 2020; Hsieh, Lu, & Yang, 2020; M. Li et al., 2020) or
hydrogels(Jiayao Chen et al., 2019; Dong et al., 2019; Y. Wang et al., 2021; Y. Wu, Wang, Zhang,
& Wu, 2021). Mechanochromic PC-based strain sensors are interesting for their unfading
colorimetric signals that are readable without requiring any equipment or external power
sources(Qin, Li, & Song, 2022). With a combination of Poisson’s effect and Bragg’s law,
mechanical deformation modifies the PC lattice spacing and changes the apparent reflected color.
The color shift is proportional to the elongation ratio and, as the strain (g) increases, the peak of
reflected spectrum (4,,,x) blueshifts along the visible range. This unique relation can be explored
for quantifying strain, especially with efficient mechanochromic devices(C de Castro & Oliveira,
2022). The sensors in the latter reference are near-perfect elastic and exhibit reversible structural
color change under stretching/releasing cycles. They are nevertheless limited to convert
mechanical stimuli into color changing response. In other words, quantifying a strain input based
on visual perception of the reflected color would be impossible even for a trained person.
Furthermore, since the blueshift of 4,,, is proportional to €, small deformations induce only slight
color changes that might not be perceived with naked eyes and could go unnoticed for a human

observer.



In this work we propose a new metaphor for replacing human observers by a CV system for
predicting mechanical deformation based on the reflected structural color of the mechanochromic
devices above. As a proof-of-concept, we developed a machine learning pipeline to monitor
strain-induced color-changing mechanisms and predict the applied strain in real-time, which can
also be used for estimating the tensile force. The machine learning algorithm was trained with
traditional models of linear regression that can be continuously updated through acquisition of
new digital images. Even though the algorithm was trained with a static image constrained to
discrete integer classes, it learned a linear relation between 4,,,x and ¢, being able to infer any
real-valued strain within the analyzed range. The CV system enables a continuous and automated
monitoring of strain and tensile forces in an in-situ, flexible and noninvasive manner with

remarkable accuracy.

2. Materials and methods
2.1. Preparation of the photonic ink

Nearly monodisperse silica nanoparticles (SiOz, d = 185nm, PDI = 0.009) were synthesized
via Stoéber process (Stober, Fink, & Bohn, 1968) and dispersed in ethanol. The homogeneous
SiOz suspension was mixed with poly(ethylene glycol) phenyl ether acrylate (PEGPEA, Mn ~ 324,
Sigma-Aldrich) containing 1 wt.% of 2-hydroxy-2-methylpropiophenone (97%, Sigma-Aldrich) in
a volume ratio of 0.35, considering an ethanol-free basis. After complete evaporation of ethanol

in an oven, a colloidal photocurable photonic ink was obtained.

2.2. Fabrication of the mechanochromic strain sensors

Briefly, a droplet of the photonic ink was molded in between two microscope glass slides and
irradiated with UV-light to prepare the mechanoresponsive core. The core was encapsulated by
two layers of poly(dimethylsiloxane) (PDMS, Sylgard 184, Dow Corning), a pristine PDMS
(transparent) and a black PDMS (dyed with 2 wt.% of carbon black), both containing 10 wt.% of
cross-linker. After successive degassing and thermal curing steps, the mechanochromic strain
sensor was obtained. The detailed protocol to manufacture mechanochromic devices with

multilayered architecture has been reported in the literature (C de Castro & Oliveira, 2022).

2.3. Sensing measurements and image acquisition

Sensing measurements of the mechanochromic devices were performed in a universal testing
machine (Instron 5969), operating in tensile mode under controlled strain (€). A set of five
individual specimens were tested in three replicates. Prior to the measurements, stress/relaxation
precycling was imposed to minimize macromolecular relaxation interferences. The strain-
controlled tensile tests were conducted in isolated runs with consecutive increasing steps of € =
2%, starting from 0% until 20%. In each discreet strain level, pictures of the sensors were taken

with an ordinary digital camera (Nikon D5300) set in AUTO mode. The described procedure



resulted in a total of 165 images manually labeled according to each discrete strain level € {0, 2,
4,6, 8,10, 12, 14, 16, 18, 20}.

2.4. Image preprocessing

Prior to the training stage of the Machine Learning model, the pictures of the devices were
converted from the standard RGB to the HSV color-space and preprocessed. For this, we applied
an empirically defined thresholding in the HSV ranges [85, 135]; [0, 255]; [0, 255]. The resulting
HSV representation was converted to grayscale by pixel average and a binary thresholding was
applied in the range [50, 255] to isolate the mechanochromic core from the background pixels.
To further improve the segmented region, the following sequence of morphological operations
was performed: an erosion with a 7 x 7 kernel, a dilation with a 3 x 3 kernel, another erosion with
a 3 x 3 kernel followed by a final dilation with a 3 x 3 kernel. These techniques are a standard part

of image analysis toolbox as referred elsewhere (Dougherty & Lotufo, 2003).

2.5. Training and validating the ML model

After the preprocessing steps, the dataset consists of items from isolated regions of each
image of the mechanochromic sensor obtained after segmentation. In this sense, each data point
represents the region of a single image of the mechanochromic sensor. We then characterized
this region by computing the frequency of pixel intensity in each channel (with sizes 255, 255, and
180 for H, S, and V, respectively) and combining them into a single image descriptor (HSV
descriptor of size 690). These descriptors are the input training vectors for the ML models. The
dataset of preprocessed pictures was split into training and test sets in a 5-fold cross validation
strategy. 5 equally-sized and equally-distributed groups were randomly created, in which 4 were
used for training the model and 1 was used for testing. Five repetitions were needed to evaluate
the model on each fold while training it on the other 4 remaining folds. The whole process was
repeated 10 times and the result was measured among 50 trials (10 repetitions of 5-fold cross
validation). We also considered a more realistic validation approach where all samples of a single
sensor were used for training the model, while the remaining sensors were used for testing.
Hence, we evaluated how the model reacts to newly produced sensors that it did not see during
the training step (sensor-wise validation). The results were expressed as the coefficient of
determination of the prediction (R?), calculated as the fraction between the sum of squares of
residuals and the total sum of squares, given the ground truth obtained from the controller

software of the tensile machine and the predicted strain by our algorithm in each picture.

2.6. Testing the CV system in real-time strain prediction

The real-time strain prediction of the algorithm was evaluated with the aid of a universal testing
machine (Instron 5969), operating in tensile mode under controlled €. A video of each individual

specimen was recorded during a tensile test conducted as follows: stretching from € = 0% to 20%;



followed by a lapse of 5 s and releasing from € = 20% to 0%. To be consistent with the training
step, the tensile tests were recorded with an ordinary digital camera (Nikon D5300) set in AUTO
mode and the algorithm’s prediction was compared to the real strain values obtained from the

controller software of the equipment.

2.7. Estimation of theoretical tensile forces applied on the sensors

A linear function was fitted on the strain-load curve obtained from the controller software of
the tensile machine. The theoretical tensile forces applied on the sensors were estimated by

inputting the predicted strain values on this function and compared to the real data.

3. Results and discussion

The sensors are prepared by encapsulating a mechanochromic core in-between a pristine and
a black PDMS layer. This multilayered architecture ensures mechanical robustness and high
saturated structural colors, allowing the devices to detect deformations on real time through a
visual output. The mechanoresponsive core consists of a self-assembled SiO. face-centered-
cubic (FCC) structure embedded in a photopolymerized PEGPEA supersaturated suspension
(Figure 1a). The detection principle is based on a combination of Bragg's law and Poisson’s effect
as a PC array can be modulated via mechanical deformation of their architecture, with the ensuing
change in apparent structural color. When light irradiates the mechanochromic material at normal
incidence, the peak of reflected spectrum (4,,,x,) will appear at a set of wavelengths according to
Eq. 1:

Amax = 2dq1pyNepp(1 — ve) Eq. 1
where d 4,4y is the interlayer lattice spacing, n. is the effective refractive index, v is the Poisson’s
ratio, and ¢ is the elongation ratio along the longitudinal direction(Hsieh et al., 2020). Assuming
a constant n.s, and a perfect elastic behavior, stretching reduces the thickness and d,4,), and
thereby blueshifts the reflected spectrum. The apparent structural color is dictated by the applied
strain and is discrete for each ¢ value (Figure 1b-c)(Hu, Yang, Ma, & Huang, 2022; G. H. Lee et
al., 2017). The devices used here exhibit a near-perfect elastic behavior at low strain values but
are still limited to convert mechanical stimuli into eye-perceptible color changes (Figure 1d-e).
Nonetheless, we believe that the unique relation between A,,,x and & might be explored for strain

quantification through visual sensing with the CV system depicted in Figure 1f.
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Figure 1. Principles of strain quantification through visual sensing. (a) Scheme of the preparation
of the mechanoresponsive core. (b) Strain-induced blueshift of the reflectance spectrum of
mechanochromic PC-based materials. (c) Scheme of the reversible changes of structural color
during stretching and releasing cycles. (d) From left to right: pictures of mechanochromic strain
sensors subjected to ¢ = 0%; 10%; and 20%, respectively. (e) Stress-strain curve of the
mechanochromic strain sensor typical of an elastic behavior at low strain values. (f) Schematic
illustration of the computer vision system for real-time prediction of strain by the strain-induced

color-changing mechanism in mechanochromic sensors.

To develop the CV system for real-time prediction of strain, 5 mechanochromic sensors were
subjected to a series of calibration tensile tests at well-defined strain values where ¢ € {0, 2, 4, 6,
8,10, 12, 14, 16, 18, 20}. Pictures of each discrete strain level were taken with an ordinary digital
camera and preprocessed before their application in the machine learning models. The pipeline
to process the images and predict deformation is illustrated in Figure 2. The digital images were
converted from the standard RGB to HSV color-space because the latter is more robust to
changes in lighting while analyzing color variations across the image. Then, the pictures were
preprocessed using well-known techniques to detect only the mechanoresponsive core and
image descriptors were extracted from the segmented regions. For further details the reader may
refer to the open-source repository at https://github.com/scabini’imechanosensors, which
allows one to run the pipeline from a set of images. The HSV descriptors can be considered as
lower-dimensional representations of the images and were used as input data to the machine

learning model. In principle, ¢ € R can assume any real value between [0, o[ and dictates the



color-changing feature of the sensors according to Eq. 1. Thus, a natural approach would be to
consider the relation between strain and reflected structural color as a linear regression problem.
Data is constrained to a set of integer labels {0, ..., 20}, which is a limitation of the manual nature
of the image acquisition and labeling procedure. However, a fine-tuned linear regression model
can learn the linear color transition mechanism and infer any real-valued strain. In this study, we
employed 3 regression models: a linear model fitted by minimizing a regularized empirical loss
with Stochastic Gradient Descent (SGD), a Ridge regression model(Hoerl & Kennard, 1970), and
ElasticNet(Zou & Hastie, 2005). The regression models were evaluated by the coefficient of
determination of the prediction (R?) under both validation strategies. R? assesses how strong is
the linear relationship between the prediction and the real strain applied on the sensor. Its values
range from ]—oo, 1.0], with 1 meaning the best possible score, and 0 representing a model with
constant output. The regression results are shown in Table 1, with all models performing well.
The small difference between the two validation strategies indicates a high robustness of the
regression models. The best results are achieved with the Ridge and ElasticNet models, but the

latter is slightly more stable during validation with different sensors.
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Figure 2. Machine Learning pipeline for automatic measurement of strain through visual
information. (1) The input image is first converted to the HSV color-space. Adapted from
https://commons.wikimedia.org/wiki/User:Datumizer  licensed under CC BY-SA 3.0
(https://creativecommons.org/licenses/by-sa/3.0/). (2) HSV color-space is better suited for
segmenting only the region of interest on the sensor. (3) The HSV spectrum of this region is
considered to compose image descriptors. (4) Image descriptors are used as input to the machine

learning model.

Table 1. Average R? for the linear regression models during the task of predicting the real-valued

strain from sensor images under different validation strategies.

Validation strategies SGD Ridge ElasticNet

10 repetitions of 5-fold cross validation 0.94 +0.02 0.98 +0.01 0.97 +£0.01



Sensor-wise validation 0.89 +0.09 0.93 +0.06 0.93 £0.05

The predictions using the ElasticNet model are less accurate at very low and very high strains,
but the dispersion in the values is unlikely to cause mispredictions if averages are considered
(Figure S1). This shows that the algorithm learned a robust relationship across different strain
values in the dataset. Therefore, even though the ElasticNet regression model was exclusively
trained with static images constrained to discrete integer classes {0, ..., 20}, the learned linear
function should be sufficient to predict intermediate values. Indeed, real-time strain prediction was
evaluated using unlabeled videos from tensile tests with the 5 mechanochromic sensors. It is
noteworthy that the data from these unlabeled videos were not available to the machine learning
algorithm before the analysis. Figure 3 compares the predicted strain with real values obtained
from the controller software of the universal testing machine. A remarkable accuracy is noted with
the CV system in the real-time prediction of the applied strain in all mechanochromic sensors,
which is demonstrated in the videos in the Supplementary Material (Movies S1 to S5). The small
deviations are attributed to possible differences between the hand-made specimens and
illumination variations during the images acquisition process. We are confident that the precision
of the algorithm can be further improved by increasing the number of samples during the training

stage of the ElasticNet regression model.
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Figure 3. Comparison between the strain prediction of ElasticNet regression model applied on
the videos acquired during the tensile test (red line) and the real strain values obtained from the

equipment (blue line), for (a-e) sensors 1 to 5, respectively.

An additional feature of the CV platform is the possibility to infer indirectly the tensile force
(Load) applied on the mechanochromic sensors. Taking advantage of the near-perfect elastic

behavior of the devices at small deformations, a linear function can be adjusted on the strain-load



curves obtained from the data taken during tensile tests (Figure S2). Figure 4 shows that the
load can be indirectly estimated by applying the strain prediction values on this function.
Therefore, the CV platform is not limited to predicting the strain based on color-changing of the
sensors; it can also estimate the tensile force applied. These results point to the next generation
of intelligent systems that enables in situ visual quantification of strain and tensile forces in a

flexible, rapid, and low-cost manner, widening the range of applications of mechanochromic

devices.
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Figure 4. Comparison between the load estimated from the predicted strain (red line) and the real
strain-load curves obtained from the equipment during tensile tests (blue line), for (a-e) sensors

1 to 5, respectively.

4. Conclusions

A computer vision (CV) system was developed to predict the strain by the color-changing
mechanism of mechanochromic sensors. The relation between strain and reflected structural
color was considered as a linear regression problem and Machine Learning algorithms were
trained with preprocessed pictures of the sensors subjected to calibration tensile tests. Even
though the training data was constrained to a set of integer and discrete strain values, the
algorithms could learn a strong linear relation and infer any intermediate real-valued strain. The
ElasticNet regression model exhibited the highest precision and stability on the strain prediction
task with validation in several sensors (R? = 0.93 +0.05). It had a remarkable performance in
predicting real-time strain of sensors during a tensile-relaxion cycle. Due to the near-perfect
elastic behavior of the sensors at small deformations, a linear function can be fitted on strain-load
data obtained during tensile tests and applied to the predicted strain to estimate the theoretical
tensile force applied on the device at each discrete real strain value. It is significant that the high
performance was achieved with standard image processing techniques and machine learning

algorithms. It is conceivable that more sophisticated applications can be developed in the future



with customized methods. The proposed concept of visual sensing may be used in situations
where in-situ monitoring of deformation and tensile forces must be done in a noninvasive manner,

such as in virtual reality and human-computer interaction systems.
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