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Abstract
Suspension faults in defence vehicles (either crewed or uncrewed ground vehicles), such as damper leakage, loose
mountings, and bushing degradation, can significantly impair stability, mobility, and control performance under severe off
road terrain conditions. This paper presents an explainable machine learning framework for embedded suspension fault
detection using multi domain vibration and acoustic sensing. The approach integrates eight physically interpretable time/
frequency features with a Random Under Sampling Boosted (RUSBoost) ensemble classifier to discriminate four suspen-
sion health states. Full scale experimental validation was carried out on a Land Rover Defender 110 mounted on a four-
post hydraulic vibration rig capable of reproducing broadband, defence-relevant excitation. The proposed method
achieved 100% accuracy (AUC=1) in a holdout evaluation and maintained a mean accuracy of 74% (AUC=0.87) under
tenfold cross validation, demonstrating strong generalisation. Feature importance analysis identified peak-to-peak ampli-
tude, standard deviation, and RMS as the most influential indicators, confirming that suspension degradation is primarily
characterised by increased vibration excursion and dispersion rather than spectral redistribution. Principal component
analysis further showed partial overlap among fault classes, highlighting the necessity of nonlinear ensemble decision
boundaries. Despite higher training cost, the ensemble classifier achieved prediction times that indicate computational
feasibility for future real time embedded implementation. Overall, the framework provides a transparent, robust, and
control compatible diagnostic layer, supporting future integration with predictive maintenance and fault tolerant suspen-
sion control in defence mobility systems.
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Introduction

Modern defence ground vehicles, encompassing both
crewed and uncrewed platforms, are required to operate
under highly demanding and unpredictable conditions
while maintaining mobility, stability, and operational
safety. These requirements impose significant stress on
vehicle subsystems, particularly the suspension system,
which plays a critical role in isolating the vehicle body
from terrain-induced disturbances, maintaining tyre-
ground contact, and ensuring controllability under
dynamic loading conditions. Degradation of suspension
components such as dampers, bushings, and mounting

interfaces can significantly alter vehicle dynamics, lead-
ing to increased vibration transmission, degraded ride
quality, reduced handling performance, and accelerated
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structural fatigue.1,2 In military contexts, where vehicle
reliability is closely tied to mission readiness and per-
sonnel safety, undetected suspension degradation can
therefore have serious operational consequences.

Active and semi-active suspension systems have been
extensively studied within the control engineering liter-
ature as a means of improving ride comfort, handling
performance, and robustness under varying operating
conditions. A wide range of control strategies has been
proposed for automotive suspension systems, including
frequency-shaped, robust, and gain-scheduled formula-
tions tailored to semi-active actuators and real-world
implementation constraints.3–5 More recently, linear
parameter-varying (LPV) control frameworks have
proven effective in systematically addressing actuator
limitations and nonlinear suspension behaviour while
maintaining robust performance across operating
regimes.6

While such control strategies improve performance,
their effectiveness ultimately depends on the underlying
health of suspension components, motivating reliable
condition monitoring and diagnostic capabilities.
Conventional suspension health assessment relies
largely on periodic inspections and schedule-based
maintenance strategies. While straightforward to imple-
ment, such approaches are poorly suited to defence
vehicles operating across diverse terrains and variable
mission profiles. Consequently, condition-based main-
tenance (CBM) and prognostics and health manage-
ment (PHM) strategies have gained increasing attention
within military ground vehicle fleets.7,8 These strategies
aim to infer system health directly from operational
data, enabling maintenance decisions to be driven by
actual degradation rather than fixed service intervals.
However, compared with aerospace systems, the
deployment of CBM and PHM in ground vehicles
remains limited due to data uncertainty, environmental
variability, and challenges associated with reliable fault
labelling.9,10

A key challenge in implementing CBM for ground
vehicles lies in acquiring reliable and informative health
data under real operating conditions. Ground vehicles
experience broadband and non-stationary excitation
arising from terrain interaction, speed variation, and
payload changes, which complicates the isolation of
fault related signatures using simple threshold-based
indicators. Nevertheless, vibration measurements have
consistently been shown to contain valuable informa-
tion regarding suspension health, as changes in damp-
ing and stiffness characteristics directly affect the
vehicle dynamic response.1,11 As a result, vibration-
based condition monitoring has emerged as a promis-
ing approach for suspension diagnostics when sup-
ported by appropriate signal processing and analysis
techniques.

Early vibration-based fault diagnosis studies relied
on analytical and signal processing driven approaches,
employing time domain statistics and frequency domain
indicators to detect deviations from nominal system

behaviour.12 While effective under controlled condi-
tions, such methods often struggle in the presence of
stochastic excitation and operating variability typical of
off-road environments. To address these limitations,
recent research has increasingly adopted data driven
and machine learning (ML) techniques capable of cap-
turing nonlinear relationships between measured signals
and system health. ML based approaches have demon-
strated strong performance across a wide range of
mechanical systems, including vibration-based fault
diagnosis and remaining useful life prediction.13–15

Despite these advances, several challenges remain
when applying ML based diagnostics to vehicle suspen-
sion systems. One persistent issue is class imbalance, as
vehicles operate in healthy conditions for most of their
service life, resulting in relatively few fault samples for
training classifiers. This imbalance can bias learning
algorithms toward the majority class and reduce sensi-
tivity to early stage or rare fault modes.16 In addition,
many ML models operate as black boxes, offering lim-
ited insight into the physical factors driving their deci-
sions. In safety and mission critical applications, this
lack of transparency can hinder trust, validation, and
integration with maintenance or supervisory control
frameworks.10

Ensemble learning techniques provide a promising
pathway to improving robustness under noisy and
imbalanced conditions. By combining multiple base
learners, ensemble models can reduce variance and
improve generalisation compared with single classifiers.
In particular, boosting-based ensemble methods such
as RUSBoost have demonstrated strong performance
in imbalanced fault diagnosis problems across a range
of mechanical systems.17,18 Within the context of vehi-
cle suspensions, experimental studies have shown that
damper and suspension faults can be effectively identi-
fied using vibration derived features when datasets are
carefully labelled and features are selected with clear
physical relevance.19

Alongside diagnostic accuracy, interpretability has
become an increasingly important requirement for ML
based diagnostics in safety-critical systems. This has
motivated growing interest in explainable artificial
intelligence (XAI) techniques, which aim to provide
transparency by quantifying the contribution of indi-
vidual input features to model outputs. Comprehensive
surveys have highlighted the role of XAI in improving
trust, validation, and regulatory acceptance of ML
based industrial diagnostics.20,21 In vibration-based
diagnostics, explainability enables diagnostic decisions
to be directly linked to physically meaningful indicators
such as vibration amplitude, dispersion, and trans-
mitted energy.

Building on these developments, recent studies
have explored explainable machine learning frame-
works for condition monitoring and predictive main-
tenance, particularly in vibration-based diagnostics,
where interpretability enables diagnostic decisions to
be linked to physically meaningful system behaviour.
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Methods such as feature attribution, model agnostic
explanation, and interpretable ensemble learning have
been applied to improve transparency and trust in
fault diagnosis systems.22–24

In parallel, machine learning based condition moni-
toring using vibration data has been widely investigated
for mechanical systems and fault diagnosis, demon-
strating strong capability in identifying degradation
patterns under complex operating conditions.25–27

These approaches provide a foundation for integrating
data driven diagnostics with physically interpretable
features in practical engineering applications.

Another limitation of much of the existing suspen-
sion diagnostics literature is the reliance on simulations
or simplified laboratory experiments that do not fully
capture the coupled dynamics of full vehicle systems.
Suspension behaviour is strongly influenced by vehicle
mass distribution, suspension geometry, and multi-axial
loading, which are difficult to replicate using small scale
test rigs. Full scale experimental validation is therefore
essential to assess the practical viability of diagnostic
approaches. Four post hydraulic vibration rigs provide
a controlled environment capable of reproducing repre-
sentative excitation profiles while preserving realistic
vehicle suspension dynamics, making them particularly
suitable for full vehicle suspension assessment under
repeatable conditions.

Despite the progress reported in vibration-based diag-
nosis and machine learning based condition monitoring,
several gaps remain in the context of defence vehicle sus-
pension systems. First, many existing studies rely on
simulations, component level tests, or simplified labora-
tory conditions rather than full scale vehicle level valida-
tion. Second, the interpretability of diagnostic decisions
is often limited, which reduces confidence in safety criti-
cal applications where engineering transparency is essen-
tial. Third, relatively few studies discuss whether the
resulting diagnostic framework is practically compatible
with embedded monitoring architectures suitable for tac-
tical or autonomous ground vehicles.

Motivated by these gaps, this study proposes an
explainable machine learning framework for suspension
fault detection in crewed and uncrewed defence vehi-
cles, validated using full scale four post rig testing. The
approach integrates vibration measurements acquired
through an embedded data acquisition architecture
suitable for tactical vehicles28 with physically meaning-
ful feature extraction and an ensemble-based classifica-
tion framework.

The main contributions of the work are threefold.
First, a full-scale experimental dataset is generated on a
Land Rover Defender 110 under controlled but defence
relevant broadband excitation profiles. Second, an
interpretable diagnostic pipeline is developed using
physically meaningful vibration and acoustic features
together with a RUSBoost ensemble classifier. Third,
the framework is analysed not only in terms of classifi-
cation performance but also in terms of feature level
interpretability and computational feasibility for future

embedded implementation. By combining full scale
experimentation, interpretable learning, and
deployment-oriented analysis, the study aims to
advance practical suspension health monitoring for
defence mobility systems.

The remainder of this paper is organised as follows.
Section ‘‘Problem formulation’’ presents the problem
formulation. Section ‘‘Experimental setup’’ describes
the experimental setup and data acquisition process.
Section ‘‘Methodology’’ details the feature extraction,
classification, and explainability analysis. Section
‘‘Results and discussion’’ presents and discusses the
results. Section ‘‘Conclusion’’ concludes the study and
outlines future directions toward embedded implemen-
tation and health aware control integration.

Problem formulation

Based on the diagnostic requirements outlined in
Section ‘‘Introduction’’, the suspension fault detection
task is formulated as a supervised, data driven classifi-
cation problem in feature space. Multi domain vibra-
tion and acoustic measurements are first transformed
into a set of physically interpretable statistical and
spectral features, which serve as inputs to the diagnos-
tic model.

From each sensor channel, a feature vector is
extracted as defined in equations (1) and (2),
respectively:

fv = f v, 1f g, f v, 2f g, . . . , f v, pf g
� �

ð1Þ

fa = f a, 1f g, f a, 2f g, . . . , f a, qf g
� �

ð2Þ

Where fv, i and fa, i include both time domain descriptors
(peak-to-peak amplitude, standard deviation, RMS,
kurtosis, skewness, crest factor) and frequency domain
parameters (spectral centroid, entropy).

The fused feature vector is given in equation (3):

f= fv, fa½ � ð3Þ

and the labelled dataset is defined in equation (4) as:

D= fj, yj
� �

j j=1, 2, . . . ,N
� �

; yj 2 0, 1, 2, 3f g ð4Þ

where N denotes the total number of run level samples,
and yj 2 f0, 1, 2, 3g represents the class label corre-
sponding to the healthy condition and the three fault
types.

The diagnostic task is therefore formulated as the
multiclass classification problem given in equation (5):

ŷ=arg max
k

P(y j f) ð5Þ

where P(y j f) denotes the posterior probability of each
health state estimated by the classifier.
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To address both class imbalance and nonlinear deci-
sion boundaries inherent in real world suspension fault
data, a Random Under Sampling Boosted (RUSBoost)
ensemble tree classifier is employed. Let the feature
matrix be defined as in equation (6):

F 2 R
n3m ð6Þ

where F 2 R
n3m contains n run level samples and m

extracted features.
The learning objective is to determine a decision

function H(f) 2 H that minimises the expected misclas-
sification risk as expressed in equation (7):

min
H2Hf g

E L y,H fð Þð Þ½ � ð7Þ

whereL( � ) is a loss function penalizing false classifica-
tions. The RUSBoost algorithm integrates random
under sampling with AdaBoost style weighting.

At iteration t, the algorithm forms a balanced data-
set Dt by under sampling majority classes and trains a
weak learner ht(f). The corresponding weighted classifi-
cation error is computed as in equation (8):

et =
Xn
i=1

w
tð Þ
i I ht fið Þ6¼yið Þ ð8Þ

where w
(t)
i denotes the sample weight at iteration t, and

I( � ) is the indicator function. The learner weight is then
given by equation (9):

at =ln
1� et

et

� 	
ð9Þ

The sample weights are subsequently updated accord-
ing to equation (10)

w
t+1ð Þ
i =w

tð Þ
i exp atI ht fið Þ6¼yið Þð Þ ð10Þ

and normalised to sum to one.
The final multiclass decision is then obtained through

the weighted majority vote defined in equation (11):

H fð Þ=arg max
k

XT
t=1

at I ht fð Þ= kð Þ ð11Þ

where T denotes the total number of boosting
iterations.

Random under sampling ensures adequate represen-
tation of minority fault classes in each iteration, while
boosting progressively emphasises difficult to classify
samples, thereby enhancing discrimination capability.
This mathematical framework provides a transparent
mapping from physical vibration features to diagnostic
outputs while maintaining computational simplicity

suitable for embedded controllers. The classifier output
is subsequently analysed using an explainability proce-
dure described in Section ‘‘Explainability analysis’’.

Although the classifier operates in feature space, the
selected descriptors correspond to physically meaning-
ful aspects of suspension behaviour, including vibration
excursion, dispersion, impulsiveness, and spectral con-
tent. The resulting diagnostic outputs are therefore suit-
able for interpretation within supervisory monitoring
and health aware control architectures.

Experimental setup

The experimental configuration combines a four-post
hydraulic excitation platform with a distributed sensing
architecture to capture synchronized dynamic responses
from the suspension system under controlled operating
conditions. The framework was designed to ensure
repeatable excitation and reliable measurement
acquisition.

Four post vibration rig

All experiments were conducted on a four-post hydrau-
lic vibration rig designed for full vehicle suspension
testing. Each post consists of a servo-hydraulic actua-
tor (650mm stroke, 5 kN peak force) driven by a high
response servo valve and PID displacement controller.
The actuators operate in closed loop displacement con-
trol, ensuring precise replication of reference inputs
regardless of dynamic loading. The system is synchro-
nized via a real time controller, allowing independent
or coordinated excitation of all four corners for broad-
band road profile reproduction. A Land Rover
Defender 110 suspension assembly was selected as a
representative defence vehicle platform.

Instrumentation and data acquisition

A distributed multi sensor architecture was deployed on
the Land Rover 110 shown in Figure 1, to enable syn-
chronized acquisition of vibration, acoustic and inertial
data during four post rig testing.

Six microcontroller-based nodes were installed
across the vehicle. Four nodes (T1–T4) were mounted
adjacent to each shock absorber at the rear left, rear
right, front right and front left suspension points. Each
node recorded tri axial acceleration using an MPU6050
module and captured local acoustic signatures via a
MAX9814 microphone. A fifth node (T5) installed at
the vehicle centre of gravity provided reference inertial
measurements for global motion correlation and a RX
node, acted as the master unit responsible for aggregat-
ing all incoming sensor messages. All nodes communi-
cated through a Controller Area Network (CAN) using
MCP2515 interfaces. Each transmitter broadcast an 8-
byte CAN frame at 100Hz.
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Excitation profiles

To reproduce representative defence terrain dynamics
under controlled laboratory conditions, 12 excitation
profiles were programmed on the four-post vibration
rig. These profiles included sinusoidal excitation at two
resonant frequencies (2.5 and 12.5Hz) to characterise
the fundamental dynamic response of the suspension
system, as well as random broadband inputs of varying
severity ranging from mild to extreme, to emulate sto-
chastic off-road terrain excitation. In addition, compo-
site manoeuvres combining pitch, roll, and twist
components were applied to evaluate cross corner cou-
pling effects and multi axial suspension behaviour.
Each test was conducted for a duration of 300 seconds,
allowing both transient and steady-state responses to
be captured. Identical excitation profiles were applied
across all four suspension health states to ensure con-
sistency and enable direct comparative analysis.

Testing protocol

A total of 48 experiments were conducted shown in
Table 1, grouped into four sets representing one healthy
condition and three distinct suspension faults: shock
absorber leakage, loose mounting hardware, and

bushing degradation. Each set comprised 12 standar-
dised tests including resonant frequency excitation, ran-
dom broadband inputs and low-frequency pitch/roll/
twist manoeuvres, ensuring comprehensive excitation
of suspension dynamics. In the subsequent machine
learning analysis, each experiment was treated as one
independent run level sample after preprocessing and
feature extraction.

Before each experiment, the vehicle and distributed
sensor network were initialised, and all microcontroller
nodes verified for synchronized CAN based data trans-
mission. During each test, triaxial acceleration, acoustic
responses and central rotational motion were recorded
simultaneously across 19 sensor channels. Fault condi-
tions were introduced manually between test sets, fol-
lowed by mechanical inspection to ensure repeatability
and safety. Following every run, data integrity checks
were performed to identify communication losses, sen-
sor anomalies or inconsistencies before proceeding to
the next configuration.

This structured protocol enabled the generation of a
high-quality labelled dataset under controlled yet oper-
ationally representative conditions, supporting robust
training and validation of the machine learning classi-
fiers for real time suspension fault detection.

Figure 1. Experimental setup showing the distributed sensor architecture installed on the Land Rover Defender 110.

Table 1. Health state definitions and dataset structure.

Health state Label code Sampling rate (Hz) Duration (s) No. of runs

Healthy 0 100 300 12
Damper oil leakage fault 1 100 300 12
Suspension loose mounting 2 100 300 12
Damaged bushing 3 100 300 12
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Figure 2 summarises the experimental workflow.
Vibration and acoustic responses from the four-post rig
are acquired, labelled by fault condition, and converted
into engineered features in the time and frequency
domains. These features serve as inputs to various
machine learning models, which are subsequently eval-
uated using standard performance metrics.

Methodology

The proposed diagnostic framework integrates vibra-
tion and acoustic signal processing, feature engineering,
explainable ensemble learning, and quantitative evalua-
tion into a unified workflow suitable for embedded
implementation within control-oriented architectures.

Feature extraction

A total of eight statistical features were extracted from
each signal segment shown in Table 2. The eight
selected features; six-time domain descriptors and two
frequency domain measures were chosen because they
provide a compact yet physically meaningful represen-
tation of suspension vibrational behaviour under
broadband excitation. These features capture amplitude
statistics, impulsiveness, waveform asymmetry, and
spectral distribution. They were selected after prelimi-
nary exploration because they showed consistent,
monotonic changes across all fault modes while remain-
ing computationally feasible for embedded microcon-
trollers. Although the framework uses eight features for
real time efficiency, it can be extended with additional
spectral or nonlinear features to enhance discrimination
in future work.

Each 300 seconds experimental run was first pre-
processed by removing transient portions at the begin-
ning and end of the recording. Feature extraction was
then performed over the full duration of the remaining
signal for each sensor channel, rather than on short,
segmented windows. This produced one fused feature
vector per experimental run. Since the dataset contains
48 independent runs, the final labelled dataset used for
classification therefore comprised 48 run level samples.

Classification models

Four supervised classification models were selected for
comparative evaluation to represent a range of learning
paradigms with differing assumptions, complexity and
robustness characteristics. A Decision Tree was
included as a baseline classifier due to its interpretabil-
ity and ability to model nonlinear decision boundaries
using simple rule-based structures. However, single tree
models are known to be sensitive to data variability
and class imbalance, making them useful reference
points for assessing the benefits of more advanced
methods.

Support Vector Machine (SVM) and k-Nearest
Neighbour (kNN) classifiers were selected as widely
used benchmark models in vibration-based fault diag-
nosis. The SVM represents a margin-based learning
approach that performs well when class boundaries are
well separated, while kNN provides a distance-based,
non-parametric method that relies on local neighbour-
hood structure. Including these models enables compar-
ison against commonly adopted classifiers that do not
explicitly address class imbalance or ensemble learning.

The RUSBoost ensemble tree classifier was adopted
as the primary diagnostic model because it offers sev-
eral advantages for the present application. First, the
ensemble structure is well suited to capturing nonlinear
interactions among engineered vibration and acoustic
features. Second, boosting improves stability and dis-
crimination relative to a single decision tree when the
dataset is limited in size and subject to variability
across experimental runs. Third, the tree-based formu-
lation remains compatible with feature importance
analysis, which supports interpretability. Although
RUSBoost is often motivated by imbalanced learning,
in the present study its selection was based more
broadly on robustness, nonlinear classification capabil-
ity, and empirical performance relative to the bench-
mark models considered.

Table 2. Extracted statistical features and their mathematical
definitions.

Domain Feature Equation

Time domain Standard deviation
sx =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N�1

� �
S xi � xð Þ2

h ir

Root mean square RMS =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
N

� �
Sxi2

� �q
Skewness

Sx =
1
Nð ÞS xi �xð Þ3½ �

sx3

Kurtosis
Kx =

1
Nð ÞS xi �xð Þ4½ �

sx4

Peak-to-peak value xp�p = xmax � xmin

Crest factor CF =
xpeak

RMS
Frequency
domain

Spectral centroid fc =
SfkPkð Þ
SPkð Þ

Spectral entropy Hs = � SPk logPk

Figure 2. Experimentation process flowchart illustrating data
acquisition, feature extraction, machine learning classification,
and performance evaluation stages.

6 Proc IMechE Part D: J Automobile Engineering 00(0)



Explainability analysis

Explainability was incorporated into the diagnostic
framework using permutation-based feature impor-
tance computed from the trained ensemble model. This
approach quantifies the contribution of each feature by
measuring the reduction in predictive performance
when the values of that feature are permuted while the
remaining features are left unchanged. In the present
study, this method was selected because it is simple to
implement, directly compatible with the tree-based
ensemble formulation, and suitable for identifying the
global contribution of each engineered feature to sus-
pension fault classification.

The resulting feature importance ranking provides a
global interpretation of the model and helps relate clas-
sifier behaviour to physically meaningful descriptors
such as vibration excursion, dispersion, impulsiveness,
and spectral content. While this global analysis
improves transparency, it does not capture local sample
wise explanations. More advanced methods, such as
SHAP analysis or partial dependence analysis, may
provide complementary interpretability and are identi-
fied as useful directions for future work.

Model training and validation

Model training and validation were carried out at the
level of independent experimental runs. Each recorded
file corresponds to one complete run, and one fused fea-
ture vector was extracted from each run after prepro-
cessing, as described in Section ‘‘Feature extraction’’.

In the hold-out evaluation, the run level dataset was
randomly partitioned into 70% training data and 30%
testing data. Because the partitioning was performed
across complete runs, no data from a given experiment
appeared simultaneously in both training and testing
sets. This ensured independence between model devel-
opment and evaluation.

To obtain a more statistically robust estimate of per-
formance, K-fold cross-validation was additionally
applied using the same run level samples. In each fold,
the model was trained on the training subset and evalu-
ated on the corresponding validation subset, with the
partitions kept identical across all classifiers to ensure a
fair comparison. Performance was quantified using
accuracy, precision, recall, F1-score, and the area under
the ROC curve (AUC).

This run level evaluation strategy is important
because it avoids the optimistic bias that can arise when

correlated samples from the same experimental record
are shared across training and testing partitions. The
cross-validation results are therefore interpreted as the
more representative estimate of generalisation
capability.

Results and discussion

This section analyses the diagnostic performance of the
proposed framework using both single-run hold out
evaluation and ten-fold cross validation, followed by
computational efficiency assessment. Together, these
results provide insight into peak performance, generali-
sation capability, physical interpretability, and practical
deployability.

Single-run (hold out) evaluation

In the initial evaluation, models were trained on 70%
of the dataset and tested on the remaining 30%. The
purpose was to estimate the maximum achievable clas-
sification accuracy without repeated sampling. Table 3
summarises the classification performance of the four
models under a single run hold out evaluation, provid-
ing an estimate of peak achievable performance on a
fixed training/testing split. Accuracy offers a high-level
measure of correct classification, while precision, recall,
and F1 score collectively describe the balance between
false alarms and missed fault detections. The AUC
complements these metrics by assessing threshold inde-
pendent class separability.

Under this evaluation, the RUSBoost ensemble and
the Decision Tree demonstrate strong peak perfor-
mance, whereas SVM and kNN exhibit limited discri-
minatory capability. These results establish an upper
bound on classifier performance but do not, by them-
selves, reflect robustness to data variability. Detailed
class wise behaviour and decision stability are therefore
examined using confusion matrices and ROC analysis.

Figure 3 presents the normalised confusion matrices
for the four classifiers under the single-run hold-out
evaluation. The RUSBoost ensemble achieves perfect
classification across all four suspension health states,
indicating that the ensemble effectively captures non-
linear decision boundaries and compensates for class
imbalance. The Decision Tree also performs strongly
but misclassifies 33.3% of Class 2 samples as Class 0,
reflecting the sensitivity of single tree models to train-
ing data partitioning.

Table 3. Single-run (hold-out) classification performance of four models.

Classifier Accuracy (%) Precision Recall F1 score AUC

RUSBoost ensemble 100 0.75 0.75 0.75 1.00
Decision tree 92 0.75 0.67 0.70 1.00
SVM 30 0.50 0.23 0.32 0.78
kNN 23 0.22 0.18 0.20 0.65
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In contrast, SVM and kNN exhibit substantial con-
fusion across all fault categories. Both classifiers fre-
quently misidentify faulty conditions as healthy and
show strong cross class ambiguity. This behaviour
reflects the difficulty of distance based and margin-
based classifiers in resolving overlapping vibration fea-
ture distributions under broadband excitation.

Overall, the confusion matrices confirm that ensem-
ble learning significantly enhances diagnostic reliability
compared with individual classifiers.

Figure 4 presents the ROC curves obtained from the
single run hold out evaluation. Both the RUSBoost
ensemble and the Decision Tree achieve an AUC of 1,
indicating perfect class separability for this specific data
partition. However, identical ROC performance does
not imply identical classification robustness in a multi-
class setting. While the ensemble achieves perfect class
assignment, the Decision Tree exhibits misclassification
in the corresponding confusion matrix, demonstrating
that ROC primarily reflects ranking capability rather
than discrete class prediction stability.

The SVM and kNN classifiers exhibit ROC curves
that lie above the diagonal reference line but remain
only marginally separated from it, indicating limited
discriminative capability. Their gradual rise and prox-
imity to the diagonal over much of the false positive
range explain the modest AUC values and poor classifi-
cation performance observed in the confusion matrices.
These observations highlight the limitation of relying
solely on single run ROC analysis and reinforce the
importance of complementary evaluation metrics and
cross validation.

Figure 5 presents the out-of-bag permutation feature
importance obtained from the ensemble classifier.
Peak-to-peak amplitude and standard deviation domi-
nate the ranking, followed by RMS. These amplitude
domain features are physically linked to suspension
degradation, as faults reduce damping effectiveness and
increase vibration excursion, dispersion, and trans-
mitted energy. Kurtosis and crest factor contribute
moderately, indicating the presence of impulsive beha-
viour but confirming that suspension degradation in

Figure 3. Normalised confusion matrices for the four classifiers under single-run (hold-out) evaluation.
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this dataset is not dominated by impact type events.
Spectral entropy, skewness, and spectral centroid exhi-
bit minimal influence, showing that frequency

redistribution and waveform asymmetry play a second-
ary role.

This ranking confirms that suspension fault signa-
tures under broadband excitation are primarily ampli-
tude driven rather than frequency complexity driven,
which is fundamentally different from many rotating
machinery fault scenarios. It should be noted that the
presented feature importance analysis provides a global
interpretation of model behaviour across the dataset
and does not capture local sample-specific explana-
tions. More advanced local explainability methods,
such as SHAP analysis or partial dependence analysis,
may provide complementary insight into individual
predictions and are identified as useful directions for
future work.

Figure 6 presents the PCA projection of the
extracted feature space onto the first two principal
components, which together account for 59% of the
total variance. The first principal component (45.5%)
is primarily associated with amplitude related charac-
teristics, reflecting variations in vibration energy and
excursion, while the second component (13.5%)

Figure 4. ROC curves with shaded AUC regions for the four classifiers under single-run (hold-out) evaluation.

Figure 5. Normalised out-of-bag (OOB) permutation feature
importance derived from the ensemble classifier.
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captures secondary variability linked to higher order
statistical and spectral effects.

The projection shows a tendency for healthy samples
to cluster separately from faulty conditions; however,
significant overlap is observed among the different fault
classes. This overlap reflects the inherent physical simi-
larity of suspension degradation mechanisms, which
often produce comparable vibration energy levels under
broadband excitation. The absence of clear linear separ-
ability explains the limited performance of linear classi-
fiers and motivates the use of ensemble learning to
construct nonlinear decision boundaries.

Overall, the PCA confirms that the selected feature
set preserves meaningful discriminatory structure while
also highlighting the intrinsic complexity of suspension
fault classification.

Cross validation results

To obtain a statistically reliable estimate of model
robustness, a 10-fold cross validation procedure was
applied to the same dataset. Each model was trained
and validated 10 times on different data partitions, and
mean metrics were computed. Table 4 reports the aver-
aged performance metrics obtained from 10-fold cross-
validation, providing a statistically robust assessment

of generalisation under repeated data resampling.
Unlike the single run evaluation, these results reflect
variability in training data composition and are there-
fore more representative of real-world diagnostic
performance.

Although all classifiers exhibit reduced accuracy and
AUC compared with the hold-out case, the RUSBoost
ensemble maintains the strongest and most consistent
performance across all metrics. The Decision Tree
shows moderate degradation, while SVM and kNN
remain close to random discrimination when all classes
are considered collectively. These trends are further
examined through cross validation confusion matrices
and ROC curves to assess stability and class wise
robustness.

Figure 7 presents the confusion matrices for all clas-
sifiers under 10-fold cross validation. The RUSBoost
ensemble shows the most balanced performance across
the four classes, correctly identifying the dominant pat-
terns in each fault state, although some confusion
remains between Classes 0, 1, and 2 due to overlapping
vibration characteristics. The Decision Tree exhibits
similar but slightly less stable behaviour, with stronger
misclassification for Class 2. In contrast, the SVM and
kNN classifiers show substantial confusion across all
classes, particularly for classes with similar energy sig-
natures, indicating weak generalisation. Overall, the
matrices confirm that RUSBoost provides the most
reliable multi-class discrimination under resampled
conditions.

Figure 8 presents the ROC curves obtained under
10-fold cross validation. As expected, all classifiers
exhibit reduced performance compared to the hold out
evaluation due to variability introduced by fold-to-fold
resampling. The RUSBoost ensemble consistently
achieves the highest AUC and maintains superior class
separability across the false-positive rate range, high-
lighting its robustness to changes in training subsets.

The Decision Tree classifier performs competitively
and remains above the random baseline, but generally
underperforms the ensemble, reflecting the benefits of
boosting and resampling in mitigating overfitting.
Although Decision Trees are known to be high var-
iance models, the ensemble formulation in RUSBoost
provides improved stability and discrimination. In con-
trast, SVM and kNN classifiers operate close to the
diagonal, indicating limited discriminative capability

Figure 6. PCA projection of the feature space for single run
evaluation, showing class distribution and overlap.

Table 4. Ten-fold cross validation performance metrics.

Classifier Accuracy (%) Precision Recall F1 score AUC

RUSBoost ensemble 74 0.75 0.78 0.76 0.87
Decision tree 64 0.65 0.68 0.66 0.78
SVM 36 0.29 0.33 0.31 0.54
kNN 28 0.38 0.29 0.33 0.47
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under cross validation. Overall, the results confirm that
the RUSBoost ensemble generalises more reliably
under realistic data variability.

Comparative analysis: Hold-out versus
cross-validation

Table 5 compares the performance of each classifier
under the single run hold out evaluation and the 10-
fold cross validation procedure. As expected, the hold
out accuracies are generally higher, since the model
benefits from a fixed and relatively larger training set.
In contrast, cross validation exposes the classifier to
greater variability by repeatedly training on different
subsets of the data, which naturally decreases accuracy
but provides a more realistic estimate of generalisation
capability.

The ensemble model achieved the strongest and
most consistent performance across both evaluation
strategies. However, the difference between the hold-
out accuracy and the cross-validation accuracy is itself
informative and should be interpreted carefully. The
100% hold-out result reflects performance on one fixed

partition of a relatively small run level dataset and
therefore represents a favourable single split outcome
rather than a definitive estimate of real-world generali-
sation. By contrast, the cross-validation result is more
conservative because it evaluates the classifier repeat-
edly under varying training validation partitions.

Several factors likely contribute to the observed
reduction in performance under cross-validation. First,
the number of independent experimental runs is mod-
est, so performance estimates are sensitive to partition
composition. Second, the PCA projection indicates par-
tial overlap among the fault classes, suggesting that
some degradation modes are not cleanly separable in
the selected feature space. Third, the multiclass setting
amplifies the effect of small shifts in decision bound-
aries when training subsets vary. For these reasons, the
cross-validation result is considered the more represen-
tative estimate of model robustness, while the hold-out
result is interpreted as an upper bound performance
indication under one favourable partition. This beha-
viour highlights the possibility of optimistic perfor-
mance estimates when evaluation is based on a single
partition of a relatively small dataset, further

Figure 7. Confusion matrices for the four classifiers under 10-fold cross validation.
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reinforcing the importance of repeated cross-validation
for assessing model robustness and generalisation capa-
bility. In addition, the relatively small number of inde-
pendent run-level samples may affect the statistical
robustness of the reported performance estimates.
Since the dataset was obtained from a single vehicle
platform operating under controlled laboratory condi-
tions, caution should be exercised when generalising
the present results to different vehicle architectures,
suspension geometries, payload conditions, terrain
environments, or operational scenarios.

Direct comparison with existing studies is challen-
ging because many published suspensions fault

diagnosis frameworks rely on simulated datasets or
component level experiments, that may produce more
optimistic classification results. In contrast, the present
study considers a substantially more challenging sce-
nario involving full scale vehicle experiments, multi-
class suspension fault classification, broadband
excitation profiles, and independent run level valida-
tion. Therefore, the obtained 74% cross-validation
accuracy represents competitive and practically mean-
ingful performance while maintaining interpretability
and deployment-oriented analysis.

Beyond classification accuracy, computational effi-
ciency is a critical requirement for real time and

Figure 8. ROC curves with shaded AUC regions for the four classifiers under 10-fold cross validation.

Table 5. Comparison between hold out and cross validation performance.

Model Hold out accuracies (%) CV accuracies (%) Hold out AUC CV AUC

Ensemble tree 100 74 1.00 0.87
Decision tree 92 64 1.00 0.78
SVM 30 36 0.78 0.54
kNN 23 28 0.65 0.47
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onboard diagnostic applications. Figure 9 presents a
comparative analysis of the training and prediction
times of the four evaluated classifiers. The RUSBoost
ensemble tree model exhibits the highest training time
due to the iterative construction of multiple weak lear-
ners inherent to the boosting process. In contrast, the
decision tree and kNN classifiers demonstrate signifi-
cantly lower training times, reflecting their simpler
model structures, while the SVM shows moderate com-
putational demand associated with kernel optimization.

Despite its higher training cost, the ensemble model
achieves competitive prediction efficiency in the present
offline evaluation. Since training is performed offline,
the higher training time does not directly constrain
operational use. The measured inference time suggests
that the framework is computationally promising for
future embedded implementation; however, a full
embedded deployment study, including processor spe-
cific timing, memory usage, and hardware level valida-
tion, remains outside the scope of the present work.
The current results should therefore be interpreted as
evidence of computational feasibility rather than as a
complete embedded deployment demonstration.

Conclusion

This paper presented an embedded, explainable
machine learning framework for fault detection in both
defence crewed and uncrewed vehicle suspension sys-
tems, combining multichannel feature extraction with
an ensemble-based classifier. The approach was experi-
mentally validated using a full-scale Land Rover
Defender 110 suspension assembly on a four-post
hydraulic vibration rig operating under broadband

excitation representative of defence mobility
environments.

A single run hold out evaluation demonstrated the
peak performance of the method, while the 10-fold
cross validation assessment provided a more realistic
estimate of generalisation under varying training condi-
tions. The ensemble model delivered the most stable
behaviour across both evaluations, maintaining consis-
tent AUC values and demonstrating resilience to the
high variance nature of suspension vibration data.

Feature importance analysis showed that peak-to-
peak amplitude, standard deviation and RMS domi-
nate diagnostic decisions, indicating that suspension
degradation is primarily manifested through increased
vibration excursion, dispersion, and transmitted energy.
This aligns directly with physical degradation mechan-
isms such as reduced damping effectiveness, looseness,
and elastomeric compliance. PCA analysis further con-
firmed partial class overlap, justifying the need for non-
linear ensemble-based decision boundaries.

Overall, the results indicate that the proposed
ensemble learning framework provides an effective bal-
ance of accuracy, robustness, and interpretability, while
remaining computationally efficient for embedded
implementation. The method offers a reliable diagnos-
tic layer that can be integrated with control architec-
tures for defence mobility suspension systems.

Several limitations of the present study should be
acknowledged. The experiments were conducted under
controlled four post rig conditions rather than under
fully operational field conditions, and the study was
performed on a single vehicle platform. Although the
rig environment provides repeatability and full-scale
dynamic realism, broader validation across additional

Figure 9. Comparison of training and prediction times for the evaluated classifiers.
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platforms, fault severities, payload conditions, and ter-
rain profiles will be necessary before general deploy-
ment can be claimed. In addition, relatively limited
dataset comprising 48 independent run-level samples
obtained from a single vehicle platform under con-
trolled four-post rig laboratory conditions, may affect
the statistical robustness of the reported performance
estimates, particularly in the multiclass setting where
decision boundaries are sensitive to partition variabil-
ity. Consequently, broader validation using larger
multi-vehicle datasets collected under diverse opera-
tional and terrain conditions will be necessary before
operational generalisation can be fully established.
Future work will therefore focus on extending the
framework to a wider range of vehicles and operating
conditions, incorporating richer explainability tools,
and evaluating implementation on embedded hardware
for in-vehicle deployment.
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