Results in Engineering 32 (2026) 113798

Contents lists available at ScienceDirect

Results in

Engineer

Results in Engineering

journal homepage: www.sciencedirect.com/journal/results-in-engineering

Online change point methods for structural shock detection on
resource-constrained edge devices: An analytical benchmarking study

abYanzhou Fu® 2¢, Justice Adjei Owusu 2 ¢, Joud N. Satme (22,

4% Gurcan Comert 2 4, Jason D. Bakos (2P

2 Department of Mechanical Engineering, University of South Carolina, Columbia, 29208, SC, USA

b Department of Computer Science and Engineering, University of South Carolina, Columbia, 29208, SC, USA

¢ Department of Ocean and Mechanical Engineering, Florida Atlantic University, Boca Raton, 33431, FL, USA

d Department of Computational Data Science and Engineering, North Carolina A&T State University, Greensboro, 27411, NC, USA
¢ Department of Civil Engineering, University of South Carolina, Columbia, 29208, SC, USA

Zhymir Thompson
Austin R.J Downey

ARTICLE INFO ABSTRACT

Keywords:

Structural health monitoring
Time-series analysis

Real-time change point detection
High-rate dynamics

Performance benchmarking

Timely detection of structural shock events is critical for real-time health monitoring and system protection.
This study evaluates five online detection methods for identifying shock-induced changes in drop-tower accel-
eration data: Bayesian Online Change Point Detection (BOCPD), Cumulative Summation (CUSUM), Expectation
Maximization (EM)-based Gaussian mixture classification, Grey Systems Modeling (GM), and Isolation Forest.
Each method is benchmarked against an offline detection baseline using precision, recall, F1 score, and detec-
tion delay. BOCPD achieved the best balance of accuracy and responsiveness (F1 score: 0.602; delay: 0.277 ms);
Isolation Forest provided the second-highest F1 score (0.513), whereas GM achieved the shortest clean-signal de-
tection delay (0.208 ms). The F1-score ranking is unchanged across four alternative offline reference definitions
derived from the same acceleration signal. BOCPD, CUSUM, EM, and Isolation Forest retain their clean-signal
performance under white Gaussian noise down to a signal-to-noise ratio of 0 dB, whereas the precision of GM
degrades from 0.97 to 0.54. Parameter sweeps identify the reported BOCPD setting as its best tested configura-
tion, but also show that cross-algorithm F1 rankings depend on the chosen parameters, particularly for GM and
Isolation Forest. Repeating the evaluation on all five experimental runs, including a reference-light early-impact
check, confirms the ordering BOCPD > Isolation Forest > CUSUM > EM on every run, whereas the rank of GM
varies. Results highlight the effectiveness of lightweight online detection methods for shock detection and their
algorithmic suitability for embedded structural health monitoring and control systems, pending validation on
embedded hardware. Data and code are publicly available.

1. Introduction

Structures across engineering domains, including aerospace compo-
nents [1], civil infrastructure [2], and electronic assemblies [3], are
often subjected to sudden, high-intensity forces such as impacts, col-
lisions, or transient vibrations [4]. These shock events can significantly
exceed normal operating loads and may cause irreversible damage if
not addressed promptly. To mitigate such risks, it is essential to de-
tect these dynamic events in real time and accurately classify the struc-
tural state [5]. Timely detection is a prerequisite for future real-time
controllers that close the loop to enable vibration and shock mitiga-
tion [6,71, thereby protecting the integrity and functionality of the struc-
ture [8].

One promising technique for real-time shock event detection is
change point detection (CPD), which identifies points in sequential data
that indicate abrupt changes in the sequence’s statistical properties. CPD
has been widely applied in fields such as finance [9], biomedical sci-
ence [10], social and behavioral data science [11,12], and climate sci-
ence [13]. In the context of structural health monitoring (SHM), CPD
provides a powerful approach to identifying the onset and cessation
of shock events by monitoring changes in sensor measurements. Fig. 1
shows the general change point detection process in SHM. CPD is for-
mally defined as the identification of abrupt changes in the generative
parameters of a data sequence [14], where the statistical distribution af-
ter a change point differs from that before it. Algorithms process stream-
ing data either as individual points or windows and use probabilistic or
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Fig. 1. The general change point detection process.

statistical models to assess whether the input belongs to the expected
distribution or indicates a shift. CPD methods are typically classified as
online or offline. Online algorithms operate sequentially, are capable
of real-time detection, and do not require knowing the total number of
change points in advance to recognize when one occurs. Offline meth-
ods, in contrast, process complete data sequences only after collection,
so while often more accurate, they are impractical for real-time and on-
line use.

Although CPD has been extensively studied in statistical and data sci-
ence contexts, its application to engineering systems is gaining increas-
ing attention. For instance, Kawahara et al. proposed a recursive change-
point detection algorithm based on subspace identification, which was
applied to detect both abrupt and gradual faults in a simulated space-
craft attitude control system using reaction wheels [15]. The method
successfully identified both a commanded orientation change and a
slowly developing failure in the roll-axis reaction wheel, demonstrating
its ability to capture evolving anomalies in high-dimensional control
systems. Shi et al. combined change point detection with deep learn-
ing in a dual-LSTM framework designed to detect transition points in
degradation trajectories and estimate the remaining useful life of tur-
bofan engines using NASA CMAPSS data [16]. This approach highlights
CPD’s utility not only for event detection but also as a trigger for down-
stream prediction tasks, an approach relevant to real-time structural
shock monitoring. Nigro et al. employed statistical Change Point Analy-
sis (CPA) to detect abrupt changes in modal parameters of finite element
models, enabling the localization and timing of stiffness degradation
in beams and plates [17]. Their work demonstrates CPA’s effectiveness
for vibration-based SHM even in noisy environments. Wu et al. inte-
grated multiple change-point models with particle filters to track tran-
sitions in reactor conditions without relying on labeled data [18]. Their
method performed robustly in online settings, reinforcing CPD’s feasibil-
ity in real-time engineering applications. Sharma et al. proposed a fast,
semi-automatic change point detection method for deformation moni-
toring based on Kullback-Leibler divergence in a Gaussian-transformed
space [19]. Requiring only a sliding window size as input, the method
achieved over 99% faster computation than existing techniques with
similar accuracy. It was validated on several real-world datasets, includ-
ing drilling logs, InSAR data from the Gal4dpagos Islands, and multiple
slope deformation cases, demonstrating effective detection of critical
change points such as the onset of slope movement. Ge et al. introduced
a segmental semi-Markov model for time-series change-point detection,
targeting semiconductor manufacturing applications [20]. By combin-
ing segment modeling (e.g., linear trends) with semi-Markov state du-
ration modeling, the method addressed limitations of standard Hidden
Markov Models. It employed Bayesian inference and Expectation Maxi-

mization to estimate change points efficiently and accurately, showing
improved performance under noisy conditions in both simulated and
real plasma etch data.

Within structural health monitoring specifically, change point meth-
ods have been applied across a range of structures and timescales. Liao
et al. developed a sequential change-point method for damage detection
and localization that accommodates an unknown post-damage feature
distribution, verified on shake-table data from a steel frame [21]. Mari-
ani and Cawley employed generalized-likelihood-ratio change detection
to improve the sensitivity of guided-wave monitoring systems [22]. Li
et al. combined offline and online change point detection to identify
anomalous crack behavior in concrete dams in long-term service [23],
and Lei et al. formulated structural condition assessment as a distri-
butional change-point problem for damage-sensitive features of bridge
monitoring data [24]. A recent systematic review by Dao examines the
integration of trend monitoring with change point detection, including
BOCPD and CUSUV, for wind turbine diagnostics [25], and robust and
scalable variants of BOCPD remain an active methodological research
direction [26]. Complementing these application studies, van den Burg
and Williams established a benchmark of a large set of detection algo-
rithms on 37 annotated real-world time series, and found binary seg-
mentation and BOCPD to be among the best-performing methods [27];
their series are, however, general-domain data at comparatively low
sampling rates. In the high-rate regime, dedicated test beds were devel-
oped precisely because benchmark experiments for validating detection
algorithms at these timescales were lacking [28]. Table 1 summarizes
the scope of representative prior studies alongside the present work. Be-
cause the underlying datasets, event types, and ground-truth definitions
differ, the detection metrics reported by these studies are not numeri-
cally comparable; the comparison therefore concerns the scope of each
evaluation. To the authors’ knowledge, no prior study combines online
algorithms, high-rate experimental structural data, standardized met-
rics, robustness analyses of the evaluation itself, and openly released
data and code.

Despite its potential, current research on CPD in structural applica-
tions faces several limitations. Numerous studies concentrate solely on
offline detection methods. Despite their accuracy, these methods are im-
practical for real-time applications because of their significant compu-
tational demands and latency. While such methods remain valuable for
benchmarking or post-event analysis, they are less practical for embed-
ded or time-critical applications. Online CPD approaches, though more
responsive, often require prior knowledge of system models or exten-
sive training data, requirements that may not be feasible in real-world
deployments. Furthermore, few studies systematically compare multi-
ple online CPD algorithms using standardized evaluation metrics and
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Scope of representative change point detection studies in engineering and structural health monitoring, compared with the present work. A dash indicates that
the item is not reported in the cited publication. Reported detection metrics are not numerically comparable across studies because the datasets and ground-truth

definitions differ.

study application and data online multi-algorithm  robustness analyses open data and code
Kawabhara et al. [15] simulated spacecraft attitude control yes no — —
Nigro et al. [17] modal parameters of beams and plates no no measurement noise —
Liao et al. [21] shake-table steel frame vibration yes no unknown post-damage distribution =~ —
Mariani & Cawley [22] guided-wave monitoring yes no operational variations —
Li et al. [23] concrete dam cracks, long-term offline, online no — —_
Lei et al. [24] bridge damage-sensitive features no no false-positive control —

Sharma et al. [19] deformation monitoring (slopes, InSAR)

semi-automatic no

multiple real datasets —

van den Burg & Williams [27] 37 general-domain time series offline, online yes multiple human annotations data, code
Thompson et al. [29] drop-tower shock (preliminary) yes yes — data
this work [30] drop-tower shock at 1 MS/s yes yes ground truth, noise, parameters data, code, library

high-rate experimental data from physical structures. Taken together,
these limitations motivate three specific needs: (i) online methods whose
computational and memory footprints permit deployment on resource-
constrained edge devices, in contrast to the latency and cost of offline
methods; (ii) methods that operate without detailed system models or
extensive training data; and (iii) a standardized experimental bench-
mark that also quantifies how detection conclusions depend on mea-
surement noise, algorithm parameter choices, and the offline reference
used for evaluation. This work addresses these needs directly.

This study evaluates five online detection methods (i.e., Bayesian
Online Change Point Detection (BOCPD), Cumulative Summation
(CUSUM), Expectation Maximization (EM), Grey Systems Modeling
(GM), and Isolation Forest) for their effectiveness in detecting structural
shock events based on acceleration data collected from drop tower ex-
periments. The goal is to assess the applicability of CPD techniques for
real-time structural health monitoring, focusing on both detection accu-
racy and computational efficiency. The contributions of this work are
threefold: (1) A comprehensive algorithmic benchmark of five online
detection methods is conducted using real-world high-rate acceleration
data, with performance evaluated through standardized metrics such as
precision, recall, F1 score, and detection delay [30], complemented by
sensitivity analyses that quantify the robustness of the benchmark con-
clusions to the ground-truth definition, to additive measurement noise,
and to algorithm parameter choices; (2) Strengths and limitations of
the algorithms are analyzed in terms of both detection performance and
computational cost, offering guidance for selecting suitable methods for
real-time deployment; (3) A publicly available dataset of high-rate struc-
tural acceleration data is provided to support reproducibility and enable
comparative evaluation of CPD techniques in structural shock detec-
tion [31].

The novelty of this work lies in the benchmarking framework rather
than in a new detection algorithm. To the authors’ knowledge, this is
the first systematic comparison of online CPD methods on high-rate
(1 MS/s) experimental structural data in which the evaluation itself is
stress-tested: shock boundaries are compared across four alternative of-
fline reference definitions (not independent physical ground truth), the
noise robustness of every algorithm is characterized down to a signal-to-
noise ratio of 0 dB, and the influence of principal detection parameters
is quantified. Together with the openly released dataset, benchmarking
pipeline, and reusable algorithm library (including compiled Rust imple-
mentations of BOCPD, CUSUM, and EM), this provides a reproducible
reference against which future online detection methods for high-rate
structural health monitoring can be measured.

This work extends the authors’ preliminary conference study [29],
which evaluated only CUSUM and an EM-based classifier using qualita-
tive detection plots. The present study benchmarks five methods quan-
titatively across five runs, examines sensitivity to the offline reference,
noise, and detector parameters, analyzes computational cost, and re-
leases the data and code.

The methodological contribution is a reproducible evaluation proto-
col for online detectors under uncertain shock-boundary labels, rather
than a new detection algorithm. Since event boundaries are inferred
from the measured response, the protocol examines four alternative of-
fline references, a reference-light check on clearly separated normal and
shock samples, controlled noise injection, detector-parameter sweeps,
and replication across five runs. At the nominal settings, BOCPD > Iso-
lation Forest > CUSUM > EM is consistent across runs, whereas the rank-
ing of GM varies. These findings characterize which comparisons are re-
peatable under the stated conditions, without establishing a universally
optimal algorithm.

2. Experimental and detection methods

To evaluate the selected online detection methods in terms of speed
and computational efficiency, acceleration data collected from drop
tower experiments were used. The implementation code for these algo-
rithms is publicly available in an online repository [30]. The accelera-
tion data from the experiment can be found in an online repository [31].
For brevity, the main results and discussion focus on Test 1. Results
for the remaining tests (Tests 2-5) are included in the Appendix, and
Section 3.5 examines the consistency of the benchmark findings across
Tests 2-5. Additionally, a library implementation is available in a public
repository to facilitate future use of the algorithms [32].

2.1. Experiment setup

The experiment depicted in Fig. 2 was designed to simulate an impact
applied to an electronics package undergoing steady forced vibration, an
operating condition relevant to applications that require real-time shock
event classification [5]. This test setup was initially reported by Thomp-
son et al. [29], together with preliminary results on change point algo-
rithms for shock detection. To develop the desired conditions, the test
structure needed to vibrate in a steady state, and an impact force needed
to be applied at some point during the experiment. The click wheel actu-
ator was used to induce constant vibration in the printed circuit board
(PCB), while the shock test system supplied the impact. Although the
structure under test is a PCB, this setup replicates dynamic conditions
relevant to real-world active shock mitigation control applications and
enables reproducible evaluation of change point detection algorithms
for real-time shock detection.

The test subject was a PCB, which was fixed in a cantilever beam
configuration. An accelerometer was attached near the tip of the free
end to collect acceleration data throughout the experiment. To excite
the PCB, an actuator equipped with a click wheel was used. The actua-
tor was placed in a housing mounted on the drop table. A metal beam
was clamped to the fixed end of the PCB so that the free end of the beam
vibrated under the click wheel’s excitation, thereby transferring vibra-
tions to the PCB. Before data collection, the table was raised to a starting
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accelerometer

actuator housing
%

Fig. 2. Experimental setup: (a) entire shock test system, (b) top-down view of the drop table and PCB fixed to the mount, and (c) close-up of the experimental
components, including the motor with click wheel actuator, PCB, and accelerometer.

height. The experiment began with the actuator vibrating the PCB. After
a set period, the drop table and all mounted components were released
and dropped to the base level. The system was left undisturbed for a
short duration after impact to observe its response. Finally, data collec-
tion was stopped, and the experiment concluded. The data are provided
through an online repository [31], which includes raw and filtered accel-
eration data for each of the five experimental runs. The present analysis
uses the filtered data from Test 1, while evaluations for the remaining
filtered runs are provided in the Appendix and repeated with the settings
of the main text in Section 3.5.

2.2. Online detection methods

In this study, we focus on five representative online detection meth-
ods (BOCPD, CUSUM, EM, GM, and Isolation Forest), selected to span di-
verse detection principles and computational characteristics. Compared
with alternatives such as kernel-based methods, neural-network models,
or segmentation-based strategies, these methods offer a favorable bal-
ance of real-time performance, algorithmic diversity, and implementa-
tion accessibility. Importantly, each method can process streaming data
without requiring prior knowledge of the number of change points, mak-
ing the set suitable for evaluating practical real-time structural monitor-
ing approaches.

2.2.1. Bayesian online change point detection

Bayesian online change point detection (BOCPD) is an online change
point detection algorithm based on Bayesian inference. The model as-
sumes that the observation sequence consists of one or more parti-
tions, with all observations within a partition drawn from the same
distribution. Adjacent partitions are assumed to arise from different dis-
tributions; otherwise, they could be treated as a single partition. All
observations must belong to the same distribution family, although the
algorithm does not require a specific family in general. The implemen-
tation used here assumes a normal distribution with unknown mean and
variance. The algorithm requires some initial parameters for the model.
Generally, one may choose a naive model with no prior knowledge about
the data or a model with some amount of prior knowledge. The naive
approach was chosen for this model.

BOCPD was introduced by Adams and Mackay [33] and has subse-
quently been applied to satellite and traffic data [34]. The algorithm
uses the current observation together with information from the pre-
vious step to update predictions recursively, which improves computa-
tional efficiency. It requires an underlying predictive model (UPM), a
hazard function, and initial model conditions. The UPM is used to com-
pute p(X,|X_y; 0, = [, K, a, 1) for any i € [1,...,¢t— 1] at time ¢ [35].

This predictive Bayesian model uses the current run length to make
predictions. The hazard function A(r|4) describes the probability that a
change point occurs given the current run length r. The set 0 = [y, k, a, f]
contains the initial conditions for the UPM and therefore serves as the
algorithm’s hyperparameters. The values of § are assumed to be fixed
and known beforehand, although methods exist to estimate them when
they are unknown. Because appropriate hyperparameter selection is cru-
cial to BOCPD performance, estimating these values without compro-
mising the online nature of the algorithm would be beneficial. The goal
of BOCPD is to predict the most likely run length r at time ¢.

7(u, v) = NormalGamma(uy, kg, @, fy)

—K()T(IA—M())Z
o 790~ 1/2g=PoT g5 @
2 1K =X +1(X =)
p(X|pu,7) x 7'/ 2 (2)
A
- (X,»—X)2+2ﬂ0+7’(0rg)( ¥ )
p(u, 7| X) o /30712 z 3

Algorithm 1 assumes a Gaussian-Gamma prior as given in Eq. (1). Com-
bining this prior with the likelihood function in Eq. (2) yields the
Gaussian-Gamma posterior in Eq. (3).

_ KoHo t tX
T kgt
K=Kyttt
a=ay+1/2
- x4 KX = o)
P=hot XX = K7 /24 S5 @
P X ) = [ TEXONCE I X0 ®)

Finally, the predictive distribution in Eq. (5) can be evaluated in closed
form as a Student’s ¢ distribution, ST, (u, KTH g), as shown in Eq. (6),
with online Bayesian parameter updates from Eq. (4). For completeness,

the derivations can be verified from [36,37].

t 1 o2 1i50(X — p)?
Xg-p)= [T 5 —(X, - X+ — 2
XX ) _/T(ao+2ﬂo+2( =X
X N(X,|z, X)dr STy (1, ": ! 5) (6)

2.2.2. Cumulative summation

Cumulative Summation (CUSUM) is an algorithm used to detect
shifts in the mean level. Introduced by Page as a sequential procedure
for detecting a change in the distribution of a monitored process [38],
CUSUM is treated as a canonical online change detection method in



Z. Thompson et al.

Algorithm 1 BOCPD for detecting changes in a series of N observations.

Require: Choose hyperparameters; y =0,k =2,a=1,=1,A=2

prevMax = @, max = 0, rL = [0], ay;; = [al, Bo:; = [B], noi = [ul, k0. =
[x].
fory,sie 1 N do

hazard = A, priorsy.; = ST(x, &y ;, Bo-i» Ho:i» Ko:i)

probsy.; 1 =0, probsy.; = (probs.; + priors.;) - (1 — hazard),

probs, = Y. priorsg.; - hazard.
if prevM ax < max then
probs = [Y. probs], rL =
= [k].

else
Y;
i = [0+ @y + 0.5), f i = [B1+ (B + Lt

Ho:i1 = [Hl +(M>, Ko:ig1 = K]+ (ko ; + 1)
end if
cpProb = ST(x, &y: 41> Fo:i+1> Ho:ix15 K0:i1)
if cpProb < 0.05 then Y, is a change point
end if
end for

[0L, &y =lal, Bo:i =18l wmo:i =Lul,

the sequential-analysis literature [39]. The algorithm detects when a
sample statistic of the data has begun to shift noticeably instead of
when any specific point passes a threshold. Assume that the observa-
tions X; typically follow a normal distribution. Before a shock occurs,
X, ~ N(u;,0?%), where the mean u and variance ¢ are assumed known
a priori. After a possible shock begins, a new state mean y, is observed.
Statistical hypothesis testing can then be used to determine whether
the current state is typical or indicative of a potential shock. More
specifically, one can compute .S, = Z, , 8; for some sample size t where
s() = In(p,,, (X))/p,, (X)) is the log-likelihood ratio. These calculations
can then be used in Eq. (7) to decide if the latest observations suggest a
state of shock. The algorithm concurrently tracks positive (C;") and neg-
ative deviations (C;") of the mean estimate from the expected mean [40].
A change point is expected to have occurred if either deviation exceeds
a predefined threshold (H). The algorithm tracks the sample mean us-
ing a weighted average of the previous estimated sample mean and the
current observation. The differences are used to estimate the shifts in
mean level (Egs. (8) and (9)). This algorithm has the advantage that it
is sensitive to mean level shifts, so it can detect subtle anomalies that
may otherwise be missed.

0, C, < H ; Hyno shock
d1: (7)
1, C, > H; H, shock
where C; = S, —m, and m; = [S;]]_,_,.
D,
cr =max{0,C’+_] +“—2’[x,—D,—aD,/2]} (8)

_ _ aD,
C =max3 0,C, — —"[X, + D, +aD,/2]

where D, = (i, — py) and f, = aji,_; + (1 —a)X,. This variant of the
CUSUM algorithm is somewhat insensitive to K = §¢/2 and é = 1.0.

K+ S C+>H
po = {"1 ©)
K—F,c, >H

The algorithm is defined by the values of K and H. The parameter
K is a reference value determined by the shift in mean level that the
CUSUM algorithm is designed to detect. The parameter H is a thresh-
old selected to provide a long in-control average run length (ARL) while
maintaining a short out-of-control ARL. The conventional CUSUM al-
gorithm with K = 60/2 and H = 5¢ is optimal since it provides a good
balance between detecting a shift from the target mean and maximiz-
ing ARL. The algorithm can detect a shift of ¢ from the target mean
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when K = 66/2. By setting 6§ =1, K = 60 /2 = 6/2. These values of K
and H provide an algorithm with good ARL properties in the presence
of small shifts in the process mean. In this study, a threshold of H = 3¢
was adopted for the main benchmark; the sensitivity of the results to
this choice, over H € [l6,90], is quantified in Section 3.4. The CUSUM
procedure used in this study is summarized in Algorithm 2.

Algorithm 2 CUSUM for detecting changes in a series of N observations.

Require: Choose parameters: y =Y .o, 6 = S)z,mn, K=66/2,6=1,
a=0.025 '
1: Choose threshold H, e.g., H = 5c or H = 3¢
2: fori=1,...,N do

3 D=4 — ¥

4: Cf:max{O,Citl+a£ [ ,—aTD’]}
5: Ci—=max{0,ci‘_l—‘%[)’,+ ,+%]}
6: Hi=au;_ +1-a)Y;

7: if C > Hv C; > H then

8: Y, is detected as a change of state

9: SetCf=C; =0

10: end if

11: end for

2.2.3. Expectation maximization-based Gaussian mixture classification

Expectation Maximization (EM) is an iterative algorithm for
maximum-likelihood estimation in models with latent variables [41].
Strictly speaking, EM is a maximum-likelihood estimation algorithm
rather than a change point detector; in this work it is employed to fit a
two-component Gaussian mixture whose posterior responsibilities pro-
vide the online normal/shock classification of each sample. The abbre-
viation EM is retained hereafter for brevity, with this distinction un-
derstood. The implementation assumes that the underlying data follow
normal distributions and that the normal and abnormal states corre-
spond to distinct, separable components, as represented in Eq. (10).
Samples of data are provided for each of the distributions with param-
eters =1[6, = (u;,0,), 0, = (4y,0,), x]. The algorithm repeatedly com-
putes likelihoods (i.e., the responsibilities y;) for all of the points (the
samples for the distributions along with the unknown), followed by up-
dating the parameters for each distribution until either the parameters
or predictions stabilize. Once stable, the likelihood for the given obser-
vation is used to determine if it is a change point or belongs to Y, (i.e.,
shock state).

First, assume that all of the samples can be classified into one of a
finite set of classes. Then the likelihood of a sample in the sample vector
Y can be represented as a mixture:

Y = (1 - A)Y, +AY, (10)

where Y, ~ N(y,, 012) represents the normal-state distribution, Y, ~
N (py, a%) represents the abnormal-state distribution, and A € [0, 1] in-
dicates whether a random sample is abnormal. The samples are selected
to be representative of the population, so P(A = 1) = x, where r is the
proportion of abnormal samples. The corresponding mixture probability
density is given by Eq. (11):

gy () = (1 = m)pg, () + 7y, () 1D

where ¢,(x) denotes the normal probability density function. For a data
set of N points, the log-likelihood function can be written as follows:

N

16, 2) = Z In[(1 — 7)pg, (¥;) + 7wy, (¥))] 12
i=1

where 6 = [0, = (u;,06,),0, = (4, 06,), 7] denotes the model parameters

and Z denotes the observed data. Direct maximization of Eq. (12) is

difficult. Introducing the latent variable A;, with A; = 1 for observations
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assigned to Y, and A; = 0 otherwise, yields the complete-data likelihood
in Eq. (13); the corresponding posterior responsibility is estimated using
Eq. (14).

N

1(6:4,2) = Z [(1 = A In[(1 — 7y, (¥)] + A, In[z g, (¥)]] (13)

i=1
vi0)=E(A;16,2)=P(A;=110,2) (14)

The EM-based Gaussian mixture classification procedure used in this
study is summarized in Algorithm 3.

Algorithm 3 EM for detecting two mixtures in a series of N observa-
tions.

Require: Two classes of observations
N(Y1:70»S)2/1:70)’X71:100 ~ N(100,20%),Y;]

1: Initialize parameters, © = (u,, u,,0,,0,,7) (alternatively from
X1:100)

2: forY,>iel: Ndo

3: forjel:11do

X100 = [X1:70 ~

AP, 62)

4: Y, ~ N(fip.6)) =
P N ) = e + (= D 1.5

5: end for

I A-p NG DY)
T N NGy T
g 2 o TSN G S )
’ 1 TN (=p(Yi~N(f12,62))
N, pYi~N(f13,82))

N pi~N (. 82)Y,;

N pYi~N(13,62))
52 = T Y~ N 6D) (V=)
’ 2 SN, p(i~N(fi2,62))

6:

>

7= .
N
8: if p(Y; ~ N(j,, &g)) > 0.01 then Y; is a change of state
9: end if
10: end for

2.2.4. Grey systems model

The Grey Systems Model (GM) used here is a clustering algorithm
based on Grey theory [42]. Grey system theory was introduced in 1982
and has since become a common approach for studying and modeling
systems whose structure or operating mechanisms are not completely
known [43]. In Grey theory, grey information refers to incomplete in-
formation about a system. Unknown values can be represented by Grey
numbers, denoted by the symbol ®, which describe ranges of possi-
ble values. Grey theory also defines properties and operations for these
numbers, including the core (or kernel) of the number ®, the degree of
greyness g°, and the whitenization of a grey number. The latter opera-
tion represents a grey number as a finite interval describing its possible
values [44]. For clustering problems, Grey indices are utilized with in-
tuitive, equal-length vector comparisons using aggregate sum and abso-
lute value difference sequences. A sequence of nonnegative observations
XO = (xO1),x0Q),...,xD(n)) is collected from a stochastic process
(original series). The sequence X = (x(V(1), x(D(2), ..., x(D(n)) is an ac-
cumulation sequence derived from the values of X and computed as
in Eq. (15). Subsequently, Z() = (z(1(2), z0(3), ...,z (n)) is the mean
sequence of XV and is generated using Eq. (16).

k
Dy = Y x0) (15)
i=1
xWD(k = 1) + xD(k)
2
The image sequences are calculated using Eq. (17), while Eq. (18) de-
fines the absolute difference image sequence and Eq. (19) defines the
relative difference image sequence. Finally, the Grey indices ¢ are ob-
tained in Eq. (20) where the condition € > p is checked for a change
point. For a simpler approach, Algorithm 4 uses only absolute differ-
ences s and checks if s > (1 — p)/p for a change point.

zWk) = WVk=23,....n (16)

n—1
sl =1 Y, 200+ 2200) a7
k=2
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n—1

0= 12000 - k=Dl + S0 = 2= 1) as)
n=11.0 0 ( RN |
120(k) = 20k —1)| 1 1z;(n) = z;(n = D) o
= 5 ,e= 1 19
S, /; z?(0)+c 2 z?(0)+c c=x"(1) 19)
€= 50y . (20)
2(1+ps)  2(1 + ps,)

Algorithm 4 GM based on grey indices for comparing windows in a
series of N observations.
a = 0.5, window = 4, p = 0.05
fori=1;i < N do
Xl:windaw = O! Zl:window =0
for j =1, < window + 1 do
X, =Y, +X;,Z =aX;+(1-)X,

end for
s =0
for j =1;j < window + 1 do
s+ =1Z;-Z;_|
end for
s+ = 0.51Zindgow = Zuvindow—11
if [(1 — p)/p] < s then Y; is a change of state
end if
end for

Each online detection method was run on the acceleration data from
a test, and the predicted change points were recorded for evaluation.
The methods were then compared with the offline baseline using the
performance metrics defined below.

2.2.5. Isolation forest

Isolation Forest was included as a machine-learning method for com-
parison with the statistical online detection approaches. Isolation Forest
is a useful algorithm for identifying anomalies in a dataset. The algo-
rithm works on the assumption that anomalies within a sequence are
rare and different from normal observations [45]. The algorithm has
two stages. In the first step, the algorithm takes a subset of normal and
abnormal data, with more normal than abnormal samples, and inserts
each element into a tree so that each item is its own leaf. Essentially,

function ISOLATIONFOREST(k, d)
training data.
<[]
for0...k do
s « SAMPLE FROM(d)
tyew < ISOTREEHELPER(s)
t.append(?,
end for
return ¢
end function
function ISOTREEHELPER(s)
f < CHOOSE FEATURE(s)
if CANPARTITION(s.f) then
p < PARTITIONFEATURE(s. /)
left « s[s.f < p]
right < s[s.f >= p]
treej,r; < ISOTREEHELPER(/eft)
tree,;,p, < ISOTREEHELPER(right)
return (treey, 7, tree,;op,)
else
return ¢
end if
end function

> Number of starting trees,

new)

> Batch of samples
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Fig. 3. Acceleration signal with zoomed-in regions at the beginning and end of the record.

the samples are partitioned recursively until each sample is isolated from
the others. It isolates observations by randomly selecting a feature and
splitting its values so that items above and below the chosen splitting
value are placed into different sub-trees. The second stage is prediction.
An input value is sent along the tree until it reaches a leaf node, marking
the end of the path. Anomalies will tend to have shorter path lengths
than normal values, so the path length is used for detecting whether or
not an item is anomalous.

2.3. Data preparation

The methods required different input formats, so the acceleration
data were transformed accordingly. For example, BOCPD accepts raw
data and processes one observation at a time, whereas GM uses a win-
dow of nonnegative input values. Each model required hyperparameters
to be set before use. These hyperparameters affect model performance
by encoding prior assumptions about the data. Generally, the hyperpa-
rameters describe the assumed mean and distribution of the data. EM
and Isolation Forest draw random training samples at initialization, so
their results vary between runs. For the clean-signal benchmark and
parameter-sensitivity analyses, their reported metrics are averaged over
three runs using recorded random seeds (1-3). The detection figures
show the run whose F1 score is closest to the corresponding mean. In the
noise-sensitivity analyses, each independently generated noise realiza-
tion is evaluated once with a recorded seed, as described in Section 3.3.
BOCPD, CUSUM, and GM are deterministic.

An example of the signals collected is shown in Fig. 3. The plot shows
the system response to the impact. The accelerometer recorded a peak
acceleration of approximately 187 m/s2. There is a transient response
lasting approximately 100 ms. The peak acceleration is orders of magni-
tude higher than the steady state. Fig. 3 illustrates this difference. The
steady-state response has an average peak acceleration of 1.5 m/s2. The
difference is so stark that the steady-state response appears nonexistent.
The structural responses at the beginning and end of the experiment run
appear similar. This implies that the system was no longer in a state of
shock by the end of the experiment.

Fig. 4 shows the power spectral density (PSD) for different regions
of the signal. Fig. 4(a) shows the PSD for the region before the impact.
Fig. 4(b) shows the region encompassing the impact and initial response.
Fig. 4(c) shows the region after the impact towards the end of the ex-
periment. The subplots show that there were three major modes for the
structure at about 200, 750, and 1,900 Hz. The lower two modes are
highly excited by the impact, as shown in Fig. 4(b). The third mode
shows some excitation, but the level is low compared to the initial en-
ergy level shown in Fig. 4(a). A comparison of Fig. 4(a) and (c) indicates
that the modal response had returned to its baseline excitation level,
suggesting that the test structure was not permanently damaged.

Fig. 5 presents the spectrogram of the signal shown in Fig. 3. The
spectrogram shows the initial excitation caused by the vibration actua-

tor. The impact led to high excitation of two of the modes of the struc-
ture. The energy dissipates over time, returning to the steady excitation.
The impact causes modal excitation without permanently affecting the
modes of the system.

2.4. Ground truth establishment

A ground-truth reference was required to compare the performance
of the online detection methods. An offline detection method was used
to establish this reference because offline approaches can process the
complete signal and the experiment contained a single shock event. The
method was applied to the absolute value of the signal to identify two
breakpoints. The absolute-value representation was selected because it
improved the offline method’s boundary detection. The online methods
likewise required different input transformations and formats.

The shaded regions in Fig. 6 show the ground truth. The start of the
shock was defined as the first point at which the signal envelope ex-
ceeded the baseline level of data known to be safe. The envelope was
calculated as the maximum of absolute values for a window of recent
data (max(|x|)). For this study, the shock start was marked by the first
time that the envelope for a window equaled or exceeded twice the
value of the average envelope for data known to be safe. The end of the
shock event was defined as the last observation that was greater than or
equal to some percentage of the peak of the shock event. For this signal,
the end of the shock event is marked as the last point that was greater
than the baseline envelope value. The calculated start time of the shock
was 141.242 ms, and the stop time for the shock event was 296.730 ms.
The calculated times were used to define the normal and abnormal re-
gions. The regions before and after the shock event were considered
normal, whereas the shock interval was considered abnormal. These re-
gions were used as a baseline to evaluate the aforementioned change
point algorithms.

Because every reported metric is computed relative to this offline
reference, the sensitivity of the evaluation to the choice of reference
must be quantified. Three additional offline CPD methods from the rup-
tures library [46] were therefore applied to the same signal: binary seg-
mentation, bottom-up segmentation, and dynamic programming, each
with a rank cost function and two breakpoints. To make the dynamic-
programming search tractable at 400,000 samples, the absolute signal
was max-pooled by a factor of 100 before segmentation and the result-
ing breakpoints were mapped back to the original sample indices; max-
pooling preserves the signal envelope on which the shock boundaries
are defined. Table 2 lists the boundaries produced by all four methods:
the estimated shock onset agrees to within approximately 4 ms and the
shock end to within approximately 32 ms. Table 3 reports each online
algorithm’s metrics as the mean + standard deviation across the four
references. The absolute scores shift moderately, chiefly because the
segmentation-based references place the shock end earlier and thereby
shorten the abnormal region, but the ranking of the five methods by
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Fig. 4. Power spectral density of separate regions of the acceleration data: (a) Before the impact, (b) During the impact, and (c) After the impact.
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Fig. 5. Spectrogram of lower frequencies of acceleration data in kHz.
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Fig. 6. Ground-truth shock and non-shock regions.
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Table 2
Shock boundaries estimated by four alternative offline refer-
ence definitions from the same acceleration record (Test 1).

method shock start (ms)  shock end (ms)
envelope (Section 2.4) 141.242 296.730
binary segmentation 137.500 269.500
bottom-up segmentation 141.500 265.000
dynamic programming 137.500 269.500

Table 3

Online algorithm metrics as mean =+ standard deviation across the four of-
fline reference definitions of Table 2 (EM and Isolation Forest: mean of three
runs).

algorithm precision recall F1 score detection delay (ms)
BOCPD 1.000 £ 0.000 0.496 +£0.047 0.662 +0.043 2.08 +2.24
CUSUM 1.000 £ 0.000 0.287 £0.027 0.446 £0.033 238 +2.24
EM 1.000 +0.000 0.180+0.017 0.305+0.025 3.14 +2.24
GM 0.977 £0.001 0.336 +0.032 0.499 +0.035 1.71 +1.86

Isolation Forest 1.000 +0.000 0.398 +0.038 0.569 +0.039 2.23 +2.24

Table 4

Reference-light scores on separated pre-impact and early post-onset samples:
false-alarm rate before impact and hit rate in the first 10 ms after estimated
onset (in percent; EM and Isolation Forest: mean of three runs).

metric algorithm test1 test2 test3 test4 testS

false-alarm rate (%) BOCPD, CUSUM, EM, IF 0.0 0.0 0.0 0.0 0.0

GM 0.6 0.6 1.9 3.5 5.7
hit rate (%) BOCPD 97.2 921 895 875 881
CUSUM 80.5 719 73.0 726 725
EM 41.1 38.0 40.7 403 40.1
GM 89.6 835 949 56.8 614
Isolation Forest 859 815 772 766 76.6

F1 score (BOCPD > Isolation Forest > GM > CUSUM > EM) is identical
under every reference. The F1 ranking is unchanged across these tested
reference definitions, although absolute scores vary; none constitutes
instrument-independent physical ground truth. The envelope-based ref-
erence is retained for the remainder of the paper. The same invariance
holds on each of Tests 2-5 (Section 3.5).

The delay standard deviations are dominated by the ~4 ms offset
in the onset estimated by the segmentation-based references; under any
single reference the relative ordering of the delays is preserved.

The offline reference and online predictions are derived from the
same acceleration record, so an independent physical ground truth is un-
available. As an additional, reference-light check, we scored only sam-
ples more than 5 ms before the earliest estimated shock onset (normal)
and the 10 ms following the latest estimated onset (shock). Table 4 re-
ports results for all five tests. BOCPD, CUSUM, EM, and Isolation Forest
produced no false alarms in the selected pre-impact regions, whereas GM
flagged 0.6-5.7% of these samples. By hit rate minus false-alarm rate,
BOCPD > Isolation Forest > CUSUM > EM on every test for the 10 ms
window; shortening that window to 5 ms reverses the CUSUM/EM order
on Tests 2-5. This check reduces dependence on the estimated shock-end
boundary but does not remove all dependence on the acceleration-based
onset estimates. The absence of independent impact timing remains a
limitation (Section 3.7).

3. Performance analysis

This section first presents the per-algorithm results on Test 1 (Sec-
tion 3.1) and their quantitative comparison (Section 3.2). It then exam-
ines noise robustness (Section 3.3), parameter sensitivity (Section 3.4),
and consistency across five experimental runs (Section 3.5), followed by
computational cost and runtime (Section 3.6) and practical deployment
limitations (Section 3.7).
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Table 5

Metrics for online change point detection algorithms on Test 1. EM and
Isolation Forest values are the mean of three runs with recorded random
seeds (Section 2.3).

Algorithm Accuracy Precision Recall F1 score Detection Delay (ms)
BOCPD 0.778 1.000 0.430 0.602 0.277
CUSUM 0.708 1.000 0.249 0.399 0.576
EM 0.672 1.000 0.156  0.270 1.332
GM 0.722 0.978 0.292  0.449 0.208

Isolation Forest 0.746 1.000 0.345 0.513 0.422

3.1. Per-algorithm results

Fig. 7 shows the predicted regions for BOCPD. The algorithm cor-
rectly identifies most of the high-magnitude sections of the shock re-
gion with minimal false positives. The shock is detected slightly late,
and detection terminates prematurely. Late detection is a known limita-
tion of online CPD methods, such as BOCPD, which require accumulated
evidence before confirming a change point [47].

The predictions for CUSUM are shown in Fig. 8. The CUSUM al-
gorithm produced few false positives before and after the shock. The
CUSUM algorithm identified the region of shock well, with some dis-
persed false negatives among the predictions. The algorithm also re-
ported anomalies well into the later section of the shock region. The
CUSUM algorithm is sensitive to shifts in the mean level, so that sensi-
tivity is the likely source of the behavior of the algorithm with the lower
magnitude acceleration.

Fig. 9 shows the detected regions for the EM algorithm. The EM al-
gorithm correctly identifies the high-amplitude sections of the shock re-
gion, but fails to recognize the adjacent, low-amplitude regions as part
of the same region. The EM algorithm compares predicted Gaussian dis-
tributions to determine the correct classification. Because the algorithm
uses raw acceleration values for classification, each prediction depends
primarily on the current value and does not incorporate neighboring
observations.

Fig. 10 shows how the GM performed. The model predicted shock
at about the same time as the other models. Once the shock occurred,
there was little time during the shock event during which the model
stopped detecting the shock event. This model continued to predict that
a shock was in effect nearly 100 ms later. The model is likely responding
to differences in amplitude and shape.

Fig. 11 shows the detection performance of the Isolation Forest
model. The method identifies abnormal data effectively and performs
comparably to BOCPD and CUSUM. Its measured runtime is closer to
that of the lightweight statistical methods than to BOCPD. CUSUM re-
quires only the mean and variance of the normal data, assuming that
the process remains statistically consistent over time, while BOCPD can
also operate with comparatively weak prior information.

3.2. Algorithm metric comparison

The radar chart in Fig. 12(a) illustrates the metric scores collected for
the online change point detection algorithms. BOCPD, GM, and Isolation
Forest have good F1 scores, with BOCPD having the best of the set. The
strong standing of BOCPD is consistent with the benchmark study of
van den Burg and Williams, which found BOCPD to be among the best-
performing methods across 37 annotated real-world series [27]. This
suggests that the three models achieved a comparatively good balance
between detecting normal and abnormal states. All of the models had
high precision values. This implies that the models were conservative
in their detection of abnormal events. BOCPD, GM, and Isolation Forest
had the shortest delay times between the start of the shock event and
their first reported abnormal detection.

Table 5 summarizes the metrics collected for each detection method.
These metrics provide complementary perspectives on performance by
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Fig. 7. Detected regions from BOCPD.
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Fig. 8. Detected regions from the CUSUM algorithm.
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Fig. 12. Radar and bar chart for metrics of algorithms on signal 1. (a) shows a radar chart comparing accuracy, precision, recall, and F1 score. (b) shows a bar chart
comparing the detection delay between the start of the shock event and the first detection of shock after shock onset.

quantifying both how accurately each method identifies the shock state
and how quickly it first detects the event. We include a metric called
detection delay, which defines the time difference between the starting
time defined by the ground truth and the first true positive detection.
This metric is identical to the “time-elapsed” illustrated in Fig. 12(b).
This value represents the time delay between first encountering the
shock event and detection. A small delay is only meaningful in combina-
tion with high precision: an algorithm that raises frequent false alarms
trivially records a near-zero delay, since some alarm is almost surely
active at the true onset. This caveat becomes relevant for GM under the
noise conditions examined in Section 3.3.

3.3. Noise sensitivity

Laboratory signals are substantially cleaner than measurements ob-
tained on large full-scale structures, so the influence of measurement
noise on the benchmark conclusions must be quantified. Zero-mean
white Gaussian noise was added to the Test 1 signal at signal-to-noise ra-
tios (SNRs) of 40, 30, 20, 10, 5, and 0 dB, where the SNR is referenced to
the root-mean-square amplitude of the pre-shock steady-state response
(0.434 m/s%); at 0 dB the injected noise power therefore equals that of
the monitored steady-state vibration itself. Five independent noise real-
izations were generated per level, all algorithms were re-run with un-
changed hyperparameters (EM and Isolation Forest once per realization,
each run with its own recorded seed, so that their spread combines noise
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and training-sample variability), and all metrics were evaluated against
the ground truth of the clean signal, since the shock boundaries are a
property of the event rather than of the measurement. Fig. 13 presents
the F1 score, precision, and detection delay as mean + one standard
deviation over the realizations.

Four of the five methods are remarkably insensitive to the injected
noise. Across the entire range from 40 dB down to 0 dB, the mean F1
score of BOCPD varies only from 0.602 to 0.597, CUSUM is constant at
0.398-0.399, and EM (0.274-0.276) and Isolation Forest (0.512-0.516)
remain within their run-to-run variability; the precision of all four is
1.000 at every level. The mechanism is straightforward: these methods
employ fixed statistical thresholds calibrated far above the steady-state
amplitude, while the shock response exceeds the steady state by more
than two orders of magnitude, so even noise of steady-state magnitude
does not bridge the margin. GM behaves differently: its precision de-
grades monotonically from 0.970 at 40 dB to 0.883, 0.718, 0.587, 0.561,
and 0.539 at 30, 20, 10, 5, and 0 dB, respectively, accompanied by large
realization-to-realization variability (F1 standard deviation up to 0.207
at 20 dB). The F1 score of GM nevertheless remains nominally high
across all levels, because the loss of precision is offset by a simultaneous
inflation of recall (from 0.52 at 40 dB to 0.88 at 0 dB) as the detector
fires increasingly indiscriminately; the precision panel of Fig. 13 there-
fore carries the diagnostic information for this method. Even the mildest
injected noise (40 dB, one percent of the steady-state amplitude) shifts
GM away from its clean-signal operating point, raising its recall from
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Fig. 13. Noise sensitivity of the five methods on Test 1: F1 score, precision, and detection delay versus SNR, shown as mean =+ one standard deviation over five noise
realizations per level; the clean-signal values of Table 5 are included at the left of each axis (marked oo) for reference. Noise severity increases to the right.

Table 6

Operating conditions of the five experimental runs and spread of the four alternative offline reference definitions
of Section 2.4. The last column gives the largest standard deviation of any algorithm’s F1 score across the four

references.
test  peak (m/s?) steady-state RMS (m/s?) peak/RMS shock duration (ms) onset spread (ms) max F1 std
1 186.8 0.434 430 155.5 4.0 0.043
2 141.3 0.456 310 154.0 3.0 0.024
3 138.0 0.950 145 105.3 2.6 0.007
4 135.3 0.873 155 105.5 2.6 0.005
5 134.4 0.567 237 105.8 3.0 0.006
Table 7

0.29 to 0.52, which explains the offset between its clean-signal F1 score
of 0.449 and its nominal scores under noise. Because the grey-index
statistic of GM responds to the local shape of short data windows, it re-
acts to the noise texture itself and increasingly raises false alarms as the
SNR decreases; its apparent zero delay at low SNR is an artifact of this
false-alarm behavior, as discussed in Section 3.2. The performance or-
dering of the remaining algorithms is unaffected by noise at every level
examined. Section 3.5 shows that this behavior is reproduced on all five
tests.

3.4. Parameter sensitivity

Any benchmark of heterogeneous algorithms is potentially biased by
implementation and parameter choices. To bound this effect, the prin-
cipal detection parameter of each algorithm was swept on the Test 1
signal with all other settings unchanged: the BOCPD hazard timescale
A€ {2,10,100,1000}, the CUSUM threshold H € {1,3,5,7,9} (in units
of ¢), the EM mixture prior = € {0.5,...,0.9}, the GM window size
w € {4,10,50,100,500}, and the Isolation Forest contamination frac-
tion ¢ € {0.01,0.05,0.1,0.2,0.3,0.5}. Fig. 14 summarizes the resulting F1
scores.

Four observations follow. First, the BOCPD configuration reported
in the main benchmark is optimal within the swept range: 4 = 2 attains
F1 = 0.602, whereas 4 = 10, 100, and 1000 attain 0.507, 0.513, and 0.535,
respectively. Second, no parameter choice changes the standing of EM:
for a given random draw of its training samples, EM yields identical
scores at every swept value of z, because = only initializes the mix-
ture weight, which the first EM update replaces with the weight esti-
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Clean-signal metrics of the five algorithms on all five tests under the common
protocol. EM and Isolation Forest values are the mean of three runs (run-to-run
standard deviation of the F1 score at most 0.035). The Test 1 column repeats
Table 5; Tables A.1-A.4 in the Appendix give the same values for Tests 2-5
together with accuracy and recall.

metric algorithm test1 test2 test3 test4 test5
F1 score BOCPD 0.602 0.537 0.608 0.613 0.611
CUSUM 0.399 0.344 0.410 0.416 0.413
EM 0.270 0.232 0.277 0.282 0.277
GM 0.449 0.512 0.760 0.183 0.248
Isolation Forest 0.513 0.447 0.506 0.507 0.509
precision BOCPD, CUSUM, EM, IF  1.000 1.000 1.000 1.000 1.000
GM 0.978 0.981 0.929 0.585 0.564
detection delay (ms) BOCPD 0.277 0.323 0.298 0.370 0.368
CUSUM 0.576 1.273 1.083 1.141 1.138
EM 1.332 1.236 1.043 1.099 1.096
GM 0.208 0.603 0.133 0.792 0.801
Isolation Forest 0.422 0.507 0.801 0.865 0.856

mated from the well-separated training samples. The F1 score of EM
therefore varies only with the training draw (0.247-0.290 across the
three seeds on Test 1, mean 0.270), indicating that the modest F1 of
EM is a structural consequence of classifying raw acceleration values
rather than an artifact of parameter selection. Third, the two remain-
ing methods exhibit genuine trade-offs. For CUSUM, precision remains
1.000 across the entire sweep while the F1 score decreases monotoni-
cally from 0.535 at H =1 to 0.264 at H = 9; the conventional setting



Z. Thompson et al.

Table 8

Results in Engineering 32 (2026) 113798

Space and time complexity for different algorithms. n is sequence length, k is total size of samples,

w is window size.

algorithm time complexity =~ space complexity  time resources (s) = memory resources (MiB)
BOCPD o(n*)x O(n) 79.225 15.44
CUSUM O(n) o(1) 1.100 0.004917
EM O(kn) O(k) 6.394 10.73
GM O(wn) O(w) 1.860 3.887
Isolation Forest O(nlog, k) O(k) 23.213 33.62
|+ F1 score =@~ precision Test 1 Tests 2-5 ===+» benchmark value
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Fig. 14. Sensitivity of the F1 score (solid, filled markers) and precision (dashed, open markers) to the principal detection parameter of each algorithm. Thick lines
show Test 1, for which the error bars of EM and Isolation Forest give one standard deviation over three repeated runs per setting; thin lines show Tests 2-5 (EM and
Isolation Forest: mean of three runs per setting). Vertical dotted lines mark the values used in the main benchmark (1 =2, H =3, 7 = 0.7, w = 4, and ¢ = 0.201).

H =3 used in the main benchmark (F1 = 0.399) is therefore conserva-
tive, and a practitioner willing to tolerate a tighter threshold can obtain
higher recall at no observed cost in precision on this data. For GM, the
window w = 4 used in the main benchmark yields a balanced detector
(precision 0.978), w = 10 trades precision for recall (0.619 and 0.927),
yielding a higher F1 score of 0.742, but with a substantially higher
false-alarm risk than at the nominal setting, and all windows w > 50
collapse to near-constant alarming (precision = 0.39, recall ~ 1.0), mir-
roring the fragility observed in the noise study. Fourth, Isolation Forest
maintains unit precision across the entire contamination range; its mean
F1 score over three runs per setting increases monotonically from 0.106
at ¢ =0.01 to 0.674 at ¢ = 0.5, driven entirely by the fraction of the
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shock region that exceeds the anomaly-score threshold. The run-to-run
variability from the random training samples and tree construction is
small (standard deviation < 0.040 at every setting except ¢ = 0.1, where
it reaches 0.063), and the swept value nearest the benchmark setting
¢ =0.201 attains F1 = 0.513, in the middle of the swept range, con-
firming that the algorithm was neither advantaged nor disadvantaged
by this choice. Overall, the nominal-setting comparison is repeatable
across experimental runs, but the cross-algorithm ranking is parame-
ter dependent: GM and Isolation Forest can exceed the nominal BOCPD
F1 score at other settings, with differing precision-recall trade-offs. The
thin lines in Fig. 14 show that each of these observations is reproduced
on Tests 2-5 (Section 3.5).
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Fig. 15. Results across the five experimental runs: (a) clean-signal F1 score and (b) precision for each test, with EM and Isolation Forest shown as mean + one
standard deviation over three runs; (c) F1 score and (d) precision versus SNR, where each line is the mean over Tests 1-5 of the per-test mean over noise realizations
and the shaded band spans the minimum to maximum across tests. The clean-signal values are included at the left of the SNR axes (marked o).

3.5. Consistency across experimental runs

To assess repeatability, the benchmark was applied to Tests 2-5 us-
ing the same preprocessing, envelope reference, parameters, and five
algorithms as for Test 1. Across the five runs (Table 6), peak accelera-
tion ranges from 134 to 187 m/s?, pre-shock RMS vibration from 0.43 to
0.95 m/s?, and shock duration from approximately 105 to 155 ms. EM
and Isolation Forest results are averaged over three runs. For Tests 2-5,
noise robustness was evaluated at the same SNR levels using three real-
izations per level, with one EM and one Isolation Forest run per realiza-
tion.

Table 7 and Fig. 15(a,b) show that BOCPD achieved the highest
F1 score on four of five tests (0.537-0.613), with detection delays of
0.28-0.37 ms. The nominal-setting order BOCPD > Isolation Forest >
CUSUM > EM held on all tests, and these four methods maintained pre-
cision of 1.000. In contrast, GM varied substantially (F1: 0.183-0.760;
precision: 0.564-0.981), ranking first on Test 3 and last on Tests 4
and 5.

The robustness analyses also show similar trends across runs. First,
the four offline references locate shock onset within 4 ms on every test
and preserve the per-test F1 ranking; the largest reference-dependent F1
standard deviation on Tests 2-5 is 0.024. Second, under injected noise
down to 0 dB (Fig. 15(c,d)), BOCPD, CUSUM, EM, and Isolation For-
est retain precision of at least 0.998, whereas GM precision decreases
markedly on every test. Third, the parameter sweeps (Fig. 14) identify
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A =2 as the best tested BOCPD setting on all five runs, show decreas-
ing CUSUM F1 with increasing H, and reveal strong dependence of GM
on its window length. Isolation Forest maintains unit precision but im-
proves its F1 score as the contamination setting increases. These trends
are repeatable across the available runs, although absolute scores and
GM'’s ranking vary.

3.6. Computational cost and runtime

One metric not included in Table 5 is the time required for each al-
gorithm to process the data. Runtime depends on algorithmic complex-
ity, available computing resources, and implementation details, among
other factors. To support a more general comparison, the theoretical
time complexity of each method is also considered.

Theoretical and experimental resource usage are shown in Table 8.
The resource measurements were collected for 400,000 points of data.
Fig. 16 plots asymptotic running time versus sequence length » on log-
log axes. The solid curves show BOCPD with O(»?) scaling and CUSUM
with O(n). Shaded bands depict parameter-dependent linear regimes:
EM O(kn) with k € [103,10°], GM O(wn) with w € [10, 10*], and Isola-
tion Forest inference O(n log, k) with k € [10%, 10°]. Bandwidths indicate
how constants grow with k and w, while slopes reflect the dominant de-
pendence on n.

With fixed internal sample or window sizes, all methods except un-
truncated BOCPD scale linearly with sequence length. Each additional
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Fig. 16. Scaling of computational cost with sequence length »n on log-log axes. Here n is the sequence length, k is the total size of samples, w is the window size.

observation therefore adds approximately constant computational work,
and the required memory can be bounded independently of the total
sequence length. Untruncated BOCPD has higher computational com-
plexity because the model retains additional run-length hypotheses as
new observations arrive. However, the retained history can be period-
ically truncated so that the total number of model parameters remains
below a prescribed upper bound [33], making bounded-memory online
deployment feasible. The measured time and memory usage are broadly
consistent with the theoretical complexity trends and provide a snapshot
of the relative computational cost of the methods. Because the measure-
ments were obtained from Python implementations on a single com-
puter, they are most appropriate for relative comparison rather than as
absolute deployment benchmarks. These desktop Python measurements
are not an embedded-hardware validation. The observed mean process-
ing times are approximately 2.8, 4.7, 16, 58, and 198 ps per sample
for CUSUM, GM, EM, Isolation Forest, and untruncated BOCPD, respec-
tively, exceeding the 1 ps interval at 1 MS/s. Thus, none of these imple-
mentations was demonstrated to operate at the acquisition rate. Fixed-
size versions of CUSUM, GM, EM, and Isolation Forest have bounded
per-sample state; BOCPD requires run-length truncation. Embedded la-
tency, memory, and energy measurements remain future work. Isolation
Forest, which is trained offline and then used for online inference, has an
inference time complexity of O(nlog, k) and a training time complexity
of O(k log, k).

3.7. Applicability and limitations in real deployments

The preceding analyses delimit the conditions under which the
benchmarked methods can be expected to transfer to field deployments.
First, all five methods require a modest amount of trusted statistical
information at start-up: initialization of the mean and variance of the
normal response, or, for EM and Isolation Forest, small samples repre-
sentative of the normal and abnormal states. In practice this can be pro-
vided by a short guarded acquisition period after installation. Second,
threshold-type parameters must be selected without labeled shock data;
the parameter study of Section 3.4 shows method-dependent sensitivity,
including substantial F1 changes for GM and Isolation Forest; conser-
vative CUSUM thresholds preserve high precision but reduce recall on
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these tests. Third, the noise study of Section 3.3 shows that threshold-
based methods retain their performance even when broadband noise
reaches the amplitude of the monitored steady-state response, whereas
window-shape-based methods such as GM require noise-aware retuning
of their window and critical values before field use. Fourth, the complex-
ity analysis of Table 8 shows that the per-sample cost and memory of all
methods except untruncated BOCPD are bounded independently of the
record length, a necessary condition for deployment on microcontroller-
class hardware; validation on such hardware was not part of this study.
Several limitations remain. The injected noise was white and Gaussian,
whereas operational noise on full-scale structures is typically colored
and non-stationary; extending the benchmark to measured field-noise
models is identified as future work. All analyses were repeated on the
five available runs of a single test article (Section 3.5); the dataset
provides no instrument-independent measurement of the impact time,
which Section 2.4 addresses by an evaluation on well-separated pre-
impact and early-impact samples; and the experiments consider a single
shock event superimposed on stationary forced vibration, so multi-event
scenarios and slowly evolving damage remain outside the present scope.

4. Conclusion

This study benchmarked five online detection methods: BOCPD,
CUSUM, EM-based Gaussian mixture classification, GM, and Isolation
Forest, for structural shock detection using 1 MS/s acceleration data
from drop-tower experiments. On the representative Test 1 signal,
BOCPD provided the best overall balance of detection accuracy and re-
sponsiveness, with an F1 score of 0.602, precision of 1.000, and a detec-
tion delay of 0.277 ms. Isolation Forest achieved the second-highest F1
score (0.513) with a delay of 0.422 ms (means of three runs). GM pro-
duced the shortest clean-signal delay (0.208 ms), but its lower precision
and reduced robustness under noise limit the value of that speed advan-
tage. CUSUM and EM were conservative, maintaining high precision but
exhibiting lower recall.

The robustness analyses show that the nominal-setting comparison
is repeatable across five experimental runs and four alternative offline
reference definitions, and is stable to the tested white-noise perturba-
tions; parameter sweeps reveal changes in the cross-algorithm ranking.
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The F1-score ranking remained unchanged across the four tested refer-
ence definitions, which are all derived from the measured acceleration.
BOCPD, CUSUM, EM, and Isolation Forest maintained near-unit preci-
sion (at least 0.998 across the five tests) under additive white Gaus-
sian noise down to 0 dB relative to the steady-state response, whereas
GM precision decreased from 0.970 at 40 dB to 0.539 at O dB. The pa-
rameter sweeps identified the nominal BOCPD setting as its best tested
configuration, while showing that CUSUM recall decreases with stricter
thresholds, EM results do not change with its mixture prior, and Isolation
Forest F1 increases with the contamination fraction while retaining unit
precision. GM is particularly sensitive to its window size; parameter-
dependent improvements in F1 do not guarantee comparable false-alarm
behavior. Together, these results provide a more robust basis for com-
paring the methods than a clean-signal benchmark alone. Across the
five runs, BOCPD led on four, while the nominal-setting order BOCPD >
Isolation Forest > CUSUM > EM remained consistent; GM’s rank varied.

Overall, the results support the use of lightweight online detection
methods for structural health monitoring and indicate their algorithmic
suitability for edge deployment, but they do not identify a universally
optimal detector. Practical implementation still requires representative
initialization data and application-specific parameter selection. Untrun-
cated BOCPD incurs increasing computational cost, EM can miss lower-
amplitude portions of a shock because it classifies raw acceleration val-
ues, and GM requires noise-aware tuning. The present study is also lim-
ited to one structural configuration and shock type; the injected noise
is white and Gaussian, all five experimental runs were obtained on a
single test article, and the computational measurements were made on
a desktop computer rather than on embedded hardware. Future work
should therefore evaluate measured colored and non-stationary field
noise, multiple or repeated shock events, additional structures and load-
ing conditions, and embedded implementations with bounded compu-
tational resources.
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Appendix A.

The dataset used in this study contains five tests in total [31]. The
main text analyzes Test 1 (Figs. 7-11). The following subsections pro-
vide per-signal detection outputs and summary metrics for Tests 2-5 to
illustrate performance across varying impact amplitudes and base exci-
tations. All results use the protocol of the main text: the same preprocess-
ing (first 100 ms removed), the envelope reference of Section 2.4, and
the nominal parameters (1 =2, H =30, # = 0.7, w =4, and ¢ = 0.201).
Tables A.1-A.4 therefore contain the values of Table 7, extended with
accuracy and recall. EM and Isolation Forest values are means of three
runs; their figures show the run closest to that mean (Section 2.3).

A.1. Test 2 results and discussion

Figs. A.1-A.5 illustrate the algorithms’ detection ability on signal 2.
Table A.1 shows the metric scores calculated for the same run of data.

The results in Fig. A.1 show strong detection performance and pro-
vide additional evidence that BOCPD remains consistent for a lower-
amplitude signal.

Fig. A.2 shows the detections produced by CUSUM. The algorithm
does not show a strong response to the signal after 200 ms.

The detection regions in Fig. A.3 show that EM is still capturing high
measurements exclusively.

Fig. A.4 shows that GM detects the shock in this signal, as it did for
Test 1, with a few isolated false alarms before and after the event.

Fig. A.5 shows the detections of Isolation Forest. Like CUSUM and
EM, it flags the high-amplitude cycles of the response without false
alarms and stops reporting shock as the oscillation decays.

Table A.1 compares the performance of the different models on
signal 2. BOCPD attained the highest F1 score (0.537), followed by
GM (0.512) and Isolation Forest (0.447), with CUSUM (0.344) and EM
(0.232) last. BOCPD, CUSUM, EM, and Isolation Forest kept a precision
of 1.000, and GM reached a recall similar to that of BOCPD at a pre-
cision of 0.981. BOCPD detected the event 0.32 ms after the reference
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Fig. A.1. Detected regions from BOCPD algorithm.
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Fig. A.2. Detected regions from the CUSUM algorithm.
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Fig. A.3. Detected regions from EM algorithm (representative run).
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Fig. A.4. Detection regions from GM.
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Fig. A.5. Detected regions from isolation forest (Representative run).
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Fig. A.6. Detected regions from BOCPD algorithm.
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Fig. A.7. Detected regions from the CUSUM algorithm.

onset, Isolation Forest after 0.51 ms, GM after 0.60 ms, and CUSUM and
EM after about 1.2-1.3 ms. Every method stops reporting the shock well
before the reference end at 287 ms, which limits the recall of all five.

A.2. Test 3 results and discussion

Figs. A.6—A.10 show the detection results for each algorithm on sig-
nal 3. Table A.2 shows the metric scores for each algorithm for the same
signal.

The detection regions in Fig. A.6 show that the model consistently
identifies the shock region. The gaps between detections gradually
widen as time from impact increases, suggesting that the decreasing re-
sponse amplitude influences the model’s decisions.

Fig. A.7 shows the CUSUM performance on signal 3. The CUSUM
model detected the initial impact well, but detections became sparse
midway through the expected impact region. This behavior indicates
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that performance depends not only on the model structure but also on
the selected averaging weight.

Fig. A.8 shows that the model still only captures the peaks. The model
only captures values going beyond a threshold, so in the last peak, there
is only the highest magnitude reported as shock.

On signal 3, GM covers the shock region more densely than any other
method (Fig. A.9), but it also raises scattered false alarms before and
after the event.

Fig. A.10 shows that Isolation Forest flags the high-amplitude cy-
cles without false alarms; as for BOCPD, the gaps between its detections
widen as the response decays.

On signal 3, GM attained the highest F1 score (0.760) and the short-
est delay (0.13 ms) because it covered most of the shock region (re-
call 0.643), at a precision of 0.929. BOCPD followed (F1 0.608, de-
lay 0.30 ms), then Isolation Forest (0.506), CUSUM (0.410), and EM
(0.277), all four with a precision of 1.000. Test 3 is the only run on
which GM ranks first (Section 3.5).
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Fig. A.8. Detected regions from EM algorithm (Representative run).
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Fig. A.9. Detection regions from GM.
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Fig. A.10. Detected regions from isolation forest (Representative run).

Table A.2

Metrics for online change point detection algorithm performance on sig-
nal 3 (same protocol and values as Table 7; EM and Isolation Forest:
mean of three runs).

algorithm accuracy precision recall fl score detection delay (ms)
BOCPD 0.852 1.000 0.437 0.608 0.298
CUSUM 0.805 1.000 0.258 0.410 1.083
EM 0.779 1.000 0.161 0.277 1.043
GM 0.893 0.929 0.643 0.760 0.133
Isolation Forest 0.826 1.000 0.339 0.506 0.801

A.3. Test 4 results and discussion

Figs. A.11-A.15 show the detected regions for Test 4. Table A.3
shows the corresponding metrics for the algorithms.

Fig. A.11 shows the performance of BOCPD. The model correctly
identifies the major part of the shock region. The model works despite
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the noise of the normal signal. This is further evidence of the robustness
of the model. There are gaps between detected regions that appear to
widen as the shock dissipates. The reason for this behavior is currently
unknown. This could be caused by an interaction between the parameter
resets and initial conditions.

The detected shock regions in Fig. A.12 are spread out. The detection
is more concentrated around the initial impact. As the energy dissipates,
the detection areas are fewer and farther apart before ultimately disap-
pearing. The model performs well, but shows difficulty with capturing
the end of the shock event.

Fig. A.13 shows the EM algorithm performance. The model shows
similar behavior in that it only captures the peaks of the shock event.
It detects the shock consistently and in a straightforward manner. The
model does fail to capture the beginning of the shock event since the
acceleration wasn’t large enough.

The GM results in Fig. A.14 differ from those on Tests 1-3. GM
raises isolated alarms throughout the record, before, during, and after
the shock. Its alarms are only moderately concentrated in the shock re-
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Fig. A.11. Detected regions from BOCPD.
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Fig. A.12. Detected regions from CUSUM algorithm.
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Fig. A.13. Detected regions from EM algorithm (Representative run).

gion: 58% of them fall inside it (precision 0.585), and they cover 11%
of it (recall 0.109).

Fig. A.15 shows that Isolation Forest detects the shock from its onset
without false alarms and, like CUSUM, reports it less frequently as the
energy dissipates.

Table A.3 shows the metrics for each of the models on signal 4.
BOCPD performed best (F1 0.613, delay 0.37 ms), followed by Isola-
tion Forest (0.507), CUSUM (0.416), and EM (0.282), all four with a
precision of 1.000. GM ranked last (F1 0.183) because of the scattered
alarms described above.

A.4. Test 5 results and discussion

Figs. A.16-A.20 show the detection performance of the various al-
gorithms on Test 5. Table A.4 shows the metric scores calculated for the
respective algorithms.
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Fig. A.16 shows performance similar to that observed for the other
signals. The model detects the shock at the beginning and ends once
enough energy has dissipated.

Fig. A.17 shows the detection regions produced by CUSUM. The ini-
tial detection is a little bit delayed, but otherwise, the model detects
most of the shock event.

Fig. A.18 shows that the EM method detects only the highest-
amplitude portions of the shock response. The model does not show
any false positives before or after the shock event. However, the model
also fails to capture the lower acceleration areas where the effects of
shock remain. This may work well in activating a mitigation response
when an event occurs. This is similar to setting a predefined threshold,
but the model requires only statistical parameters to operate rather than
manual analysis.

Fig. A.19 shows how GM performed on signal 5. As on Test 4, GM
raises scattered alarms over the whole record and covers only part of the
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Fig. A.14. Detection regions from GM.
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Fig. A.15. Detected regions from isolation forest (Representative run).
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Fig. A.16. Detected regions from BOCPD algorithm.
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Fig. A.17. Detected regions from CUSUM algorithm.
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shock region (recall 0.159, precision 0.564). The higher false-positive
rate makes the model less reliable as a standalone shock detector be-
cause frequent false alarms could trigger unnecessary mitigation actions.
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Fig. A.18. Detected regions from EM algorithm (Representative run).
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Fig. A.19. Detection regions from GM.
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Fig. A.20. Detected regions from isolation forest (Representative run).

Table A.3
Metrics for online change point detection algorithm performance on sig-
nal 4 (same protocol and values as Table 7; EM and Isolation Forest:

Fig. A.20 shows that Isolation Forest behaves as on the other signals: mean of three runs).

it detects the high-amplitude part of the shock without false positives

before or after the event algorithm accuracy precision recall f1 score detection delay (ms)
Table A.4 shows that BOCPD performed best on signal 5 (F1 0.611, BOCPD 0.853  1.000  0.442 0613  0.370

delay 0.37 ms), followed by Isolation Forest (0.509), CUSUM (0.413), csuM oo e o

and EM (0.277), all with a precision of 1.000. The advantage of BOCPD oM 0745 0585 0109 0183 0792

over CUSUM and EM comes mainly from its higher recall. GM ranked Isolation Forest 0.826  1.000 0.340 0.507  0.865

last (F1 0.248, precision 0.564).
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Table A.4

Metrics for online change point detection algorithm performance on sig-
nal 5 (same protocol and values as Table 7; EM and Isolation Forest:
mean of three runs).

algorithm accuracy precision recall f1 score detection delay (ms)
BOCPD 0.852 1.000 0.440 0.611  0.368
CUSUM 0.804 1.000 0.261 0.413  1.138
EM 0.778 1.000 0.161 0.277  1.096
GM 0.745 0.564 0.159 0.248  0.801
Isolation Forest 0.826 1.000 0.342 0.509 0.856
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