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High-rate dynamics

The process of validating newly-defined state observers can potentially require a significant
amount of data gathered from instrumentation. However, collecting data for high-rate dynamic
events (short time-scale impact and shock) can be very expensive. Additionally, experiments
performed for collecting data can provide highly variable results while the high-energy impacts
introduce damage into the structure being tested, consequently resulting in different results
for subsequent tests. This paper proposes the use of Generative Adversarial Networks (GANSs)
to generate data that supplements the experimental datasets required for the validation of
state observers. GANs are a class of deep learning models used for generating data statistically
comparable to that on which it was trained. They are an ideal candidate for validation due
to their consistency, speed, and portability during inference. In this work, data collected from
an electronics package under shock is used to examine the generative ability of GANs. This
paper proposes a conditional Wasserstein GAN (CWGAN) implementation for the production
of synthetic high-rate dynamic vibrations, and introduces the conditional input to the critic at
the layer towards the end as opposed to the first layers. Results suggest the generative model
proposed is capable of producing data statistically similar to the provided training data. The
generated data is compared to the training data, and the advantages and limitations of the
model are explored. The model and its artifacts are provided as supplemental material to this
article and shared through a public repository.

1. Introduction

Hypersonic structures, vehicular accidents, active blast mitigation; are a few examples of applications that undergo high-rate
dynamic events. High-rate dynamic events are defined by a time scale of less than 100 ms and an observed amplitude exceeding
100 g, [1]. High-rate structural health monitoring (HRSHM) is a method to assess and mitigate rapid changes to structures [2].
The development of data-driven state observers that can react at such high speeds while capturing the complex dynamics of the
system is difficult but attainable given that a sufficiently large dataset is available for training. The introduction of state observers
for tracking the state (i.e. damage) of the structure [3,4] is one approach. The major consequence of a state-based approach is that
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dynamic events lead to inconsistent responses from the structure as continuous damage accumulates over the life of the system.
Repeated experiments result in significant variation among test cases, so a sufficiently large data set is required to account for the
response of the structure due to its chaotic nature. However, collecting such a large data set can be impractical. Suppose a model
is needed to make predictions for a hypersonic structure, and that, due to the nature of the problem, the task is nonlinear. It would
be reasonable to assume that such a model would require a large dataset to account for all of the variables associated with the
structure. That dataset would likely need to be on the scale of tens of thousands of examples at minimum for decent performance.
Additionally, testing would require the development of multiple test structures due to the destructive nature of impact testing. In
this scenario, data collection is prohibitively expensive and time consuming [5].

Time and labor limit dataset development, but these limitations could be lessened by synthesizing the dynamic response of
structures under impact, sometimes termed high-speed penetration mechanics [6]. In structural and penetrator design, simplified
approaches are commonly use to model ballistic impact dynamics because the lack of fundamental knowledge about impact
phenomena precludes the use of more exact models [7]. While signals can be generated using first-order principles through the
use of finite element analysis (FEA) models, high-fidelity FEA models that consider impact and penetration dynamics along with
material separation are complex to produce [8]. Furthermore, developing variability in the FEA-derived dataset requires the seeding
of select faults or test parameters into the models which is challenging to perform correctly. Purely data-driven approaches that build
on experimental data offer the potential to expand datasets for structures under impact without the need to develop and manage
complex FEA models nor simplify the approach which removes the higher fidelity component.

There are various examples of using GANs to generate temporal training data [9]. The survey from Brophy et al. provides a myriad
of examples of GANs used to generate discrete and continuous data as well as detailing common challenges for GANs, common
datasets used for GAN training, and some of the different fields GANs have been used [9]. Unlike classification or regression-based
machine learning methodologies, standardized metrics are of limited use when comparing synthesized data across different classes
of datasets. Therefore in what follows, we provide a context on relevant prior work and discussions on their chosen metrics.

Hartmann et al. created a GAN to generate EEG signals by using a GAN with a modified training loop. The generator with the best
signals visually used strided convolutions and cubic interpolation. The metrics observed in the authors’ results were inception score (a
model-based evaluation of generator quality), Frechet-inception distance (a model-based evaluation of generator quality and output
diversity), euclidean distance, and sliced wasserstein distance (a approximate measurement of the wasserstein distance between
samples of the real and generated distributions converted to scalar values). Interestingly, the proposed model only performed best
in the sliced Wasserstein distance metric with a score of 0.078, and performed worst in inception score, Frechet-inception distance,
and minimum euclidean distance with scores of 1.292, 33.765, and —0.375 respectively. The scores mostly contradict intuition about
the most visually realistic synthetic EEG signals, but as these metrics are all accepted as good indicators of model quality, diverse
metrics are necessary to better illustrate model quality. The authors simultaneously demonstrated the ability to generate synthetic
EEG signals and the importance of using multiple metrics to improve model evaluation [10].

Park et al. recreated frog sounds via GAN with a modified architecture. The generator from the GAN was then used for a number
of experiments, one of which used a combination of generated and real data to train a classifier. For the experiment, classifiers were
trained with augmented datasets composed of varied ratios of real to generated data. After training the classifiers, the classifier
trained on the augmented dataset with the highest proportion of generated data had a “best average improvement of about 1.1%”
compared to training solely on real data, and the classifier converged in fewer epochs [11].

Cai et al. generated two dimensional frictional signals using a generator that took preprocessed fabric images, along with noise,
as input to generate spectrograms that could then be converted into electrovibrations [12]. Kuo et al. combined a GAN with an
autoencoder to create denoised acoustic signals [13].

Jaylakshmy and Sudha made a conditional GAN to generate respiratory signals. Their models, using their proposed method with
scalograms as input, achieved an accuracy of 92.68% and 92.5% for the Rale & Think Labs Lung Sounds Library and ICBHI datasets.
The model with the next highest accuracy had an accuracy of 86.89% [14]. The numerous applications of time-series GANs in their
review further supports the viability of data generation for sequential data like those found in high-rate dynamic events.

This paper proposes a conditional generative model capable of synthesizing data reminiscent of the data used to train it. Further,
the model can mix features in the training data to simulate combinations of input unseen in the training data. Rare dynamics can
cause an imbalance in the dataset used to train data-driven approaches. The model proposed in this work can be used to bolster
the library used to train data-driven approaches leading to better balance through an increased diversity of events. Experiments
can then be focused on collecting a wide assortment of examples rather than an exhaustive number of the most rare, which are
often the most tedious to obtain. Further still, comparatively few multivariate experiments are required with the added benefit of
multi-modal selection. Multi-modal selection allows for the synthesizing of dynamic responses that potentially represent unmonitored
locations within the structure. For this work, the Conditional Wasserstein Generative Adversarial Network (CWGAN), a deep learning
algorithm for selectively producing synthetic data, was chosen as the generic framework of the generative model [15-17]. When
provided a library of prerecorded events, the CWGAN generates data that is statistically indiscernible from the original library. The
contributions of this paper include: (1) a CWGAN trained on high-rate dynamic vibration data, and (2) development of a multi-modal
conditional WGAN for selective multi-class interpolation. The code developed by this project and its pre-trained models are available
as an open-source library within this article’s supplemental documents and via a public repository [18].



Z. Thompson et al. Mechanical Systems and Signal Processing 204 (2023) 110725

accelerometer 2

il

..m ,M ‘ e accelerometers accelerometer 1
” 50 4

25 4

_25 -

1 T
0.5 1.0 1.5 0.5 1.0 1.5
time (ms) time (ms)

acceleration (Kg,)
=
1
acceleration (Kg,)
(=)
1

accelerometer 3 accelerometer 4

50 4 50

1 1
0.5 1.0 158 0.5 1.0 1.8
time (ms) time (ms)

acceleration (Kg,)
acceleration (Kg,)

Fig. 1. An electronics package developed by Dodson et al. [19] where accelerometers were mounted, each unpopulated PCB board housed in axial fixture, and
held in place with a single lock ring torqued at 25 ft-lbs; the right-hand-side of the figure shows examples of the measured accelerations for the four PCBs.

2. Background

This work uses measured structural response data of electronic packages under shock as the considered high-rate dynamic
event [19]. This data set has been well studied for developing high-rate state observers [20]. Fig. 1 shows the shock test system used
in the experiments and examples of the data collected. The system consists of a canister that houses four printed circuit boards (PCB)
each with a high-g accelerometer (Meggitt 72) mounted in their center. The PCBs are potted in the canister to secure components
in place. For this test, the shock test system’s table was dropped from a height of 800 mm and a 1.58 mm F1 felt pad was used as
the programmer to cushion the impact. This data is available through a public repository [19].

Wasserstein Generative Adversarial Networks [16] are a variation of a type of deep learning technique proposed by Goodfellow
et al. [15]. Generative Adversarial Networks are composed of a discriminator and generator. When optimally trained, the generator
is capable of producing data indiscernible from the training distribution. To accomplish this, the discriminator and generator both
attempt to optimize the function shown in Eq. (1).

E, p,llog /(0] + E, 5, [log (1 = £(x))] @

The goal of the discriminator is to maximize the value of the function while the generator works to minimize the value. Theoretically,
this competition leads the generator to produce more realistic data over repeated iterations until the real and generated distributions
are indistinguishable. In practice, this end goal can be more difficult to achieve. WGANs remedy two issues of interest: balancing
the learning of the discriminator and generator, preventing mode collapse. Like GANs, WGANs are capable of producing realistic
data similar to, but not the same as, the given set of input data. They accomplish this by approximating the Earth Mover Distance.
Throughout training, the critic, analogous to the discriminator for GANs [16], tries to maximize the function and the generator
attempts to minimize it until they reach a balance. WGAN transforms the objective function for the critic and generator as shown
in Eq. (2).

”frn”egl Eyp, [f()] = Eyp, [f(X)] 2
where E represents a summation over samples from the real P, and the generated P, distributions, and f(x) is the function
representing the critic. The goals of the critic and generator are still to maximize and minimize the value of the function respectively.
The change to the objective function converts the gradient slope for backpropagation from sigmoidal to a linear shape. This
change helps prevent convergence failure by vanishing gradients and simultaneously reduces the likelihood of the generative model
undergoing mode collapse. The conditional WGAN (CWGAN) is a variant of the WGAN that uses auxiliary data as in the conditional
GAN (CGAN) represented with Eq. (3).

”?ﬁi?é X Eyop [/ (xIN] = Eyop, [f (x])] 3
where f(x|y) is the function representing a critic trained on x and conditional input y, and y is any additional input used in both the
critic and generator. A common example for this supplementary information would be the use of class labels; these class labels could
then be uni-modal or multi-modal. For the experiment, the model received prior noise as well as a fixed size array representing the
presence or absence of a class label (i.e. [1, 0, 0] would represent class 1 with no other classes present) where each class represented
the corresponding accelerometer of the four shown in Fig. 1. The CWGAN should still converge to its optimum if the new function
meets the constraints of the WGAN. Since the weight constraints still apply to the additional input and respective weights, it is
assumed that the constraints remain satisfied and the CWGAN will still converge.
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Fig. 2. Diagram of the architectures used for critic and generator models. The values in the convolution layers represent output vector size and number of filters
respectively.

Table 1
Scoring for different models compared to input dataset. The input dataset is shown in the first row with columns representing
different time-domain statistics applied. Following rows correspond with generative models examined.

Abs mean Root mean square Skewness Kurtosis Shape factor Impulse factor Crest factor
real 2.53e—02 2.46e+01 2.69e+00 5.57e+01 1.05e+03 4.13e+01 3.98e—02
CWGAN 2.94e—02 2.45e+01 2.71e+00 4.36e+01 8.46e+02 2.88e+01 3.41e-02
CEBGAN 1.65e—02 1.58e+01 4.65e+00 7.86e+01 9.97e+02 5.56e+01 5.46e—02
CVAE 9.95e-01 3.87e+01 1.35e+01 2.13e+02 3.89e+01 9.98e-01 2.56e—02

3. Materials and methods

The CWGAN model architecture follows the DCGAN model architecture. The critic is a CNN with nine hidden layers, as
diagrammed on the left-hand-side of Fig. 2. The signal data is passed through eight convolution layers to collect informative
features. The label is not passed through the convolution layers. Instead, the label is treated as a collection of features, and the
label is concatenated with the flattened output of the convolution layers before passing to the final layer. The final output combines
the collection of features into a final singular output. The activation functions for the layers are leaky ReLU. The generator is a
CNN with five hidden layers. The last two layers of the generator use the cosine and tanh activation functions respectively [11].
The CWGAN model was chosen over a conditional Variational Autoencoder (VAE) or Energy-based GAN (EBGAN) for its apparent
advantage in this experiment. Prior to creating the conditional model, the WGAN, VAE, and EBGAN were all trained to produce the
desired signals. Visually, the WGAN appeared to have more diverse outputs with a similar level of closeness to the expected outputs.
Regarding metrics, Table 1 provides a comparison of time-based metrics between the training dataset and generated data for each
model. Overall, the CWGAN had the closest metrics to the training data with shape factor as the sole exception where CEBGAN
was closer. Table 2 provides a comparison over the same data but with frequency-based metrics. This table appears to contradict
Table 1 with CEBGAN performing the best in every metric except MMFD. Taken together, these tables imply that CWGAN has
higher frequency noise shifting the frequency metrics. It is worth noting, but not likely a major issue since the noise does not shift
the signals far from the target distribution. There is no other obvious advantage this model may have to other similar generative
models. However, the CWGAN is simpler to implement than an equally sufficient physics-based model, and once trained, the model
can produce signals with equal or greater speed to other alternatives.

Fig. 3 diagrams the steps taken for training the model. The training procedure for the model was split into training the critic
and training the generator. First, the critic was trained on a batch of training data and associated labels combined with an equally
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Table 2

Scoring for different models compared to input dataset. The input dataset is shown in the first
row with columns representing different frequency-domain and time/frequency-domain statistics
applied. Following rows correspond with generative models examined.

Root mean square Root variance MMFD TRAC
frequency frequency
real 3.68e+04 2.93e+04 4.95e+01 9.91e—01
CWGAN 8.08e+04 7.30e+04 3.17e+00 9.90e—01
CEBGAN 3.68e+04 3.11e+04 1.30e+00 9.93e-01
CVAE 4.74e+04 3.85e+04 7.02e+01 9.92e-01
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Fig. 3. Flowchart of training steps utilized for the proposed GAN methodology.

sized batch of generated data made with the same labels. The critic was also regularized using w2 regularization where the critic is
regularized based on the training data. Regularization was included to improve critic stability during training. This critic training
iterated for 4 epochs before beginning the generator training. The generator was trained on the critic’s scores for the generated
data. The generator then updated its weights and the loop began again for some number of epochs. The training loop iterated until
the model was thought to have converged. For the training, convergence was considered a lack of improvement after five epochs.

Algorithm 1 Training procedure for the CWGAN architecture.

1: procedure Travn CWGAN(critic, generator, X, Y)
2 X: Real data

3 Y: Labels

4 n: Number of epochs

5: m: Number of critic training loops per epoch
6 fori=0-ndo

7 (x,) < sample(X,Y)

8 r «— Gaussian sample of latent space

9: for j =0— mdo

10: v « generator((r, y))

11: L, < Loss(critic([(x, y), (v, »)]))

12: end for

13: 0 < ADAM(L,, W yitic)

14: L, < Loss(critic([generator(r, )1))

15: 0 < ADAM(L,, Wyenerator)

16: end for

17: end procedure

Algorithm 1 provides pseudo-code for the training procedure of the CWGAN. This is a more detailed description of the steps
summarized in Fig. 3. X is the training data, Y is the corresponding conditional labels, » is the number of training epochs for the



Z. Thompson et al. Mechanical Systems and Signal Processing 204 (2023) 110725

Fig. 4. Demonstration of model behavior when producing multimodal signal. Top row depicts, from left to right, a 100 kHz signal (a), a 200 kHz signal (b),
and the sum of the 100 kHz and 200 kHz signals (c). The bottom row depicts a generated signal for the unimodal 100 kHz (d), the unimodal 200 kHz (e), and
the multimodal 100 kHz and 200 kHz signal (f).

CWGAN, and m is the number of critic training loops per epoch. One important note is that the loss functions for the critic and
generator differ slightly. While both are a Wasserstein loss function, the critic loss is further modified by w2 regularization. This
regularization stabilizes the critic optimization process and improves overall training.

To demonstrate the model’s behavior on a tractable dataset, the model was trained on sine waves. Sine waves were chosen
as a good example signal since they are easier to analyze and verify. For the demonstration, 64,000 single-frequency sine waves
were organized into four classes: 100 KHz, 200 KHz, 300 KHz, and 400 KHz. All of the signals were fed to the model for training
and the model was used to generate signals according to some chosen label. The trained generator was set to output 16 each of
100 KHz, 200 KHz, and the multiclass combination of the 100 KHz and 200 KHz classes. Fig. 4 reports spectrograms for the reference
signals and generated signals for comparison where the top row shows the spectrogram of the source signal and the bottom row
th



