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Limited labelled bearing-fault data are a practical challenge for EV gearbox
condition monitoring, motivating diagnostic methods that can learn effectively
from only a few examples. EV gearboxes also operate under varying speed and load
conditions and may experience torque transients, which can alter vibration
signatures and further challenge the generalization of diagnostic models trained
with limited data. To investigate this problem in a controlled and reproducible
setting, this study evaluates a Prototypical Network for few-shot bearing fault
diagnosis using the publicly available CWRU vibration benchmark. A 4-way K-shot
protocol is used with K= 1, 3, 5, and 10, and a lightweight 1D-CNN is employed to
extract robust embeddings while preventing overfitting on small support sets. In
the pooled-load benchmark evaluation, ProtoNet achieves 98.87% accuracy in the
1-shot case, 99.80% in the 3-shot case, 99.58% in the 5-shot case, and 99.78% in
the 10-shot case, outperforming SVM, KNN, and a supervised 1D-CNN under the
same comparison protocol. Additional leave-one-load-out tests across all three

CWRU load permutations and K = 1, 3, 5, and 10 maintain mean accuracies above
99.80% over 1,000 independent test episodes per condition. These results
demonstrate strong few-shot performance and robustness to the limited load
shifts represented by the CWRU benchmark, providing encouraging
methodological evidence for the intended EV gearbox monitoring context. Because
CWRU does not reproduce the full speed, transient-torque, noise, and installation
variability of an EV gearbox, hardware-specific EV validation remains an
important next step.

1D-CNN
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1. Introduction
1.1. Background and Motivation

Drive train safety for electric vehicles (EVs) is becoming increasingly important as bearing failures
inside gearboxes could start off as a minor vibration or noise and develop into catastrophic failure
of the whole transmission. Recent reviews of EV fault diagnosis and automotive powertrain
monitoring also identify vibration-based condition monitoring as a central route for drivetrain
health assessment [1-4]. Current industry practice for drivetrain diagnostics is based on using
accelerometer data and processing it through segmentation and feature extraction methods in
order to identify impact signatures within the vibration signal that can indicate the presence of
inner-ring (IR), ball (B) or outer-ring (OR) faults or healthy bearings. Much of the state-of-the-art
in this area has been achieved through the use of deep learning, where models have obtained high
classification accuracy on bearing fault diagnosis datasets. However, there is a significant problem
of obtaining sufficient representative labelled vibration data to train such models for EV
transmission gearboxes. Bearing faults in practice are random events that do not occur very often,
which makes labelling sufficient data samples very time consuming and, in practice, it is unlikely
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that more than a few samples per fault type will be available for training. Further complicating the
problem are the variable operating conditions under which EVs operate including load, speed,
temperature and lubrication, which all affect how a bearing fault signal is propagated to the
accelerometer attachment point. In addition, EV traction systems can operate over wide and high
rotational-speed ranges, which broaden the frequency range of vibration components and increase
the bandwidth and sampling-rate requirements for reliable vibration acquisition. The regenerative
braking process also results in abrupt torque transients, leading to non-stationary vibration
characteristics and possible distribution shifts between operating conditions. Such variations can
reduce the generalization ability of diagnostic models trained under a limited set of conditions,
particularly when only a few labelled samples are available for adaptation. To the best of the
authors’ knowledge, there is no publicly available, comprehensive vibration dataset specifically
recorded from an EV gearbox for fault diagnosis. Even if a few samples are available for each fault
class at one particular operating load, it is unlikely that enough samples would be available to train
a model to generalize across loads. This paper therefore investigates few-shot bearing fault
diagnosis and controlled cross-load generalization using an open vibration benchmark, motivated
by the data-scarcity and operating-condition challenges encountered in EV gearbox monitoring.

1.2. Research Gaps and Challenges

Few-shot learning (FSL) typically trains a model on a small dataset and bypasses the need for a
large labelled training set by learning a metric in some embedding space or network structure to
recast recognition as a similarity comparison problem. Hence, FSL has been shown to be effective
for bearing and gearbox diagnosis in recent literature using Prototypical and Siamese network
architectures. By further employing transfer learning and pseudo-labelling, FSL can even be
extended to cross-domain scenarios. Nevertheless, three methodological gaps remain relevant to
data-efficient bearing diagnosis for potential EV gearbox monitoring.

First, existing few-shot learning studies have predominantly focused on generic rolling-element
bearings or other industrial applications, with limited focus on EV-relevant operational profiles,
particularly variations in load and speed. In the present study, CWRU is used as a controlled and
reproducible vibration benchmark for evaluating the proposed few-shot learning framework under
limited load shifts, rather than as a direct proxy for an EV-specific gearbox. Secondly, although
standard evaluation protocols for the CWRU dataset exist, a standardized evaluation protocol
specifically tailored for few-shot learning in bearing diagnostics-defining fixed episode
construction and data splitting-is still lacking. Even for those papers that do utilize a fixed dataset
and split, key hyperparameters-such as segment length, overlap, and K-are typically to be
determined by the individual researcher, producing unreliable cross-study comparisons. Finally,
models trained at single operating points may exhibit degraded generalization under changes in
loading conditions, which vary continuously in real-world EV driving. In addition to linear running
between high and low speed, EV gearbox bearings are subjected to start-stop cycling and part-load
operation, meaning that single-load evaluation provides little guarantee of in-vehicle performance.
Quantitative cross-load generalization performance therefore remains a relatively under
researched area in few-shot learning for diagnostic applications. The framework outlined
subsequently addresses these methodological gaps through a fixed open-benchmark protocol and
explicit cross-load evaluation, while EV gearbox monitoring remains the motivating application for
subsequent hardware-specific validation.

1.3. Objectives and Contributions

We seek a reproducible few-shot learning framework for bearing defect detection and explore its
pooled-load and cross-load performance using data from CWRU. Specifically, we present a 1D-CNN
Prototypical Network (1D-CNN ProtoNet) designed for the aforementioned segmented vibration
time series data. For robust model evaluation, we perform 4-way K-shot learning using the CWRU
drive-end (DE) bearing vibration data under 1, 2, and 3 HP load conditions, corresponding to
approximately 1772,1750,and 1730 RPM, respectively. We choose a 1024-point window with 50%
overlap. We consider Normal and three levels of defect (IR, Ball, and OR) for classification. For the
pooled-load evaluation, episodes are sampled from the available CWRU load conditions, with
support and query samples kept separate within each episode. For the cross-load evaluation, the
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model is trained using two load conditions and tested on the remaining unseen load without target-
load fine-tuning. All three leave-one-load-out load permutations are evaluated. We use three
supervised learning baselines: SVM, KNN and a supervised 1D-CNN. All experiments in the present
study use CWRU as a controlled vibration benchmark rather than data recorded from an EV
gearbox. Accordingly, the present work is positioned as a pilot benchmark study of the proposed
few-shot learning framework, while its generalization to the wider speed, load, and transient
operating conditions of real EV gearboxes requires further hardware-specific validation.

1.4. Paper Organization

Section 2 reviews the relevant state-of-the-art; Section 3 details the proposed 1D-CNN ProtoNet
and few-shot learning framework; Section 4 describes the experimental setup; Section 5 presents
and discusses the results, including cross-load robustness; and Section 6 concludes the study and
outlines future work.

2. Related Work
2.1. Vibration-Based Fault Diagnosis

Impacts of bearing faults in rotating machineries are manifested in vibration signals. The frequency
of such impacts is related to the location of faults, i.e., ball pass frequency inner (BPFI), ball pass
frequency outer (BPFO) and ball spin frequency (BSF). The fault related frequency components are
embedded or masked within the broadbands of vibration signals. Thus, time-frequency analysis
and some statistical features are usually employed to improve the fault diagnosis performance. The
short-time Fourier Transform (STFT) and wavelet transform are commonly used time-frequency
transforms. Several features including Root Mean Square (RMS), kurtosis, spectral centroid,
spectral bandwidth, spectral excess kurtosis, spectral kurtosis, Crest factor, and Shape factor are
extracted from time-frequency transformed signals. Two of the most commonly used features,
namely, RMS and kurtosis have been exploited widely. The energy of a signal band (in spectral
domain) is proportional to its RMS value, and it correlates well correlates with wear and overall
loading on a machine. The kurtosis feature of a signal captures the Transient Impulses within the
signal and is commonly used for incipient fault detection. Although these fixed features have been
widely and successfully applied for bearing fault diagnosis, they suffer significant limitations.
Beyond conventional feature-based methods, recent studies have also explored advanced signal-
processing, simulation-driven learning, and digital-twin-based approaches for bearing and gear
diagnostics. For example, variable-speed bearing diagnosis has been investigated through
envelope-spectrum characteristic-frequency analysis [5], while simulation-driven machine
learning [6] and digital-twin frameworks [7] have been applied to bearing fault classification and
gear degradation prognosis. Large variations in operating conditions or in machine dynamics result
in variations that are large enough to significantly degrade the performance of classifiers that are
trained under a specific operating condition. Due to large variability of images of the same object,
there is an increasing interest in data-driven approach capable of learning to recognize an object
from very few examples. Deep learning methods drastically changed the rule of feature extraction
in time domain. More recently, 1D-CNN, LSTM, TCN and other deep learning architectures have
been applied to time-series fault diagnosis in rotating machinery and EV transmission bearings
[8,9]. Features can be extracted directly from the amplitude of the raw signal and, unlike traditional
methods, feature extraction is no longer a manually designed process. The entire sensing to
diagnosis process of automotive powertrains can be reviewed in the light of order analysis
techniques and the processing of time varying signals using time-frequency methods to tackle the
non-stationary fault characteristics. In particular for EVs, data-driven approaches are becoming
increasingly prominent for motor, battery and gearboxes etc. diagnostics. A crucial assumption of
the above methods is that a large labelled dataset is available. While this can be achieved through
real world EV driving, the EV test rigs can be utilized in the meantime to generate the required data.
This may not be true on real EV gearboxes where faults are extremely rare and annotating such
faults is very time consuming and expensive.
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2.2. Few-Shot Learning for Fault Diagnosis

Foundational few-shot learning formulations include Siamese one-shot learning [10], model-
agnostic meta-learning (MAML) [11], and Prototypical Networks [12]. In FSL, many classification
methods can be viewed as searching in the embedding space, either fixed prototypes or Siamese
networks learning embeddings of small support sets and then classifying a new query sample based
on distance or pairwise scores. Recently, such methods have been applied to vibration-based
diagnosis. The wavelet-prototypical method in [13] combines wavelet transforms with a
prototypical network for few-shot gearbox detection and reports strong small-sample
performance. Weighted prototype and anti-noise Siamese variants in [14] and [15] further show
that bearing diagnosis can be handled under limited-data conditions. The hydrodynamic-
transmission study in [16] extends few-shot diagnosis through transfer learning, while the pseudo-
labeling framework in [17] uses time-frequency preprocessing for aero-engine bearings. Cross-
domain few-shot diagnosis has also been studied through meta-learning and domain-adversarial
graph modeling [18]. The review in [19] shows that metric-learning methods remain competitive
at very small data sizes, whereas the industrial-machinery study in [20] compares preprocessing
choices across MIMII, CWRU, and MFPT. Meta-transfer and MAML-style approaches further
address operating-condition shifts [21,22]. Related motor and EV-powertrain studies include wide-
kernel CNN/Siamese models for PMSM faults [23] and residual-current few-shot learning for EV
inverter faults [24]. Data augmentation and multimodal fusion have been explored through
GAN/CBAM rolling-bearing diagnosis [25] and MMFSL for industrial bearings [26]. Wavelet-
prototypical fusion also confirms the usefulness of embedding-based few-shot learning on
vibration signals [27]. Compared with wavelet-prototypical and anti-noise Siamese approaches,
the present method adopts a lightweight 1D-CNN Prototypical Network operating directly on
segmented vibration signals, without additional time-frequency preprocessing or dedicated anti-
noise modules. However, systematic few-shot evaluation using a fixed open-benchmark protocol,
particularly under cross-load conditions, remains limited in bearing fault diagnosis.

2.3. Open-Access Vibration Benchmarks

The experiments in this study use the publicly available CWRU bearing dataset, including drive-end
vibration measurements, EDM-induced bearing faults, a 12 kHz sampling rate, and three motor
load conditions. CWRU is retained because it provides a public and widely used vibration
benchmark with controlled fault classes and operating conditions, allowing the proposed few-shot
protocol to be evaluated reproducibly against established bearing-diagnosis studies. Nevertheless,
recognized limitations and anomalies in the CWRU dataset have been documented in previous
benchmark analyses [28]. Accordingly, the present study treats CWRU as a controlled
methodological benchmark rather than as representative of the broader operating variability of an
EV gearbox. Differences in dataset partitioning, preprocessing, and episodic construction make
direct comparison across few-shot diagnostic studies difficult. However, due to the lack of a
standardized evaluation protocol, it is generally not possible to perform a direct comparison
between different approaches in the field, Liang et al. [19]. Using time-frequency prototypical
network by Wang et al. on CWRU bearing data, wavelet-based frequency information improves the
classification performance when only a small number of training samples are available, which
makes this network a good starting point for a few-shot learning protocol. We utilize CWRU at three
different motor loads (1, 2 and 3 HP), each having different shaft speeds (approximately 1772-
1730 RPM). These operating speeds are determined by the CWRU benchmark and are used here as
a controlled starting point for methodological evaluation; they do not represent the wider speed
range encountered in real EV gearboxes. We test whether a model trained at one load can
generalize to other loads, in addition to the existing fault severity levels and bearing fault types
included in the CWRU dataset. We use a single experimental protocol throughout the work to
enable reproducibility. This includes fixed window length, overlap, and number of ways for a fixed
number of training cases (K-shot learning), as well as the pooled-load and leave-one-load-out
cross-load evaluation settings.
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2.4. Summary of Research Gaps

Despite substantial progress in vibration-based fault diagnosis and few-shot learning, several
methodological issues remain in reproducible few-shot bearing diagnosis. First, existing studies
employ different preprocessing procedures, episodic settings, and operating-condition partitions,
which makes direct comparison across studies difficult. Existing few-shot learning studies have
predominantly focused on generic bearing benchmarks, while systematic evaluation under
changes in operating load remains limited. Secondly, open benchmarks have not been consistently
utilized in the literature. For example, different window lengths, data split ratios and/or different
episode construction methodologies have been used at different times for supposedly the same
dataset (e.g. [19]). Thirdly, and most importantly, cross-load generalization has rarely been
quantified. As mentioned earlier, EV gearboxes are subject to dynamic changes in load and speed,
therefore explicit evaluations of train-on-one-load and test-on-another methodologies (e.g. [16,
20]) are required. The present study evaluates the proposed few-shot learning framework using a
fixed protocol on the CWRU bearing benchmark, with EV gearbox monitoring retained as the
motivating application context. Results were evaluated under both pooled-load and leave-one-
load-out cross-load settings.

3. Methodology
3.1. Overall Framework

As shown in Figure 1, the architecture consists of standard few-shot learning stages to process raw
CWRU vibration data: windowing and normalization of the time series. Following this, an episodic
few-shot learning loop is implemented with N classes and K support samples per class. A single 1D-
CNN is employed as a shared-weight encoder for both support and query samples, such that the
same network parameters are used to embed all windowed and normalized time-series segments
into the same embedding space. For each class, the mean embedding of the support samples is
computed as the class prototype, and each query sample is classified according to its Euclidean
distance to these prototypes. The use of an episodic framework as opposed to training on a large
fixed dataset is due to the small number of labelled samples per fault type.

End-to-End Few-Shot Fault Detection Framework

5. Metric Learning
Prototype Calculation
Euclidean Distance
Softmax NLL Loss

1. Data Input 2. Preprocessing 3. Task Construction 4. Feature Embedding
CWRU Vibration Data 1024-pt Segmentation Episodic Sampling Shared 1D-CNN

12 kHz Drive End 50% Overlap 4-Way K-Shot 32x256 — 64x64

Normal & Faults Z-score Normalization Support & Query Sets — 128x1 — 64-D

i 6. Evaluation
Target Classification
Accuracy & F1-Score

Generalization

Fig. 1. End-to-end few-shot fault detection pipeline

In practice the CWRU segments are of a fixed window size with 50% overlap between successive
segments. Hence all individual segments are first separately Z-score normalized, and then
collectively treated as a single set of samples for training a given network. For training a given
network, the same four classes are always used, K supports and query samples are drawn for each
class, and then passed through the same 1D-CNN, after which prototypes for each class are
computed and the negative log-likelihood loss is evaluated. After that Adam is used for back
propagation to update the CNN's weights. The test accuracy and F1 score are then computed using
the trained CNN according to the evaluation protocol specified in Section 3.3. The codebase for this
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work consists entirely of Python, and only uses the following libraries: PyTorch for all of the neural
network layers/functions, and scikit-learn for an SVM baseline as well as functions to calculate
class weights for K. The functions to calculate the mean and standard deviation of time series
samples for Z-score normalization are implemented using SciPy. All results were generated with a
fixed random seed for reproducibility.

3.2. Signal Acquisition and Preprocessing

The CWRU Bearing Data Center provides drive-end bearing data for a test rig that includes a
variable speed drive motor with a torque transducer, a dynamometer, and coupling to the test
bearing trial. The bearing is an SKF 6205-2RS JEM. Three different defects were machined on the
IR and OR bands and on the balls using EDM at 4 different diameters (0.007-0.028 in.). Three motor
load conditions were considered: 1 HP at approximately 1772 RPM, 2 HP at approximately 1750
RPM, and 3 HP at approximately 1730 RPM. The DE accelerometer was sampled at 12 kHz. The
bearing data are provided in the form of MATLAB files with the “.mat" extension. The relevant
parameters are listed in Table 1.

Table 1. CWRU bearing test-rig technical parameters

Parameter Specification
Sensor Type Drive End (DE) accelerometer
Sampling Rate 12,000 Hz
Defect Introduction Electrical discharge machining (EDM)
Fault Types Inner Race (IR), Ball (B), Outer Race (OR)
Defect Diameters (inch) 0.007,0.014, 0.021, 0.028
Motor Load (HP)/ Rotational Speed (RPM) 1/1772,2/1750,3/1730

For this work, 27 fault files and 3 normal time history files have been recorded. The normal files
were recorded at three different loads, and the IR, Ball, and OR defects are recorded at three
different loads each. All files are recorded on the DE transducer channel. All of the time history files
are recorded at full length without any sampling down. The length of the time history files therefore
varies, with the fault files being approximately 121k-123k samples (or ~10 s) long, and the normal
files approximately 484k-486k samples (or ~40 s) long. In this work, all four defect diameters and
all three loads are included, rather than studying diameter effects or load effects in this paper.
Window lengths of 512, 1024, and 2048 points, corresponding to approximately 42.7, 85.3, and
170.7ms at the 12kHz sampling rate, were evaluated. A 1024-point window was selected as a
compromise between capturing sufficient fault-related temporal information and retaining an
adequate number of training segments. At a representative shaft speed of 1750 RPM, one
revolution lasts approximately 34.3ms, so a 1024-point window spans approximately 2.5 shaft
revolutions. For the CWRU drive-end bearing, the BPFI and BPFO are 5.4152 and 3.5848 times the
shaft rotational frequency, corresponding to approximately 157.9 Hz and 104.6 Hz at 1750RPM.
Thus, one 1024-point window contains approximately 13.5 BPFI periods and 8.9 BPFO periods,
providing multiple fault-related impact opportunities within each input segment. The window
steps by 512 points, which is roughly twice the number of segments that would be obtained with
0% overlap. After segments were Z-score normalized (mean subtracted and then divided by
standard deviation) within files, the following segment counts per file were used (Table 2).

Table 2. Dataset segmentation summary

Class Fault Type Sample Segments Percentage
0 Normal 2835 30.73%
1 Inner Race (IR) Fault 2841 30.79%
2 Rolling Element (Ball) 2129 23.07%
Fault
3 Outer Race (OR) Fault 1422 15.41%

Atotal 0of 9,227 segments were produced and labeled for the total data set (2,835 Normal, 2,841 IR,
2,129 Ball, 1,422 OR) and numbered accordingly for classification (0-3). Figure 2 provides some



Wang / Research on Engineering Structures & Materials x(x) (xxxx) XX-Xx

waveforms from the different fault classes. In the IR and Ball faults, there are strong periodic effects
observed within the waveform, whereas the OR faults have effects that are more evenly spaced
within the waveform. For segment class definition, this project followed CWRU's guidelines for
segmenting roller bearing data so the research can be comparable with past studies.

Normal IR

2 5

Amplitude (normalized)
o
1

Amplitude (normalized)
1

-4 - 4

T T T T T T T T

Time (ms) Time (ms)

Ball OR

4
2
0 W*
-2
-4
6 16 2‘0 3‘0 4‘0

T T T T T T T T T T T T
50 60 70 80 0 10 20 30 40 50 60 70 80
Time (ms) Time (ms)

Amplitude (normalized)
Amplitude (normalized)

Fig. 2. Time-domain waveforms of Z-score-normalized vibration segments for the four classes

3.3. Few-Shot Task Construction

We fix N=4 (i.e., all four classes are in every episode) and vary K in {1, 3, 5, 10}. Increasing K from
1 to 10 significantly changes both the accuracy and stability of the network as it sees a support set
of increasing size. K=1 is the most relevant scenario, given the data scarcity assumption of this
work. For each class, we use an average of 15 queries per episode (resulting in 60 queries per
episode). For each K-shot setting, the ProtoNet is trained using 200 episodically generated training
tasks. For the pooled-load evaluation, performance is evaluated over 100 independently sampled
test episodes. For the leave-one-load-out cross-load evaluation, each K-shot setting and load
permutation is evaluated over 1000 independently sampled test episodes. Accuracy and macro-F1
are reported as the mean and standard deviation across the test episodes.

N = 4: Normal, IR, Ball, OR appear in every episode.

K e {1, 3, 5, 10}: number of support samples per class.

Query: 15 samples per class per episode.

Training: 200 episodes; pooled-load testing: 100 episodes; added cross-load testing: 1,000
episodes per condition; results reported as mean #* std.

3.4. Model Architecture and Metric Learning

To learn segment embeddings, the network uses three sequential 1D convolutional blocks,
followed by a fully connected projection layer to obtain the final embedding representation. Large
feature maps from early layers capture high level local structure while later layers capture finer
details. The first block utilizes a kernel size of 7 to incorporate a slightly longer local region of the
signal, corresponding to approximately 0.58 ms at the 12 kHz sampling rate. The following two
blocks have kernel sizes of 5 and 3 respectively. The first two convolutional blocks are followed by
stride-4 max-pooling, reducing the temporal dimension from 1024 to 256 and then to 64,
respectively. The third block is followed by adaptive average pooling, reducing the resulting feature
map to 128x1 before the final 128-to-64 linear projection. The 1D-CNN therefore learns an
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embedding of a 1024-point segment into a 64-dimensional vector. Step by step the capacity of the
network is increased by powers of two, by increasing the number of filters from 32 to 64 to 128
dimensional filters, within three corresponding blocks of convolutional layers. After the third such
block, adaptive average pooling is utilized in order to step down the temporal dimension to a single
index, the corresponding channel. Then a linear projection from 128 to 64 dimensions follows,
without any activation function. We then L2 normalize the 64-dimensional vector, which means
that we keep the distances between the vectors scale consistent, which is important for prototype
matching.

Conv Block 1: 32 filters, kernel 7 (padding 3), BN, ReLU, max pool stride 4 — (32, 256).
Conv Block 2: 64 filters, kernel 5 (padding 2), BN, ReLU, max pool stride 4 — (64, 64).
Conv Block 3: 128 filters, kernel 3 (padding 1), BN, ReLU, adaptive avg pool - (128, 1).

e FC: 128 — 64, output L2-normalized.
Following the standard Prototypical Network formulation [12], the prototype of class n is
computed as the mean of its K support embeddings c,:

K
1
n = EZ fo(2n) )

A query embedding fy(*) is assigned to the class whose prototype is nearest under Euclidean
distance:

d(q' Cn) = ”q - Cn”Z (2)

Euclidean distance is retained (rather than a learned metric or cosine) because, at K = 1, the
prototype is simply the single support embedding and the assignment rule is unambiguous; for
small K the mean already provides a low-variance estimate, and preliminary trials showed no
benefit from more elaborate metrics. SoftMax over negative distances yields probabilities, and
training minimizes NLL:

og exp[—d(q, Cy)] (3)
Zrl\llzl exp[_d(q: Cn)]
with y the true class of the query.

L=~

3.5. Training Strategy and Implementation

The model is optimized with Adam (Ir 0.001, $,=0.9, £,=0.999) with a StepLR scheduler that halves
the learning rate every 50 training steps. For each model setting, training is performed over 200
episodically generated tasks. In each episode, support and query samples are independently
sampled according to the predefined 4-way K-shot protocol, and previously generated episodes are
not replayed. To ensure reproducibility, fixed random seeds are used for NumPy (42) and PyTorch
(123), including the episodic sampling procedure. The code runs without errors with Python 3.10,
PyTorch 2.2.2, scikit-learn 1.7.2, SciPy 1.15.3, NumPy 1.26.4. No proprietary software is required.

4. Experimental Setup
4.1. Benchmark Dataset and Partitioning Scheme

The training and evaluation procedures use the 9,227 segments described in Section 3.2. The four
classes contain 2,835 Normal, 2,841 IR, 2,129 Ball, and 1,422 OR segments. Although these raw
totals are imbalanced, each episode is constructed with equal numbers of samples from all four
classes. For the pooled-load benchmark comparison, episodes are sampled from the three motor
load levels (1, 2, and 3 HP), with support and query samples kept non-overlapping within each
episode rather than using a fixed segment-level train/test ratio. For cross-load testing, a leave-one-
load-out scheme is used: Loads 1+2 — 3, Loads 1+3 = 2, and Loads 2+3 — 1. The held-out load is
not used for fine-tuning.
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4.2. Baseline Methods

Three reference baselines are included to compare metric-based few-shot classification with
conventional small-sample classifiers and a supervised neural-network baseline.

e SVM (RBF): C=10, y= "scale. Trained per episode on the support set and evaluated on the
query set.

e KNN: K = min(Kgp,:, 5)the support set is used as the reference, Euclidean nearest-neighbor
classification. No training step is required.

e Supervised 1D-CNN: shares the same 1D-CNN backbone as the embedding network, with an
added linear classifier; fine-tuned on the support set for 50 epochs per episode before
evaluation on the query set [8]. This is used as a conventional small-sample supervised
reference rather than as an episodically trained FSL method. No early stopping was used for
this baseline.

SVM and KNN use the same 1024-point segments as ProtoNet. Fourteen fixed handcrafted features
are extracted from each segment: mean, standard deviation, maximum, minimum, RMS, mean
absolute value, crest factor, kurtosis, shape factor, skewness, spectral centroid, spectral energy,
peak frequency, and spectral standard deviation. The feature set is kept fixed for all comparisons.

4.3. Evaluation Metrics

e Accuracy: mean * std over independent test episodes (100 episodes for the pooled-load
comparison and 1,000 for each added cross-load condition).

e Macro F1: average of the four per-class F1 scores. Because every episode contains equal
query counts from all four classes, Macro F1 and Accuracy can be numerically very close at
high classification accuracy.

e Confusion matrix: normalized, ProtoNet 5-shot, to reveal which fault pairs are most often
confused.

4.4. Ablation and Sensitivity Analysis

All methods in the pooled-load comparison are evaluated at K = 1, 3, 5, and 10. The cross-load
analysis is also evaluated at K = 1, 3, 5, and 10 for each of the three leave-one-load-out
permutations. No additional architecture or dataset ablation is introduced in this study.

5. Results and Discussion

See Tables 3 and 4 for the Accuracy and macro F1 of all methods under the 4-way K-shot setting (K
=1, 3,5,10).

Table 3. 4-way K-shot classification accuracy comparison (mean * std, 100 test episodes)

Method 1-shot 3-shot 5-shot 10-shot
ProtoNet 98.87 + 2.04 99.80 + 0.59 99.58 + 0.79 99.78 + 0.56
S“pergl‘\flfld 1D- 63.07 + 7.75 77.42 +7.81 84.63 + 6.71 91.48 + 5.03
SVM 57.80 + 7.93 67.03 + 7.16 71.80 + 6.40 78.17 + 5.61
KNN 57.75 + 7.97 62.13 + 5.99 63.68 + 7.66 73.45 + 6.28

Table 4. 4-way K-shot macro-averaged F1 score comparison

Method 1-shot 3-shot 5-shot 10-shot
ProtoNet 98.87 99.80 99.58 99.78
Supervised 1D-
CNN 63.12 77.44 84.64 91.48
SVM 57.83 67.05 71.80 78.16
KNN 57.77 62.10 63.61 73.45

ProtoNet achieves 98.87 + 2.04% accuracy in the 1-shot setting, compared with 63.07 £ 7.75% for
the supervised 1D-CNN, 57.80 + 7.93% for SVM, and 57.75 + 7.97% for KNN. At 3-shot, ProtoNet
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reaches 99.80 + 0.59%. A small decrease to 99.58 + 0.79% is observed at 5-shot, followed by 99.78
* 0.56% at 10-shot; this small non-monotonic variation is treated as sampling variability rather
than as a systematic trend. The strong low-shot performance is consistent with the metric-learning
formulation: instead of fitting a new decision boundary from a very small support set, ProtoNet
compares queries directly with class prototypes in a learned embedding space. The baselines
improve as K increases, but remain below ProtoNet under the reported protocol. Figures 3 and 4
visualize the corresponding accuracy comparisons.

4-Way K-Shot Classification Accuracy on CWRU Dataset
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Fig. 3. Classification accuracy comparison bar chart for the four methods under 4-way K-shot
Accuracy vs. Number of Support Samples
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Fig. 4. Accuracy vs. number of support samples for each method

The pooled-load results are obtained on the CWRU benchmark and should therefore be interpreted
as methodological evidence for the proposed few-shot bearing-classification framework. In the
context of this study, they support the feasibility of a data-efficient diagnostic approach relevant to
EV gearbox monitoring, while direct EV gearbox performance remains to be established using
hardware-specific data.
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5.2. Cross-Load Generalization Performance

Table 5 reports the added leave-one-load-out cross-load evaluation. The model is trained using two
CWRU load levels and evaluated on the third held-out load, and all three permutations are tested
atK=1, 3,5, and 10. Across all three held-out-load configurations, mean accuracy remains above
99.80% for every tested K. For Loads 1+2—3, the accuracy ranges from 99.81% to 99.97%; Loads
1+3-2 yields 100.00% in the reported runs; and Loads 2+3—1 ranges from 99.96% to 99.98%.
Macro-F1 values differ from Accuracy by less than 0.01 percentage points because each episode
uses balanced query sets. These additional permutations show that the original cross-load
observation is not unique to one particular held-out CWRU load.

Table 5. Cross-load generalization under leave-one-load-out evaluation (accuracy %, mean # std
over 1,000 test episodes)

Training Unseen

1-shot 3-shot 5-shot 10-shot
loads load
1+2 3 99.94 + (.32 99.81 + 0.56 99.90 + 0.40 99.97 + 0.23
1+3 2 100.00 + 0.00 100.00 + 0.00 100.00 + 0.00 100.00 + 0.00
2+3 1 99.96 + 0.24 99.97 + 0.24 99.98 + 0.20 99.98 + 0.20

The three operating points nevertheless have relatively close shaft speeds and represent controlled
laboratory loading. The results therefore support robustness to modest operating-condition shifts
within CWRU and provide encouraging evidence for further evaluation under the wider speed,
transient-torque, noise, temperature, and installation variability encountered in EV gearboxes.
Quantitative extrapolation to those broader conditions would require additional hardware-specific
validation.

5.3. Error Analysis

Figure 5 shows the normalized confusion matrix for ProtoNet at 5-shot in the pooled-load
evaluation. The diagonal entries dominate, with only a small number of off-diagonal errors. The
few Ball-IR errors may be associated with similarities in their transient vibration signatures;
however, the present experiment does not establish a specific physical mechanism for these errors.
Figure 6 provides a qualitative t-SNE visualization of the 64-dimensional embedding space. The
visualization is used only to illustrate the learned representation and is not interpreted as
quantitative evidence of K-dependent cluster evolution.
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Fig. 5. ProtoNet 5-shot normalized confusion matrix
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t-SNE Visualization of ProtoNet Embeddings (5-shot)
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Fig. 6. ProtoNet 5-shot embedding-space t-SNE visualization

5.4. Engineering Implications

The results indicate that, within the controlled CWRU benchmark, the ProtoNet can achieve high
classification accuracy with only a few labelled support segments per class. Performance changes
little beyond approximately 3-5 shots in the pooled-load results, suggesting diminishing returns
from additional support examples for this particular benchmark. This data-efficient behaviour is
relevant to the limited-labelled-data motivation of EV gearbox monitoring, but it should not be
interpreted as a complete field-deployment requirement. Real gearbox measurements include
additional sources of variability, including road and structural noise, temperature, sensor
placement, wider speed ranges, and transient loading. These factors define the next stage of
hardware-specific validation and, where necessary, domain adaptation.

6. Conclusions and Future Work
6.1. Principal Findings

This study evaluates a 1D-CNN Prototypical Network for 4-way few-shot bearing fault diagnosis on
the CWRU benchmark. In the pooled-load comparison, ProtoNet achieves 98.87 + 2.04% at 1-shot,
99.80 + 0.59% at 3-shot, 99.58 + 0.79% at 5-shot, and 99.78 + 0.56% at 10-shot, outperforming the
reported SVM, KNN, and supervised 1D-CNN baselines. The additional leave-one-load-out
evaluation covers all three CWRU load permutations and K = 1, 3, 5, and 10, with mean accuracy
above 99.80% in every tested condition. Together, these results establish a reproducible
benchmark-level demonstration of strong few-shot classification and robustness to the limited load
shifts represented by CWRU, and provide encouraging methodological evidence for the intended
EV gearbox monitoring context. Direct performance under the broader operating conditions of real
EV gearboxes remains to be established through hardware-specific validation.

6.2. Practical Significance

The practical significance of the present result is its data efficiency under a controlled laboratory
benchmark. The method requires only a small support set at inference, while the metric-learning
representation avoids fitting a separate high-capacity classifier from those few examples. This
characteristic is relevant to EV gearbox monitoring scenarios where labelled fault examples may
be scarce. Before field application, however, the approach should be validated on hardware-specific
data that include realistic speed variation, transient torque, noise, temperature, mounting, and
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sensor-location effects. The present results therefore provide a methodological basis for
subsequent EV gearbox validation rather than a claim of completed field deployment.

6.3. Limitations and Future Work

Three limitations should be emphasized. First, the experiments use only the CWRU bearing
benchmark, whose load and speed variations are limited and whose laboratory fault generation
does not represent the full diversity of field faults. Second, no vibration measurements from an EV
gearbox are used in the present evaluation, so the influence of road noise, temperature, sensor
placement, wide speed ranges, and torque transients remains to be quantified. Third, the present
study evaluates only the Normal, IR, Ball, and OR bearing classes and a lightweight 1D-CNN
embedding; it does not compare alternative datasets or more complex architectures. Future work
will therefore extend the benchmark findings through additional bearing datasets and, importantly,
dynamometer and in-service EV gearbox measurements.
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