
Chapter 9Chapter 1 
On the Detection and Quantification of Nonlinearity via Statistics 
of the Gradients of a Black-Box Model 

Georgios Tsialiamanis and Charles R. Farrar 

Abstract Detection and identification of nonlinearity is a task of high importance for structural dynamics. On the one hand, 
identifying nonlinearity in a structure would allow one to build more accurate models of the structure. On the other hand, 
detecting nonlinearity in a structure, which has been designed to operate in its linear region, might indicate the existence 
of damage within the structure. Common damage cases which cause nonlinear behaviour are breathing cracks and points 
where some material may have reached its plastic region. Therefore, it is important, even for safety reasons, to detect when 
a structure exhibits nonlinear behaviour. In the current work, a method to detect nonlinearity is proposed, based on the 
distribution of the gradients of a data-driven model, which is fitted on data acquired from the structure of interest. The 
data-driven model selected for the current application is a neural network. The selection of such a type of model was done 
in order to not allow the user to decide how linear or nonlinear the model shall be, but to let the training algorithm of the 
neural network shape the level of nonlinearity according to the training data. The neural network is trained to predict the 
accelerations of the structure for a time-instant using as input accelerations of previous time-instants, i.e. one-step-ahead 
predictions. Afterwards, the gradients of the output of the neural network with respect to its inputs are calculated. Given that 
the structure is linear, the distribution of the aforementioned gradients should be unimodal and quite peaked, while in the 
case of a structure with nonlinearities, the distribution of the gradients shall be more spread and, potentially, multimodal. 
To test the above assumption, data from an experimental structure are considered. The structure is tested under different 
scenarios, some of which are linear and some of which are nonlinear. More specifically, the nonlinearity is introduced as a 
column-bumper nonlinearity, aimed at simulating the effects of a breathing crack and at different levels, i.e. different values 
of the initial gap between the bumper and the column. Following the proposed method, the statistics of the distributions of 
the gradients for the different scenarios can indeed be used to identify cases where nonlinearity is present. Moreover, via the 
proposed method one is able to quantify the nonlinearity by observing higher values of standard deviation of the distribution 
of the gradients for lower values of the initial column-bumper gap, i.e. for “more nonlinear” scenarios. 

Keywords Structural health monitoring (SHM) · Structural dynamics · Nonlinear dynamics · Machine learning · Neural 
networks 

1.1 Introduction 

In the pursuit of making everyday life safer, humans have extensively tried to model the environment around them. Structures 
are an important part of the environment, in which humans live. They are man-made and should be safe throughout their 
lifetime. Structures are exposed to numerous environmental factors, which may cause them to fail. Moreover, during 
operation, structures are subjected to dynamic loads, which, in time, may cause failure. Such failures will most probably 
result in economic damage to society and may even result in loss of human lives. Therefore, for the purpose of maintaining 
structures safe, the field of structural health monitoring (SHM) [1] has emerged. 
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Test-to-Failure Characterization and Acceleration Signal
Feature Analysis of Electronic Systems Under Repeated Shock
Loading

Trotter Roberts, Hugo Luck, Joud N. Satme, Mohsen Gol Zardian, Sina Navidi, Ryan Yount,
Austin R.J. Downey, and Chao Hu

Abstract Electronic systems operating in high-rate dynamic environments are susceptible to mechanical and electrical fail-
ure due to extreme shock loading. Understanding how shock response correlates with physical degradation in electronic
components is critical for predicting failure and designing more resilient hardware or active control solutions. This study
presents a repeatable testing framework for evaluating damage accumulation in printed circuit boards (PCBs) subjected to
high-energy shock events. In this work, a PCB with an onboard resistor is mounted as a fixed-fixed beam and exposed to a
test-to-failure sequence under a constant shock energy profile. High-resolution electrical resistance is monitored in situ over
the course of each test to track the initiation and evolution of damage. Simultaneously, high-speed acceleration data is col-
lected via PCB-mounted sensors, enabling detailed analysis of dynamic system behavior under repeated mechanical loading.
By applying this protocol across multiple boards of identical configuration, the study generates a consistent and controlled
dataset for assessing how dynamic response features relate to damage progression in electronics subjected to shock events. A
series of time- and frequency-domain features (e.g., root-mean-square amplitudes, crest factors, and spectral centroids) are
extracted from the acceleration signals. These features are then analyzed alongside resistance trends to identify consistent
markers that precede or coincide with failure. While no online learning algorithms are implemented in this study, the frame-
work is explicitly designed to support the development and evaluation of real-time machine learning-based classifiers for
electronic condition assessment in high-rate environments, including potential applications in onboard sensing, autonomous
fault detection, and predictive maintenance of mission-critical systems. All data is shared through a public repository.

Keywords Structural health monitoring · Damage detection · Feature extraction · Shock testing · Reliability

Introduction

In many high-performance applications, electronic hardware is subjected to intense shock events that can rapidly degrade
structural and electrical integrity. Shock events are high-energy impulses occurring within microseconds to milliseconds,
generate enormous stress gradients and abrupt deformations that threaten the integrity of mission-critical electronics. Con-
ventional structural health monitoring and fatigue assessment techniques struggle to operate within these severe time con-
straints, where damage can accumulate before diagnostic systems can react [1]. Passive design techniques, like shock-
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absorbing mounts or ruggedized enclosures, offer some protection but are unable to completely reduce failure risks when
repeated shock loads cause progressive damage to delicate components [2].

To address the reliability limitations of electronics subjected to shock, there is an increasing need for high-fidelity testing
and monitoring frameworks that link dynamic shock response features to physical damage evolution in electronic hardware.
Prior studies have demonstrated the value of vibration and shock testing for mechanical assemblies [3], but electronic systems
introduce additional complexities arising from the coupled mechanical–electrical failure modes of printed circuit boards.
printed circuit boards (PCBs) damage frequently starts as trace delamination or microcracking in solder joints, which can
show up as minor variations in electrical resistance prior to catastrophic failure [4]. Understanding how particular loading
conditions accelerate damage requires robust analysis of time- and frequency-domain dynamic features in conjunction with
in situ sensing at high temporal resolution in order to capture these early-stage signatures [5].

Active monitoring during controlled laboratory shock experiments provides a pathway to generate repeatable, high-rate
datasets that reveal the interplay between mechanical response and electronic degradation. By mounting PCBs as structural
elements, such as fixed-fixed beams, test configurations can reproduce realistic boundary conditions and load transfer path-
ways seen in embedded electronic assemblies [6]. When paired with high-speed acceleration sensing, this approach enables
simultaneous observation of both the system’s dynamic behavior and the onset of electrical performance degradation. Ex-
tracting statistical and spectral features from the shock response, such as root-mean-square amplitudes, crest factors, and
spectral centroids, can yield early indicators of cumulative damage prior to failure [7].

This study introduces a repeatable shock testing framework to evaluate damage accumulation in PCBs subjected to con-
trolled high-energy impact sequences. All data is shared through a public repository [8]. Electrical resistance is monitored in
situ throughout the test-to-failure process, while high-speed acceleration data is simultaneously recorded to capture the dy-
namic response. By applying an identical test protocol across multiple boards, the framework produces a consistent dataset
that links time- and frequency-domain shock response features to progressive electrical degradation. Although no learning
algorithms are implemented here, the experimental design explicitly supports future integration of machine learning-based
classifiers for real-time fault detection and predictive maintenance in high-rate operational environments. The primary con-
tributions of this work are twofold. First, it provides a controlled experimental platform for quantifying the relationship
between high-rate shock response features and progressive electrical failure in PCBs. Second, it establishes a feature ex-
traction methodology and cumulative damage framework that lays the groundwork for future real-time, learning-enabled
monitoring of electronic systems in extreme dynamic environments.

Background

Controlled laboratory shock environments are commonly used to replicate the transient loading conditions found in oper-
ational platforms to study these effects. Drop towers, pneumatic impactors, and similar setups allow researchers to apply
repeatable, high-energy impulses to test specimens while controlling boundary conditions and impact energy. Fixed–fixed
or cantilever mounting arrangements are frequently used because they reproduce realistic load transfer paths and constraint
conditions seen in embedded assemblies [9]. Such controlled test environments have been shown to isolate specific failure
mechanisms, making it possible to correlate the PCB’s structural response with progressive electrical damage [10]. Time-
domain features such as root-mean-square (RMS) acceleration, crest factor, and signal energy ratios can capture changes
in amplitude and impulse response. Likewise, frequency-domain features, including spectral centroid shifts and energy
redistribution across frequency bands, can reveal subtle structural softening or nonlinear effects that occur as damage accu-
mulates [11]. In our specific application, these features provide a way to quantify subtle changes in response behavior that
may correlate with solder joint fatigue or progressive micro-cracking.

Methodology

PCBs fabricated from FR4 were prepared as test specimens. Each board measured 25.40 mm × 76.20 mm × 1.60 mm
and contained a single 100 mΩ, 1 W surface-mount resistor soldered at midspan using a controlled stencil process to reduce
variability. The boards were mounted as fixed–fixed beams in a custom aluminum fixture (Figure 1), providing rigid boundary
conditions representative of embedded electronic assemblies.

Shock loading was applied using a drop tower system (Figure 2), where a guided mass was released from a height of
12 inches (0.305 m), producing repeatable shock pulses of approximately 5000 g. The drop height and mass were held
constant across all tests to ensure consistent impact energy. Dynamic response was measured using Endevco 727 piezoresis-
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Fig. 1 The considered test setup, showing: (a) PCBs specimen with a surface-mount resistor attached at midspan (bottom
side up), and (b) PCB mounted in the aluminum fixture in a fixed–fixed configuration.

Fig. 2 The experimental setup for repeated shock testing.

tive accelerometers (20k g range, DC–50 kHz bandwidth). One accelerometer was mounted on the fixture beneath the PCB
midspan to capture input excitation, while another was placed at the PCB surface at midspan to record local response. Ac-
celeration signals were conditioned with a PCB 482C unit (gain 100×) and digitized using a PXIe-4483 module at 200 kHz,
yielding 20,000 samples over a 0.1 s window per shock event. A representative excitation–response time history is shown in
Figure 3.

Electrical resistance was monitored in situ with a BK Precision 2841 micro-ohmmeter (0.1 µΩ resolution, 0.01% ac-
curacy) in a four-wire configuration to minimize lead effects. After each impact, ten consecutive resistance readings were
recorded and averaged to provide one value per event. Acceleration and resistance data were acquired simultaneously, en-
abling direct correlation between mechanical response and electrical degradation. A total of ten boards were tested under
identical conditions. Each was subjected to repeated shocks until failure, defined as an irreversible increase in resistance
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beyond baseline variability. All boards were tested to failure, and three representative cases are reported here for clarity and
consistency.

Following data collection, acceleration and resistance signals were processed to extract features representative of system
dynamics and progressive damage. Time-domain features included maximum amplitude, root-mean-square (RMS) value,
absolute mean, skewness, kurtosis, crest factor, shape factor, and impulse factor. Frequency-domain features such as spectral
centroid and bandwidth were also calculated. To allow direct comparison across boards and impact histories, all features
were normalized with respect to their initial values.

Fig. 3 Excitation and response acceleration time series under repeated impact.

Results and Analysis

The resistance histories of all three representative test boards are presented in Figure 4. These plots show the evolution of
electrical resistance over the course of repeated impacts, providing a direct view of how each board progressed to failure.
Although the number of shocks sustained and the absolute resistance values at failure varied between boards, a common
pattern emerged. After an initial break-in period, resistance typically increased sharply, then transitioned to a slower, more
gradual rise before the onset of failure. Outliers were observed where resistance deviated from this general progression,
highlighting the inherent variability in solder joint and trace degradation.

Fig. 4 Raw resistance versus impact number for (a) board 1, (b) board 2, and (c) board 3.

To better illustrate consistent resistance degradation trends, Figure 5 presents resistance histories after manual prepro-
cessing. Outliers were first removed, followed by trimming the initial break-in period and the final few impacts where failure
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was imminent. While these segments are excluded here for clarity, the complete datasets remain available in the shared
repository for future analysis [8]. As shown, the processed resistance measurements reveal a common progression across
boards: gradual drift followed by abrupt increases approaching failure. Figure 5 also includes fitted exponential trend-lines
of the form

y(x) =
100

(
1− e−bx

)
1− e−100b

, (1)

where x is the normalized impact number (0–100), y is the normalized resistance (0–100), and b is a fitted growth-rate
parameter. The anchoring ensures that all curves pass exactly through (0, 0) and (100, 100), enabling direct comparison
between boards. The fitting was performed using nonlinear least-squares optimization via the curve fit function from
the SciPy library [12].

Fig. 5 Normalized resistance versus impact number with superimposed exponential trendline fits for selected boards.

Dynamic response features derived from acceleration data were analyzed in the time domain. Figures 6–8 illustrate the
evolution of normalized features across repeated impacts for three representative boards. For Board 1, shape factor, RMS,

Fig. 6 Normalized time-domain features extracted from excitation and response signals for Board 1.
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Fig. 7 Normalized time-domain features extracted from excitation and response signals for Board 2.

Fig. 8 Normalized time-domain features extracted from excitation and response signals for Board 3.

and absolute mean showed gradual upward trends, while the other features remained relatively stable throughout most of
the sequence. Board 2 exhibited similar behavior, with RMS and absolute mean sharing consistent visible trends, while
crest factor and kurtosis remained essentially flat; this board also displayed the highest variability in individual data points,
suggesting greater issues in data collection, something expected as measuring high-rate impact events is experimentally
challenging to do without noise. Board 3 displayed the clearest late-stage excursions: although all features followed steady
trends through most of the test, shape factor, RMS, and absolute mean dropped sharply during the last 10–15 impacts
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following steady climbs, coinciding with the abrupt resistance increase near failure. These observations indicate that while
some features provide gradual indicators of cumulative degradation, others remain stable until close to failure, where rapid
excursions reveal the onset of irreversible damage.

The Pearson correlation coefficient r quantifies the strength and direction of a linear relationship between the fitted
resistance degradation trendline and each feature trajectory [13]. Values of r range from −1 (perfect negative correlation) to
+1 (perfect positive correlation), with values near zero indicating little to no linear association. The associated p-value tests
the null hypothesis of no correlation, with p < 0.05 taken as statistically significant. Because Pearson correlation is limited
to linear trends, the Spearman rank correlation coefficient ρ was also evaluated. Spearman correlation measures monotonic
associations, making it more robust in cases where feature trajectories evolve nonlinearly with degradation [14, 15]. Tables 1
and 2 summarize both correlation metrics across the three boards, with the final column reporting the mean ± standard
deviation.

The results show clear differences between the two measures. Features such as absolute mean and RMS yielded moderate
Pearson correlations (r ≈ 0.5) but much higher Spearman values (ρ > 0.75), suggesting strong but nonlinear monotonic
relationships with resistance. Conversely, kurtosis and skewness displayed inconsistent Pearson values, including negative
correlations, yet ranked among the strongest features under Spearman analysis, reflecting late-stage nonlinear excursions
near failure. In contrast, features like crest factor and shape factor remained weak under both measures. Overall, absolute
mean, RMS, and kurtosis emerged as the most reliable indicators of cumulative degradation across boards. These results are
visualized in Figure 9, where features are ranked by mean absolute importance to emphasize the most informative indicators
of cumulative damage progression.

Table 1 Pearson correlation results for boards 1–3, with mean correlation across boards.

board 1 board 2 board 3 mean ± std
feature r p-value r p-value r p-value r

impulse factor -0.272 6.77× 10−2 -0.329 2.09× 10−2 0.263 2.44× 10−2 −0.113± 0.327

shape factor -0.397 6.29× 10−3 -0.673 1.20× 10−7 0.198 9.39× 10−2 −0.291± 0.445

crest factor -0.265 7.51× 10−2 -0.041 7.82× 10−1 0.174 1.41× 10−1 −0.044± 0.220

kurtosis -0.222 1.38× 10−1 -0.322 2.39× 10−2 0.579 7.85× 10−8 0.012± 0.494

skewness -0.182 2.27× 10−1 -0.634 1.02× 10−6 -0.309 7.82× 10−3 −0.375± 0.233

RMS 0.529 1.56× 10−4 0.801 4.98× 10−12 0.207 7.96× 10−2 0.512± 0.297

absolute mean 0.555 6.19× 10−5 0.907 3.17× 10−19 0.103 3.85× 10−1 0.522± 0.403

maximum -0.137 3.65× 10−1 0.525 1.08× 10−4 0.634 1.72× 10−9 0.341± 0.417

Table 2 Spearman correlation results for boards 1–3, with mean correlation across boards.

board 1 board 2 board 3 mean ± std
feature ρ p-value ρ p-value ρ p-value ρ

impulse factor -0.771 3.58× 10−10 -0.353 1.28× 10−2 0.820 7.04× 10−19 −0.101± 0.825

shape factor -0.883 4.79× 10−16 -0.728 3.16× 10−9 0.684 2.67× 10−11 −0.309± 0.863

crest factor -0.554 6.55× 10−5 0.072 6.23× 10−1 0.609 1.11× 10−8 0.042± 0.582

kurtosis -0.786 1.02× 10−10 -0.266 6.50× 10−2 0.940 6.63× 10−35 −0.037± 0.885

skewness -0.555 6.23× 10−5 -0.758 2.86× 10−10 -0.571 1.33× 10−7 −0.628± 0.113

RMS 0.873 2.56× 10−15 0.868 7.21× 10−16 0.530 1.39× 10−6 0.757± 0.196

absolute mean 0.929 1.37× 10−20 0.974 6.52× 10−32 0.416 2.55× 10−4 0.773± 0.310

maximum 0.020 8.95× 10−1 0.612 2.97× 10−6 0.729 2.50× 10−13 0.454± 0.380
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Fig. 9 Feature importance based on absolute mean correlation across boards, shown for both Pearson (top) and Spearman
(bottom).

Conclusion

This study introduced a repeatable experimental framework for evaluating cumulative damage in PCBs subjected to repeated
high-g shock events. The framework created a controlled dataset that connected dynamic response features to progressive
electrical degradation by fusing high-rate acceleration measurements along with resistance monitoring. Resistance histo-
ries consistently exhibited gradual drift followed by abrupt increases prior to failure, while feature trajectories revealed
both steady long-term trends and late-stage excursions. Correlation analysis identified maximum, kurtosis, and skewness
as the most reliable indicators of degradation, highlighting their potential value for monitoring cumulative damage in high-
rate environments. Overall, the results establish initial links between mechanical shock response and electrical degradation
in PCBs.

By quantifying feature–damage correlations and demonstrating the reproducibility of the experimental protocol, this
study establishes the foundation for condition indicators that can aid in real-time failure diagnosis. In the future, the frame-
work will be expanded to include more PCB shapes and loading scenarios, incorporate cumulative damage data more clearly,
and use machine learning techniques for predictive maintenance and categorization. When combined, these advancements
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will make it possible to use more reliable, data-driven methods to guarantee the dependability of electronics used in ex-
tremely dynamic settings.
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