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Abstract—Deep transfer learning has achieved significant suc-
cess in anomaly detection over the past decade, but data ac-
quisition challenges in practical engineering hinder high-quality
feature representation for few-shot learning tasks. To address this
issue, a novel time-frequency-assisted deep feature enhancement
mechanism (TFE) is proposed. Unlike traditional methods that
integrate time-frequency analysis with deep neural networks,
TFE employs a wavelet scattering transform to establish a
parallel time-frequency feature space, where a dual interaction
strategy facilitates collaboration between deep feature and time-
frequency spaces through two operations: 1) Enhancement, where
a frequency-importance-driven contrastive learning (FICL) net-
work transfers physically-aware information from wavelet scat-
tering features to deep features, and 2) Feedback, which uses
a detection rule adaptation module to minimize bias in wavelet
scattering features based on deep feature performance. TFE is
applied to a domain-adversarial anomaly detection framework
and, through alternating training, significantly enhances both
deep feature discriminative power and few-shot anomaly de-
tection. Theoretical analysis confirms that the proposed dual
interaction strategy reduces the upper bound of classification
error. Experiments on benchmark datasets and a real-world
industrial dataset from a large steel factory demonstrate TFE’s
superior performance and highlight the importance of frequency
saliency in transfer learning. Thus, collaboration is shown to
outperform integration for few-shot transfer learning in anomaly
detection.

Index Terms—Anomaly detection, Time frequency analysis,
Transfer learning, Feature enhancement, Few-shot learning.

I. INTRODUCTION

ITH promising performance in various tasks
(e.g. anomaly detection and image recognition),
deep learning techniques continue to face challenges in
scenarios with limited or insufficient training data. Few-shot
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deep learning, a technique designed to address this issue,
aims to develop models that perform effectively with minimal
data. In deep transfer learning, sufficient source domain
data significantly enhances the representation of domain
knowledge, facilitating effective knowledge transfer. Thus, the
core challenge of few-shot deep learning lies in developing
a feature representation that captures essential information
from limited data. To the best of our knowledge, this remains
a vast and underexplored research area.

Fault detection in rotating machinery exemplifies the chal-
lenges in few-shot deep learning. Mechanical equipment is
often prone to unexpected failures in practical engineering,
necessitating the early recognition of faults from normal states.
As illustrated in Fig. 1, with sufficient normal state data,
the detection rule, which is represented by the boundary of
the support vector data description (SVDD) hypersphere, be-
comes well-defined. Despite noise and variations in equipment
degradation, models trained on large datasets can effectively
separate normal and fault states. Unfortunately, in few-shot
scenarios, detection rules are highly sensitive to individual
samples, with even minor noise causing shifts in the hyper-
sphere, leading to misclassifications or missed alarms.

To enhance few-shot deep learning, it is imperative to de-
velop feature representations from limited data that effectively
capture key information, and such a process is referred to as
feature enhancement [1]. Beyond accuracy, few-shot detection
results must achieve greater reliability than those derived from
large-scale data, which are often presumed to be trustworthy.
The main challenges include establishing valid detection rules
from limited samples and identifying the most critical informa-
tion for few-shot tasks. Addressing these challenges requires a
robust feature enhancement mechanism that excels in few-shot
scenarios and provides a degree of model interpretability.

Generative adversarial networks (GANs) and other gen-
erative variants (e.g., diffusion model) are widely regarded
as a prevalent method for deep feature enhancement. By
establishing adversarial training between a generator and a
discriminator, GANs enable the generator to learn the under-
lying data distribution and produce realistic samples. While
GAN-based data augmentation techniques show promise in
improving model generalization and feature representation [2],
they typically require large training datasets to maintain gen-
erative capability. In few-shot scenarios, the negative impact
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Fig. 1. Schematic of the detection rules with training data of different scales.

of noise cannot be empirically mitigated as it is in scenarios
with abundant data, leading to biased simulated data and low-
quality generated features. As a result, the performance of
GANSs significantly deteriorates in few-shot learning tasks.

In recent years, time-frequency analysis methods, such as
wavelet transform, have been successfully applied to fea-
ture enhancement in few-shot deep learning [3], [4]. With
a solid mathematical foundation, wavelet transform captures
frequency-level features at different scales, enabling the ex-
traction of complete and physically meaningful information
from limited data. However, most current studies use wavelet
transform primarily as filters during feature extraction, which
can essentially be considered an integration strategy [5]. While
simple and intuitive, this approach risks information loss
during the filtering process. Thus, a critical challenge in few-
shot deep learning with time-frequency analysis lies in further
reducing information loss and improving the quality of feature
representation.

Inspired by the above discussions, this paper presents
a novel time-frequency-assisted deep feature enhancement
(TFE) mechanism. Unlike the traditional integration-based
strategy, TFE employs a dual interaction strategy centered
on collaboration between the time-frequency space and deep
feature space. The dual interaction strategy can be essen-
tially viewed as an information-sharing mechanism, hereby
realizing the mutual influence between the two spaces. As
illustrated in Fig. 2(c), this collaboration strategy captures
comprehensive and critical features from limited data with
minimal information loss, and such a process likened to a
“teacher-student” learning model: the wavelet transform acts
as the experienced teacher, guiding the deep learning model
(the student) to enhance its learning, while the student provides
feedback to refine the teacher’s guidance. Unlike integration,
collaboration leverages the complementary strengths of the
two feature spaces, ensuring complete feature extraction in
few-shot scenarios and reducing the potential information loss
caused by using wavelet transforms as filters. Consequently,
the reliability of the resulting learning model is significantly
enhanced, which is a critical aspect of few-shot deep learning.

To illustrate the TFE mechanism, one-class anomaly detec-
tion is used as an example, as it clearly defines task objectives,
including detection rules and discriminative information. The
mechanism consists of two key steps:

1) Building a Deep Time-Frequency Network: A time-

frequency feature space is created using the wavelet

Discriminator — Loss II
A network
Original data T
= « Filter
i Generator v
VNI = nerworke. — Pl
Noise Fake data m ‘ m” ‘ m ,/,-“
(a) (b)
4 Time-frequency feature space
Feedback Enhancement
Task constraints Wavelet feature
1 Deep feature space r
()

Fig. 2. Schematic of deep feature enhancement methods, where (a) is
GANs, (b) is wavelet transforms adopted as filters, and (c) is the TFE
mechanism. Quite different from (a) that generates synthetic samples and
(b) that integrates fixed filters into deep neural network, TFE employs a dual
interaction strategy between the time-frequency space and deep feature space
for ensuring complete feature extraction.

scattering transform (WST) [6], which provides benefits
such as norm preservation, non-expansion, translation
invariance, and shape stability. These properties support
deep features in few-shot scenarios, even with devia-
tions. The time-frequency space operates parallel to the
deep feature space, which is expanded by any deep
neural network.

2) Enabling Dual Interaction: Two operations, Enhance-
ment and Feedback, facilitate interaction between the
time-frequency and deep feature spaces:

o Enhancement: A frequency importance-driven con-
trastive learning (FICL) network incorporates the
frequency importance (FI) metric to fuse time-
frequency information into deep features through
unsupervised contrastive learning. The FI metric
is designed to quantify the similarity between the
two domains, reflecting the contribution of each
frequency band during the transfer process.

e Feedback: A detection rule adaptation module trans-
fers discriminative information from deep features
to the time-frequency space. This process updates
the time-frequency feature space based on detection
results in the deep feature space.

The operations of Enhancement and Feedback are per-
formed alternatively, enabling deep features to incorporate
more complete and physically-aware information from wavelet
features. Unlike the conventional methods illustrated in Fig. 2,
the proposed TFE mechanism preserves the feature extrac-
tion capabilities of deep neural networks while mitigating
the information loss associated with wavelet transform. TFE
is integrated into a domain-adversarial anomaly detection
framework to facilitate few-shot transfer learning. An upper
bound on TFE’s generalization error is derived, revealing two
critical factors: the aggregation degree of deep features and
wavelet features. Through iterative enhancement and feed-
back, the representation quality of both feature spaces is im-
proved, which demonstrates that the dual interaction strategy



effectively reduces classification error and enhances model
reliability. Experiments on image recognition and early fault
detection validate TFE'’s superior performance and underscore
the importance of frequency saliency in the transfer process,
as quantified by the FI metric. By measuring the significance
of each frequency band in the source domain, the detection
results in few-shot scenarios are rendered more reliable and
trustworthy.

It is noteworthy that TFE extends beyond anomaly detec-
tion, with its primary aim being the improvement of feature
representation in few-shot scenarios, making it adaptable to
any deep neural network. By modifying the detection rule
in the feedback step, TFE can be customized for various
applications, such as fault prognosis and object detection. The
key contributions of this paper are as follows.

1) Proposed TFE Mechanism: A novel deep feature en-
hancement mechanism using time-frequency analysis is
presented. By enabling dual interaction between time-
frequency and deep feature spaces, this mechanism sig-
nificantly improves deep feature representation for few-
shot learning tasks. To the best of our knowledge, this
is the first approach to apply an interaction strategy for
deep feature enhancement with time-frequency analysis.

2) Theoretical Guarantee: An upper bound on the general-
ization error of TFE is derived, providing a theoretical
foundation for the reliability of the interaction strategy.
This bound also highlights the critical factors influencing
TFE’s performance, specifically the aggregation degree
of samples in the two feature spaces. Notably, this is
the first study to analyze generalization error for deep
feature enhancement.

The remainder of this paper is organized as follows. Section
II provides a comprehensive analysis of related work. Section
IIT describes the proposed TFE mechanism and the complete
anomaly detection transfer learning model. Section IV presents
a theoretical analysis of the reliability of the TFE mechanism.
Section V discusses the empirical evaluation results, and the
paper concludes in Section VI.

II. PRELIMINARY WORKS

Traditional one-class anomaly detection methods (e.g. iFor-
est [7], OC-SVM [8], and SVDD [9]) often rely on hand-
crafted features. For instance, SVDD aims to find the small-
est hypersphere that contains most normal data in a high-
dimensional space, using the hypersphere boundary as the
detection rule. Recently, deep learning has provided new solu-
tions with its end-to-end feature extraction capabilities [10]-
[13]. Ruff et al. [14] introduced the Deep SVDD algorithm,
integrating classical SVDD with a deep convolutional neural
network. To address the challenge of insufficient training
samples, transfer learning techniques, such as fine-tuning (e.g.,
Baireddy et al. [15], Bergmann et al. [16], Han et al. [17],
Subramanian et al. [18], Swati et al. [19], and Zhou et al.
[20]), and domain-adversarial training strategies (e.g., Farahani
et al. [21], Han et al. [22], Ma et al. [23], Ragab et al. [24],
Shermin et al. [25], Wang et al. [26], and Yang et al. [27]),
have been employed to facilitate knowledge transfer. While

these methods have achieved promising results, they remain
sensitive to low-quality target domain data. Mao et al. [28]
tackled this issue by developing a deep domain-adversarial
anomaly detection (DAAD) model that uses hypersphere ad-
versarial training to transfer detection rules. However, this
approach still relies heavily on large-scale source domain data,
and their performance degrades significantly when source data
is limited or small-scale.

Feature enhancement techniques, such as GANs (e.g.,
Bowles et al. [29], Frid-Adar et al. [30], Goodfellow et al.
[31], Kang et al. [32], Liu et al. [33], and Tran et al. [34]),
diffusion models (e.g., Ho et al. [35]), and time-frequency
analysis methods, including wavelet and Fourier transforms,
are commonly used to reduce data dependency and address
data scarcity concerns. However, GAN-based feature genera-
tion relies heavily on large training datasets. In recent years,
wavelet transform has gained popularity as a powerful tool for
feature enhancement in few-shot scenarios due to its robust
mathematical foundation [36]. Studies such as Behmanesh et
al. [37], Bouny et al. [38], Fu et al. [39], Mishra et al. [40],
and Pan et al. [41] have incorporated wavelet transform into
deep neural networks to extract key features. However, as
wavelet transform function is a fixed filter, it inevitably causes
some degree of information loss, which highlights a significant
opportunity for further advancements in feature enhancement
techniques for few-shot learning.

Interpretability analysis, which explains the decision-
making process, is crucial for improving the trustworthiness
of learning results. It typically focuses on aspects such as
sample saliency (e.g., Tirinzoni et al. [42] and Zhang et al.
[43]), feature significance (e.g., Bugata et al. [44], Jeyasothy
et al. [45], and Wu et al. [46]), and network structure (e.g.,
Dhebar et al. [47], Singh et al. [48], and Zeiler et al. [49]).
In transfer learning, transferability analysis seeks to elucidate
transfer strategies, thereby enhancing the interpretability of the
transfer process [50], [51]. In few-shot learning, the reliance on
large datasets reduces result reliability due to insufficient data
and poor feature extraction. Time-frequency analysis, capable
of decomposing signal data, offers potential for extracting and
transferring valuable information from a frequency perspec-
tive. To the best of our knowledge, no existing research has
explored transferability analysis based on frequency saliency.

III. METHODOLOGY

This section provides a detailed explanation of the proposed
TFE mechanism. To demonstrate its training process, a few-
shot transfer learning model for anomaly detection incorpo-
rating TFE is developed, as illustrated in Fig. 3. The detailed
implementation steps are outlined below.

A. Problem description

Assume that the source data X° = {z7, 31—, contains M
normal samples, where the superscrlpt S denotes the source
domain. The target data X7 = {xvx 5 contains N normal
samples, where the superscript T 1nd1cates the target domain.
The test data X Ttest = { T ]} - 0r1g1nates from the target
domain and includes both normal and anomalous samples.
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Fig. 3. Structure diagram of the few-shot transfer learning for anomaly detection model with the TFE mechanism. Running with domain adversarial training,
the model integrates the proposed TFE mechanism into feature extractor. The FI metric guides purposeful knowledge transfer in terms of frequency importance.

The anomaly detection problem addressed in this paper
adheres to the following conditions:

1) The source domain D® = {X¥, P (X®)} consists of
X% and its corresponding distribution P (X¥).

2) The target domain DT = {XT, P (XT)} consists of
X7 and its corresponding distribution P (X T).

3) The data distributions are distinct, i.e., P (X s ) #*
P (XT), but the anomaly detection rules in the source
and target domains share inherent similarities.

Transfer learning for anomaly detection seeks to leverage
the normal data from X° and X7 to train an anomaly
detection model capable of identifying anomalies in X "¢t In
this context, X7 is small-scale, posing challenges for transfer
learning. By transferring discriminative information from X,
the detection performance on X Ttst can be enhanced. How-
ever, in few-shot scenarios, X° is also insufficient. Therefore,
this paper addresses the transfer learning problem for anomaly
detection where both X and X7 are small-scale.

B. Proposed TFE mechanism

The TFE mechanism consists of three main components:
feature extraction, enhancement operation, and feedback op-
eration. The overall algorithmic framework is summarized as
follows. 1) First, X and X7 are simultaneously input into
a deep neural network f (-, Wp) and a deep time-frequency
network f (-,Wr), which generate a deep feature set X,
and a wavelet feature set X, for the two domains. Here,
f(-,Wp) can be any deep feature extractor, while f (-, Wr)
is constructed by cascading convolutional filters and WST.
2) Next, Xy and X, are fed into the FICL network for
the enhancement operation, producing enhanced deep fea-
tures X4 . and enhanced wavelet features X, . respectively.
These enhanced features are then passed to the detection

rule adaptation module to perform the feedback operation. 3)
The enhancement and feedback operations run alternatively
until the deviation between the two feature sets falls below a
predefined threshold. The detailed implementation process is
introduced in the following sections.

1) Feature extraction: Without loss of generality, a deep
convolutional network is utilized as the deep feature extractor,
denoted as f (-,Wp) : X — F € R™, where Wp represents
the network Welghts Using f (-, Wp), the deep feature set
Xq={X7,XT} is obtained, where X7 and X correspond
to the deep features from the source and target domains,
respectively.

The learnable deep time-frequency network f (-, Wr) is
designed to extract X,, = {X% XT} where X and XT
are the wavelet features from the source and target domains,
respectively. WST is utilized to decompose the deep features
obtained from convolutional filters into a full frequency band.
Compared to classical wavelet transform, WST provides su-
perior properties, including norm preservation, non-expansion,
translation invariance, and shape stability [6]. These character-
istics allow WST to produce a complete and physically-aware
feature set, enhancing classical deep features and benefiting
few-shot feature representation. Due to space limitation, the
detailed implementation of WST is provided in Appendix.

Although multiple WST kernels can be cascaded to ex-
tract fine-granularity wavelet features, the energy of wavelet
scattering coefficients diminishes as the network depth in-
creases, eventually approaching zero. Consequently, this paper
employs a cascaded three-layer WST network, as the energy
iteration for three layers achieves over 98% [6]. The output
of each layer is approximately defined as a frequency band.
Thus, X,, can be divided into three frequency bands: low
frequency, medium frequency and high frequency, i.e., X =



{x?, X3, X5}, XD = {X], X1, X} for the source and
target domains, respectively.
2) Enhancement operation:

a) Frequency Importance Metric: With the frequency
bands specified, the wavelet features become physically-aware.
To quantify the significance of each frequency band in the
transfer process, this paper introduces a new FI metric based
on a frequency hypersphere matching strategy. The construc-
tion of F1I is rooted in the principle of prioritizing the transition
of anomaly detection rules over feature adaptation for anomaly
detection tasks. In few-shot scenarios, feature representations
may vary significantly in terms of edges, textures, shapes,
and other attributes, making anomaly detection rules (e.g.,
the SVDD hypersphere) more effective in capturing intrinsic
patterns that distinguish normal from anomalous samples. To
implement this, we propose a frequency hypersphere matching
strategy that quantifies the deviation between the hyperspheres
of different domains within the same frequency band.

Here, we use the low-frequency band as an exam-
ple to illustrate the specific implementation. Hyperspheres
are constructed for X7 and X7 in the high-dimensional
space respectively, with their center and radius denoted as
C?,CT R7,RT. By calculating the matching divergence be-
tween the two hyperspheres, the FI metric of low frequency
band can be calculated as:

R? + RY
FIp = D’ ()
lez = CEI” + |RE - RE]
where ||-|| represents [o-norm, | - | is absolute value.

In (1), the denominator is designed to measure the disparity
between the two hyperspheres, while the numerator is the
radius of the two hyperspheres. Since different frequency
bands pose divergent energy in WST, the radius sum is
used to normalize the disparity for mitigating the magnitude
difference. A reciprocal operation is further carried out for
measuring the similarity between the two domains.

Similarly, the FI metrics for the medium and high-frequency
bands, F'Ip; and Flp, can also be computed. A higher
FI value indicates greater importance of the corresponding
frequency band, and vice versa.

{F1i},_p .y is linearly scaled to produce valid weights,

as follows:
FI;

FI, = 2
Fl;, + Fly+ Flyg 2)

Clearly, the scaled weights satisfy FI, L+ FI, M+ FI, =1

b) Frequency importance-driven contrastive learning
network: Using the weights {FE} - purposeful align-
ment between X, and X, is achievéd based on the importance
of each frequency band. Given that wavelet features obtained
through WST are theoretically guaranteed to be complete, this
alignment facilitates the full supplementation of discriminative
information from X, to Xy. To implement this purposeful
alignment in an unsupervised manner, the classic contrastive
learning network BYOL [52] is adopted as the foundational
architecture. The specific implementation of FICL is outlined
as follows.

First, the FI -weiihted wavelet feature set X,, ps is obtained

by means of {FINZ :
i=L,M,H

Xuw F1 = {X{E_an Xg_FI}

X5 py=FIp«X{ + Fly + Xy + FIg X5 (3)

Xg;_FI = FI « XL+ Fly« XL + FIg« X%
Second, X4 and X, gy are fed into the BYOL network to

generate the enhanced feature X4 . and X, .. The loss of
FICL can be calculated as follows:

Lrrcr = |lao (fo (Xa, Wo)) — fe (Xw_rr, We)|| - (4)
where Wy and W, represent the weights of the deep and
wavelet layers, respectively, while gy is a regression mapping.

By minimizing L r;cr, the divergence between Xy and X,
is progressively reduced. Consequently, the deep features are
effectively enhanced by the wavelet features through the FICL
mechanism.

3) Feedback operation: Although the wavelet features ex-
tracted by WST are mathematically complete, they do not ac-
count for data-specific characteristics and are therefore subop-
timal for anomaly detection tasks. To address this, the wavelet
features need to be updated based on the learned detection rule
in the deep feature space. In this section, we design a detection
rule adaptation module to enable the feedback operation. This
module allows discriminative information in deep features to
be transferred to the deep time-frequency network, thereby
updating the wavelet features. Specifically, X4 . and X, . are
mapped to an RKHS space using a Gaussian kernel function
to construct their respective SVDD hyperspheres, which serve
as the detection rule. Let the hypersphere centers and radii
for the deep features and wavelet features be denoted as
Cq,Cy, Rg, Ry, respectively. The detection rule adaptation
loss is then calculated as:

Ladapt = ||Cd - CwH2 + (Rd)Q - (Rw)Q (5)

Intuitively, the detection rule adaptation can be visualized as
the overlapping of the two hyperspheres in the RKHS space.
This ensures that the wavelet features are effectively updated
to align with the detection rule learned in the deep feature
space.

C. Few-shot transfer learning for anomaly detection

It is worth noting that the enhancement operation and
feedback operation need to run alternatively until the two
feature sets remain identical. Such iterative training should be
placed in the training process of the whole network. Therefore,
we first build a transfer learning for anomaly detection model
and then present the training process of TFE.

We adopt one of our previous works, the deep domain-
adversarial anomaly detection method (DAAD for short) [28],
as the base framework. Since DAAD relies on sufficient source
domain data for model training, this paper applies the TFE
mechanism into the feature extraction part of DAAD to realize
a few-shot learning task. With domain-adversarial training, the
loss function of DAAD [28] is:

min maxLp =Lc+ L + AL + L 6
Wf,RS,RTWny( D c DC HA+pLyyp  (6)



where:
Lo(R,Wy) =(R®)? + (R")?

M
+ o > max {097 — 5| ~(#)7)

N
+ % ; max {0, |
Lpc =E,xs [log DC(X&g_e)]
+Eyoxr [log(1 = DC(X )]
Lua = €5 - 07| + |eanY? - (5]

gf = 7|’ - (R}

(7
In (7), Lc is the hypersphere empirical loss, Lpc is
domain-adversarial loss, Ly 4 is the hypersphere adaptation
loss, Layaprp is MMD loss. Minimizing Lo is devoted to
establishing proper detection rules based on the two hyper-
spheres. Maximizing Lpc makes the domain discriminator
unable to distinguish whether the sample comes from the
source domain or the target domain. Minimizing Ly 4 pushes
the two hyperspheres to be geometrically overlapped, then
realizing rule adaptation. Minimizing Ljsasp dedicates to
feature alignment in an RKHS space.

After integrating the TFE mechanism, the deep convolu-
tional network within TFE serves as the feature extractor in
DAAD to construct few-shot transfer learning for anomaly
detection model, referred to as few-shot DAAD. The updated
loss function L p is defined as:

min max Ly p = Lrrcr + Ladapt + LD
Wp ,Wrp,Wy,We,RS,RT Wpc
®)

With the model parameters determined, anomaly detection
is performed by calculating the distance between the test
sample 27" and the center of the hypersphere in the target
domain, as follows:

Score (xTeSt) = Hf (xT“t7 WD) — CTH - R (9

If Score(zTest) > 0, the test sample x7¢¢ is classified as
an anomalous sample.

D. Training algorithm

The training process of (8) involves several network
weights: Wy and W, from the FICL network, W from the
deep time-frequency network in the TFE mechanism, and
Wp, Wpe, and R = {R% RT} from DAAD. Since the
feature extractor in DAAD has been replaced by the deep
convolutional network in the TFE mechanism, the feedback
operation and domain-adversarial training in DAAD can be
trained jointly. However, the enhancement operation (i.e., the
FICL network) must be trained separately.

Given the coupling of these weights in solving (8), an
alternating training strategy is adopted. The training proceeds
as follows. First, fix W = {Wp,Wr,Wpe} and R =
{R®,R"}, train Wy and W.. Then, fix Wy and W., train
W and R. These two steps are alternated iteratively until the
entire model converges.

To optimize Wy and W, the stochastic gradient descent
(SGD) is utilized to update Wy and gy (Qs), as follows:

(Wy,Qp) = argmin Lrrcor

Wo,Qe
Lricr
Wy < Wy —
0 9 —1 DWW (10)
LricrL
<_ — J—
Qo +— Qo —n 900

where 7 is the step length. Being identical to the classical
BYOL, W, is further updated by using exponential moving
average (EMA) strategy:
We—pWe+(1—1)Wy
where 7 € [0, 1] represents the weight decay rate.
For W and R, the solving process is decomposed as follows:

(11

(Wp, Wi, R%*, R™) = argmin  (Ladapt + Lc +ALya
Wp,Wr,RS,RT
+ uLarvp)
(Whe) =argmax(Lpe)
Wpe
(12)
In (12), the gradient update is:
OLc OLpa OLyyup  OLpe
Wh < Wp — A -
p = Wp=m <8WD o, TR aw, T aw
8Lada t
Wi« Wy — L
T Gy
OLpc
Wt Wpe —
pc < Wbc naWDC
OLc OLp A
R « R° — | =2
g <8RS aRS
OL¢ OLpa
R™ « R" —n| 5= + A
7 (8RT TAGRT
(13)
In (13), we have
_— = 2 ]_ — _ou == 2
ORS < ns B, ORS R (14)
aLC nT t T BLHA T
— =2(1-= =2
ORT ( onT B ORT R
where n3,, and nL, , are the numbers of samples located out-

side the source and target domain hyperspheres respectively.
The entire training process is summarized in Algorithm 1.

E. Analysis of Computational Complexity

For the domain-adversarial training architecture in Algo-
rithm 1, the time complexity primarily involves the feature
extractor with the TFE mechanism, the label classifier, and the
domain discriminator. The TFE mechanism itself consists of a
deep neural network, a deep time-frequency network, an FICL
network, and a detection rule adaptation module. In the deep
time-frequency network, the wavelet kernel of WST is fixed
and does not participate in the training process. Therefore,
its time complexity depends solely on the deep convolutional
layers. The FICL network comprises a deep convolutional
network and a fully connected (FC) layer. Similarly, the label
classifier and domain discriminator are constructed with FC
layers, but the label classifier additionally involves solving an
SVDD classifier based on the FC layer’s output. Furthermore,



Algorithm 1 Training process of few-shot DAAD with the
TFE mechanism.

{x?xj}f:l and X7 =
{x?xj}le, test sample set X Ttest = {x?xj}:islt, the
regularization parameter A and u, and the learning rates
n, 7

Output: Anomaly score of test sample set X Teest;

1: Initialize randomly the network weight Wp, Wr, Wpe,
Wy, W and calculate the starting values of hypersphere
centers C°, CT and radiuses R°, RT:

2: for epoch =1 to epoch_max do

3. for batch_id = 1 to batch_max do

Extract the deep feature set X; and the wavelet

feature set X, by feeding X and X7 into f (Wp)

Input: Training sample sets X° =

and f (Wr);
5: Calculate the importance metric {FL} by
i=L,M,H
(1-2);
6: if (the change of Lp;cyr is greater than a threshold

between two consecutive steps) then

7: Update Wy and W. by feeding X4, X,
{F[i} into (3-4) and (10-11);
i=L,M,H
end if

: Calculate the total loss Ly p by (8);
10: Update Wp, Wr, Wpe, RS and RT by (12-14);
11:  end for
12: end for
13: Get the optimal network weight Wp*, Wr™, Wpco™, We™,
WE*7 RS*, RT*;
14: Obtain the anomaly score of X Ttest by (9);

the detection rule adaptation module incurs computational
cost due to the determination of the SVDD boundary. Con-
sequently, the overall time complexity of Algorithm 1 is
determined by the costs of convolutional operations, FC layer
operations, and solving the SVDD boundary.

From [53], the time complexity of a convolution operation
is O ((M + N)P2KszCout), where (M + N) is the total
number of training samples, P and K are the sizes of the
input features and convolution kernel, respectively, and Cj,,
and C,,; denote the number of input and output channels,
respectively. The time complexity of an FC layer operation is
O (L(M + N)F;, F,,4), where L is the number of FC layers,
and Fj, and F,,; are the feature dimensions of input and
output respectively of the FC layer. Due to down-sampling, the
input to the FC layer typically has a much smaller dimension
than the output of the convolution operation, making the
computational cost of the FC layer negligible. According to
[9], determining the SVDD boundary is equivalent to solving
a convex quadratic programming problem, which has a time
complexity of approximately O ((M + N)?). Thus, the total
time complexity of Algorithm 1 can be approximated as
O ((M + N)P2K2C;,Cout) + O ((M + N)?)).

IV. RELIABILITY ANALYSIS

Since the TFE mechanism relies on exchanging discrimina-
tive information between the time-frequency and deep feature
spaces, there is a concern about potential information loss
during the dual interaction. A risk to TFE’s reliability arises if
the amount of retained discriminative information is uncertain.
Before conducting the empirical evaluation in Section V, it is
essential to perform a theoretical analysis of the upper bound
of classification error for the TFE mechanism.

For simplicity, we approximate the SVDD classifier as
Gyf(x) = | f(x) —c|| — R, where ¢ = Ecx|[f(z)] and R are
the center and radius of hypersphere, respectively. The model
performance is quantified using the classification error. When
Gy(z) > 0, the sample lies outside the hypersphere, leading
to a misclassification. Hence, the classification error can be
defined as the probability that a normal sample lies outside

the hypersphere:
M+N
Err(Gy) = Z P[Gy(x;) > 0]
i=1
To facilitate the derivation, we simplify the anomaly de-
tection task (i.e., DAAD in Section III-C) as a downstream
task with its feature extraction network denoted as f, where
|[fIl = r. Here, ||| represents the lo-norm for vectors or
the Frobenius norm for matrices, as appropriate. Inspired by
reference [54], we provide the following definition for wavelet
features.

15)

Definition 1. (oj-Augmentation). Given oy, € (0,1], for the
feature set Xy, extracted from the k-th frequency band of the
original data X, if there exists a subset X C Xy such
that Plz € X,g] > o, Plx € Xi] holds, Xy is called oy-
Augmentation of X.

From Definition 1, o) represents the aggregation de-
gree of wavelet features. A larger subset X7 results
in a higher value of o, indicating a more clustered
distribution of features in Xj. Samples with distribu-
tions that are highly clustered in both the time-frequency
and deep feature spaces, i.e., Xg N XR/[ N X% n Ss,
are strongly related to the detection performance. Here,
Ss = {x € Xg:Vo1, 20 € Xg(x), ||f(z1) — f(z2)] < 0}
defines the set of samples in X,; with pairwise distances
bounded by J. These samples should exhibit aggregation
across all three frequency bands and possess deep features with
strong discriminative capabilities. Furthermore, as discussed
in Section III-B2, the importance of each frequency band in
the transfer process is expressed by FI = [FIr, FIy, FIy).
Based on this, we present the following lemma.

Lemma 1. If the samples belonging to (FILXg) N
(FIMXJ%) N (FIHX?I) N Ss can be classified correctly by
SVDD, the upper bound of classification error is given by
(1-FIy xop —FIy x oy — Flg x og) + P [Ss].

Proof. See the proof in Appendix.

Lemma 1 establishes a sufficient condition for determining
the upper bound of the classification error for the SVDD model
with the TFE mechanism. Based on Lemma 1, we further
analyze when the upper bound holds and derive the following.



Lemma 2. If the radius of SVDD hypersphere satisfies R >

r (1 L + 5;’) then the samples zo € { (FILX?)N

T

(FIMX]%) N (FIHXIO{) N S(;} can be correctly classified,
where Oé:F[L X UL+FIM X 0'1\4+FIH X OH.

Proof. See the proof in Appendix.

Lemma 2 provides a sufficient condition for correctly classi-
fying the targeted samples. Using Lemmas 1 and 2, we derive
the error bound for the TFE mechanism, as follows.

Theorem 1. Given the wavelet feature set based on oy-
Augmentation in the TFE mechanism, if

0P |S
R>r (1_m+5a> (16)
r r
then the classification error satisfies:
Err(Gy) < (1—a) + P [Ss] 17)

where o« = FI;, x o, + FIpy X opp + Flg X og.

Theorem 1 demonstrates that the classification error of the
TFE mechanism is theoretically constrained by a determined
upper bound, provided the hypersphere radius is not too small
(e.g., avoiding hypersphere collapse [14]). Moreover, Theorem
1 highlights two key factors from (17) that influence the
classification error upper bound:

1) Aggregation Degree in Deep Feature Space The first
factor is P @ which represents the aggregation degree
of samples in the deep feature space. A higher aggrega-
tion degree of normal samples with deep features results
in a smaller value of P [Ss]. In the TFE mechanism,
by incorporating time-frequency information, the deep
features of normal samples become more discriminative
with respect to anomalies, achieving greater geometric
aggregation in the feature space. Consequently, P [ST;]
is reduced.

2) Aggregation Degree in Wavelet Feature Space The sec-
ond factor is «, which reflects the aggregation degree
of wavelet features. A higher aggregation degree of
normal samples with wavelet features corresponds to
a larger value of o;. As discussed in Section III-B3
, the feedback operation employs the detection rule
adaptation strategy to update the deep time-frequency
network. The wavelet features are encouraged to become
more concentrated within each frequency band. This
concentration increases the value of oy, thereby reducing
the upper bound on the classification error.

To better understand Theorem 1, consider an extreme case
where o, = 1,03 = 1,0y = 1, which implies that normal
samples are highly aggregated in all three frequency bands,
meaning the wavelet features exhibit excellent discrimina-
tive capability. In this scenario, the wavelet features signif-
icantly outperform the deep features, and the upper bound
of classification error becomes solely dependent on P [S—g].
In this case, minimizing P [S;] can be achieved exclusively
through the enhancement operation in the TFE mechanism.
This analysis demonstrates that (17) provides a theoretical and
robust reliability guarantee for the proposed TFE mechanism.

For few-shot learning tasks, the theoretical analysis serves
as a strong complement to the empirical results that will
be provided in the next section. Moreover, it reveals the
key factors influencing the model’s generalization capability,
being helpful to understand the operational mechanism of the
proposed dual interaction strategy.

V. EXPERIMENTS

In this section, two typical anomaly detection experiments,
namely, image recognition detection and early fault detection
of rolling bearings, are conducted to evaluate the effective-
ness of the proposed TFE mechanism. The image recog-
nition detection experiment includes handwritten character
and object recognition anomaly detection, serving as base-
line experiments to intuitively validate the TFE mechanism.
The early fault detection of rolling bearings experiment is
designed to assess the TFE mechanism in real engineering
scenarios. The experiments are conducted in a programming
environment comprising Matlab2019a and Python3.7, using
a computer configured with an Intel i5-8400 CPU and an
NVIDIA REX1080Ti GPU.

A. Handwritten character anomaly detection

1) Experimental settings: The widely-used MNIST and
USPS [55] datasets, which consist of handwritten digits from
0 to 9, are selected for the transfer learning task. Compared
to MNIST, the image quality in USPS is significantly lower,
as shown in Fig. 4. Accordingly, MNIST is used as the source
domain with 100 clear images per digit, while USPS serves as
the target domain with 25 lower-quality images per digit. Ten
experiments are designed, each focusing on one digit from 0 to
9. In each experiment, a specific digit (e.g., 0) is chosen as the
normal class, and images of this digit from both domains are
used to train the model. New images of the same digit from
the target domain are used for testing. To simulate anomalies,
a different digit (e.g., 1) is selected as the anomaly class.

EABEEICIEIdAERa
HEEBRNENSEYE

Fig. 4. Introduction to the MNIST~USPS.
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2) Experimental results: In this section, eight representative
anomaly detection methods are introduced for comparative
analysis to verify the effectiveness of the TFE mechanism.
These methods are categorized into three groups: shallow
models, deep models, and deep transfer learning models.

1) Shallow Models: OC-SVM [8] and SVDD [9] use ker-
nel functions to detect anomalies in high-dimensional
spaces, while iForest [7] is an unsupervised anomaly
detection algorithm based on data segmentation.

2) Deep Models: Deep SVDD [14] is trained with only
target domain data, referred to as Deep SVDD (1),
and Deep SVDD is trained with both source and target
domain data, referred to as Deep SVDD (2).



3) Deep Transfer Learning Models: DCAE (pre-train) [20]
utilizes autoencoders for pre-training before fine-tuning
Deep SVDD for anomaly detection. SSL (pre-train) [56]
employs self-supervised learning for pre-training before
fine-tuning Deep SVDD. DAAD [28] offers a domain-
adversarial anomaly detection method that adapts detec-
tion rules through domain-adversarial training.

The comparison results in Table I demonstrate that the TFE
mechanism achieves the highest accuracy across all classes.
This indicates that the effective interaction between wavelet
and deep features significantly enhances the transferability of
deep models, enabling them to capture discriminative infor-
mation more effectively in few-shot scenarios.
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Fig. 5. Visual detection results on character 1 by (a) the proposed TFE

mechanism, (b) Deep SVDD (2), (¢) SSL (pre-train), (d) DAAD. Here the
test data are from the USPS dataset, containing 50 images of character 1 and
50 images of character 2. Clearer separation indicates stronger discriminative
capability, as shown in (a).

To provide an intuitive comparison, Fig. 5 displays the
visual detection results for character 1 using three state-of-the-
art (SOTA) methods. The proposed TFE mechanism produces
a clearer decision boundary between normal and anomalous
classes compared to the other methods. This improvement is
due to the reliance of the compared methods on large data
volumes for effective model training. In this experiment, the
training set consisted of 100 images in the source domain and
25 images in the target domain, which was insufficient for re-
liable feature extraction, resulting in biased detection models.
In contrast, the TFE mechanism leverages the time-frequency
feature space to clarify the importance of information for
transfer learning and optimizes deep features on small-scale
samples through its interactive strategy.

B. Object recognition anomaly detection

1) Experimental settings: The Office-Home dataset [57]
contains diverse object images from real-world scenarios.
For this experiment, “bike” is selected as the normal class
(as shown in Fig. 6). Specifically, 40 bike images from the
“Produce” category are chosen as the source domain, while 20

bike images from the “Clip” category are used as the target
domain. To simulate anomalies, images from other categories
(e.g., pan, hammer, scissors) are included in the test data as
anomaly classes.
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Fig. 6. Instances of the bike images in the Office-Home dataset.
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2) Experimental results: Fig. 7 illustrates the feature dis-
tribution before and after transfer using the proposed few-shot
DAAD with the TFE mechanism. For comparison, the results
of a classical domain adversarial neural network (DANN) are
also shown. The results indicate that DANN struggles to adapt
features effectively, highlighting the limitations of classical
adversarial training in ensuring reliable domain knowledge
transfer in few-shot tasks. In contrast, the proposed few-shot
DAAD demonstrates smaller differences in feature distribu-
tions and probability density curves, showcasing its ability to
successfully transfer discriminative information.

PCA2
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Fig. 7. Feature distribution and the corresponding probability density curve
of the two domains’ data, where (a) and (d) are before the transfer, (b) and
(e) are of the transfer by the classical DANN, (c) and (f) are of the transfer
by the proposed few-shot DAAD.

Table II presents the detection results for the “bike” class.
The proposed TFE mechanism achieves the highest accuracy
among all methods. Similarly to the results in Table I, these
experimental findings further validate the strong performance
of the TFE mechanism in few-shot tasks.

C. Early fault detection of rolling bearings

1) Experimental settings: The public IEEE PHM 2012
dataset [58] (referred to as PHM) and a real-world industrial
dataset from a large steel factory in China are selected for this
study. The PHM dataset contains complete life-cycle data for
17 bearings under three different operating conditions: 1800
r/min, 1650 r/min, and 1500 r/min, with corresponding loads
of 4000 N, 4200 N, and 5000 N. The real-world industrial
dataset (referred to as FWM) was collected from the main
motor bearings FAG 23056-B-MB of an industrial fixed-width
machine using the factory’s official health monitoring system.
Each sampling lasts 3s, and the sample frequency is 80.9 kHz.



TABLE I
CLASSIFICATION ACCURACY OF MNIST~USPS.

Normal class Anomalous class OC-SVM SVDD iForest Deep SVDD (1) Deep SVDD (2) DCAE (pre-train) SSL (pre-train) DAAD Our

0 1 0.40 059 048 0.64 0.57 0.52 0.65 0.60 0.84
1 2 0.80 038 0.6l 0.69 0.70 0.71 0.79 0.78  0.89
2 3 0.70 036  0.69 0.63 0.65 0.78 0.62 0.71  0.76
3 4 0.58 049 048 0.59 0.64 0.63 0.65 0.64 0.72
4 5 0.76 054  0.64 0.57 0.63 0.62 0.73 0.60 0.78
5 6 0.67 052 051 0.52 0.51 0.57 0.68 0.46 0.72
6 7 0.59 056 047 0.59 0.71 0.61 0.59 0.58 0.73
7 8 0.69 040  0.66 0.62 0.59 0.66 0.72 0.69 0.77
8 9 0.47 048 048 0.55 0.57 0.58 0.53 0.58 0.70
9 0 0.59 048 058 0.56 0.51 0.67 0.56 0.67 0.68
TABLE I

CLASSIFICATION ACCURACY ON BIKE CLASS IN THE OFFICE-HOME DATASET.

Normal class Anomalous class

OC-SVM SVDD iForest Deep SVDD (1) Deep SVDD (2) DCAE (pre-train) SSL (pre-train) DAAD Our

Bike Pan, Hammer, Scissors 0.47 0.53 0.56

0.58

0.52 0.54 0.61 0.64 0.74

The FWM dataset spans operational data from June 2022 to
April 2024. The two datasets’ details are shown in Fig. 8.

Fig. 8. Schematic of the testbed: (a) PHM dataset; (b) FWM dataset. For
reasons of commercial confidentiality, the physical pictures of FWM will no
longer be provided here.

To simulate a few-shot scenario, two experimental tasks
were set up, as detailed in Table III. The 500 initial normal
samples from Bearing 1_1 have been verified as normal in
[59].

TABLE III
EXPERIMENTAL SETTING FOR THE EARLY FAULT DETECTION OF ROLLING
BEARINGS.
Task Domain Bearing Number
Taskl Source domain PHM (Bearing1_1) 500
Target domain PHM (Bearing2_1) 100
Task2 Source domain PHM (Bearingl_1) 500
Target domain FWM 100

2) Experimental results of Task 1:

a) Experimental results: Fig. 9 illustrates the feature
distribution and probability density curves for the source and
target domain data before and after transfer. The results show
that the feature distributions and probability density curves
of the two domains align closely after applying the proposed
transfer learning model with the TFE mechanism. This align-
ment is attributed to the effective fusion of wavelet and deep
features, which enhances the representation of detection rules
and facilitates better transfer of discriminative information in
few-shot scenarios.
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Fig. 9. Feature distribution and the corresponding probability density curve
of the two domains’ data, where (a) and (b) are before the transfer, (¢) and
(d) are after the transfer.

To verify the effectiveness of the interaction strategy in the
TFE mechanism, the deep and wavelet features from the first
and last epochs are shown in Fig. 10. In the initial epoch (Figs.
10(a) and 10(b)), noise interference prevents the features from
exhibiting significant discriminative ability. However, after
training (Figs. 10(c) and 10(d)), both deep and wavelet features
display strong fault discriminability, with noise effectively
suppressed. These results confirm the effectiveness of the
interaction strategy in enhancing feature quality.

To emphasize the significance of each frequency band, Fig.
11 presents the FI change curve for each frequency band in the
source domain during the transfer process. The low-frequency
bands consistently exhibit higher importance due to their stable
degradation trends, which facilitate the extraction of common
discriminative information.

Fig. 12 displays the detection results for the target bearing,
Bearing 2_1, in Task 1. The alarm strategy used in this
experiment identifies three consecutive anomaly samples as
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Fig. 10. Visual output of the TFE training process for Bearing 2_1 in Taskl,
where (a) and (b) are the deep features and wavelet features in the first epoch,
respectively, (c) and (d) are those in the last epoch.

an early fault. The proposed few-shot DAAD with the TFE
mechanism detects the early fault at the 137th sample. More-
over, a significant increase in the anomaly score is observed
around the early fault, highlighting the model’s strong ability
to effectively discriminate early faults.
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Fig. 11. Change curve of FI in each frequency band of Taskl.
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Fig. 12. Detection result on the bearing Bearing 2_1 in Taskl, the samples
whose score is below 0 are recognized in normal state, while the samples
with scores above 0 are judged in early fault state.

To verify the necessity of the dual interaction in the TFE
mechanism, two ablation experiments were conducted: (1)
removing the feedback operation and (2) removing the en-
hancement operation. The results, shown in Fig. 13, reveal
the following:

1) In the first experiment, where the feedback operation
was removed, early fault detection was delayed (red
line), although the model retained some discrimination
ability. This is because only the task constraint loss was

removed, while the enhancement of deep features by
wavelet features remained intact.

2) In the second experiment, where the enhancement opera-
tion was removed, the anomaly score showed no change
at the early fault (yellow line), indicating that the model
lost its ability to extract discriminative information.

These findings highlight the critical role of both feedback
and enhancement operations in achieving effective fault detec-
tion.
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Fig. 13. Results of ablation experiments on the bearing Bearing 2_1.

b) Comparative experiments: This section introduces 24
anomaly detection methods for comparative analysis, covering
signal analysis-based approaches and early fault detection
methods with and without deep transfer learning. The details
of the newly-added methods are introduced here.

1) Method 1 [60]: A state-of-the-art approach using band-
width empirical mode decomposition (B-EMD) for
anomaly detection.

2) Methods 2-7: Combine three classical anomaly detec-
tion methods (LOF, SVDD, and iForest) with two fea-
ture types (kurtosis and stacked denoising autoencoder
(SDAE)).

3) Method 10 [56]: A self-supervised anomaly detection
method for small-scale data, leveraging data augmen-
tation and contrastive learning to extract discriminative
information.

4) Method 12 [16]: Pre-train a network using knowledge
distillation and then fine-tune it for anomaly detection.

5) Methods 14-16: Deep transfer anomaly detection meth-
ods utilizing domain adaptation.

6) IRAD [27]: Train a cross-domain encoder with adver-
sarial learning to extract domain-invariant features.

7) PANDA [61]: Adapt the target distribution using pre-
trained features to avoid feature degradation.

8) LogTAD [22]: Map data into the same hypersphere using
domain adversarial training to extract domain-invariant
features.

9) Methods 17-18: Recognize early fault using deep learn-
ing algorithms.

10) Method 17 [62]: Matche SDAE deep fault features
between two domains using a sliding window.

11) Method 18 [63]: Detect anomalies based on deviation.

12) Methods 19-21: Early fault detection methods using
deep transfer learning.

13) SRD [64]: Utilize sparse dictionary coding and K-
nearest for fault detection.

14) OD-DTL [59]: Employ fine-tuning strategies for fault
detection.



15) DAFD [65]: Leverage MMD distance for bearing fault
diagnosis.

16) Methods 23-24: Method 23 and Method 24 adopt WSN
and GANSs to extract time-frequency features and to
generate synthetic samples for small-scale data, respec-
tively. The outputs from both methods are then fed into
the DAAD model for anomaly detection in few-shot
scenarios.

Two evaluation metrics are used for analysis: detection
location and the number of false alarms [28]. Table IV presents
the detection results of the proposed few-shot DAAD with the
TFE mechanism compared to the 24 other methods.

Table IV shows that the proposed few-shot DAAD with
the TFE mechanism detects early faults earlier and with the
lowest false alarm rate. Although Methods 23-24 reduce the
false alarm rate, they still detect faults later, demonstrating
that traditional feature enhancement can’t fully address the
data limitations in few-shot scenarios. In contrast, the few-
shot DAAD with TFE mechanism ensures earlier detection and
fewer false alarms by enhancing deep features with wavelet-
based time-frequency information, allowing for more accurate
detection rules in few-shot tasks.

TABLE IV
DETECTION RESULTS OF TOTAL 25 METHODS ON THE PHM DATASET.

Method Detection Number of
Method type .
name location  false alarms
Signal analysis method 1. BEMD + AMMA [60] 185 -
2. Kurtosis + LOF 606 35
3. SDAE + LOF 280 17
4. Kurtosis + SVDD 819 53
Anomaly detection methods 5. SDAE + SVDD 880 4
without deep transfer learning 6. Kurtosis + iForset 311 36
7. SDAE + iForest 876 20
8. Deep SVDD (1) 253 2
9. Deep SVDD (2) 201 0
10. SSL [56] 885
11. DCAE pre-train [20] 156 16
12. KD pre-train [16] 155 25
Anomaly detection methods ~ 13. SSL pre-train [56] 150 24
with deep transfer learning 14. IRAD [61] 150 7
15. PANDA [59] 156 5
16. LogTAD [22] 154 14
Early fault detection methods 17. SDFM [62] 175 7
without deep transfer learning 18. FDDA [63] 879 4
19. SRD [64] 880 2
20. OD-DTL [59] 166 26
Early fault detection methods 21. DAFD [65] 147 28
with deep transfer learning 22. DAAD [28] 169 24
23. WSN [6] + DAAD 170 6
24. GAN [2] + DAAD 154 3
25. Our approach 137 0

3) Experimental results of Task 2: Fig. 14 illustrates the
results of feature enhancement after applying the TFE mech-
anism for the FWM bearing in Task 2. Similarly to Fig. 10,
both feature representations demonstrate strong discriminative
ability, further validating the effectiveness of the TFE mecha-
nism.

Fig. 15 presents the detection results for the FWM bearing
in Task 2, using the same alarm strategy as in Task 1. The
proposed few-shot DAAD with the TFE mechanism detected
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Fig. 14. Output of the last TFE training epoch for the FWM bearing in Task2,
with (a) deep features and (b) wavelet features.

the fault at the 579th sample, corresponding to January 13,
2023. In comparison, the factory’s official bearing condition
monitoring system identified the early fault on February 18,
2023, as shown in Fig. 16, which means that the proposed
few-shot DAAD provided an alarm approximately one month
earlier.
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Fig. 15. Detection result on the bearing FWM, where the samples whose score

is below 0 are recognized in normal state, while the samples with scores above
0 are judged in early fault state.
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Fig. 16. Fault frequency-based detection results for the bearing FWM,
provided by the factory’s official bearing condition monitoring system.

Three representative anomaly detection methods are used
for comparative analysis, as shown in Fig. 17. The results in-
dicate that, regardless of the transfer strategy, existing models
show delayed alarm locations in few-shot scenarios.

VI. CONCLUSION

In this paper, a TFE mechanism has been proposed to
address the challenge of feature enhancement in few-shot
transfer learning for anomaly detection. The dual interaction
between wavelet and deep features, guided by the FI metric,
has clarified the importance of each frequency band and
improved result interpretability. Experiments on two anomaly
detection problems have validated its effectiveness. It has been
shown that 1) sharing complete yet physically-aware time-
frequency information has enhanced deep feature representa-
tion, demonstrating that collaboration outperforms integration;
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Fig. 17. Comparative results of the target bearing FWM, where (a) is the result
of few-shot DAAD with the TFE mechanism, (b) is the result of DAAD, (c)
is the result of preKD, and (d) is the result of preSSL.

2) the TFE mechanism has served as a flexible framework,
adaptable to tasks like fault prognosis and object detection by
adjusting detection rules; and 3) theoretical upper bound for
classification error has been established to ensure the reliability
of the dual interaction strategy and identify key performance
factors.

As a theoretical exploration, this paper unavoidably has
some limitations. Applying the TFE mechanism to other task
types, such as fault prognosis, still remains a significant chal-
lenge, particularly in formulating the task objective analogous
to the detection rule in anomaly detection tasks. Moreover, fu-
ture research will focus on streaming data anomaly detection,
tackling concept drift and incremental updates, and exploring
advanced time-frequency analysis methods to further enhance
few-shot learning.
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APPENDIX
A. Specific implementation of Wavelet Scattering Transform

First, x;x; is transformed by the classical wavelet transform to obtain the wavelet coefficients Wy, (t, Api):

Wi, (t Ap k) = Tixj * U, (1) (13)
where ¢ is the translation variable, % represents the convolution operator, and Q/JAM_ (t) denotes the orientation-scale filter
obtained by rotating and scaling the mother wavelet 1) (t). A, is calculated as follows:

= rn® (e S ) )
where p =0,1,2,...J —1and k =0,1,2,... K — 1 represent the scale factor and orientation factor respectively. Here, J and
K are the numbers of scale factors and orientation factors, respectively. By adjusting p and k, the features of z;; at different
scales and orientations can be obtained. Referenced by [6], the numbers of scale factor and orientation factor in WST are set
to J =4 and K = 8, where this setting retains over 98% of the signal energy and is effective in most scenarios.
Second, the modulus operation is applied on Wy, . (#, A\, x) to ensure the integrity of the discriminative information:

Qwixj (t’)‘p,k) = |W93i><j (t>)‘p,k)‘ = ‘mixj * 77[])\;;,1@ (t>‘ (20)
Finally, Q.. ; (t, A\p,x) is modified by introducing a low-pass filter to reduce the sensitivity to local shift [66]:
Sﬂﬂzxj (t’ )‘p,k) = Qwixj (ta )‘p,k) *Pr1 (t) 21

where ¢;_1 (t) is the maximum scale function, S, (£, \p x) represents the wavelet scattering coefficient.

B. Proof of Lemma 1
Assume that each sample zo € {(FI.X}) N (FIpX3,) N (FIgXY) N Ss} can be correctly classified. Then, classification
error is given by:

M+N
Err(Gy) = Y P[Gf(w;) > 0]

i=1

<P [(F[Lxg) A (FInX0) N (FIpX%) N 55]

— P[FI.X] UFLu Xy, UFIa Xy, US5)
< P [FI,X3] + P [FIuX3,| + P [FIu X3 + P [5))

SF[LX(l*CTL)#*FIMX(170’M)+FIHX(170'H)+PF§J
:17FILX(TL*FIMXO’MfFIHXO'H+PW

(22)
The proof is complete.
C. Proof of Lemma 2
Let B= (FI.X?) N (FIyXY) N (FIgXY). According to (22), we have:
P[BﬁSg]:l—P[BﬂSg za—P[ST;] (23)
where Oé:FIL X 0L+FIM XO'M—|—FIH X OH.
From (23), we have: -
—P[BNSs] > a—1-P[S;] (24)

For any f7(z¢) and f (z), where z € BN S5, 9 € BNSs, it follows from the Cauchy-Schwarz inequality |u - v| < ||u]| x||v|
and the normalization of f (by ||f|| = r) that

|F7 (o) f(@)| < [ £ (o) || x 1f(2)]| < r* (25)
where ||-|| represents [o-norm, | - | is absolute value.
Notice that xg,z € S5, || f(x) — f(x0)|| < J. Therefore, for any f7(z() and f (x), where z9,x € BN Ss, we have:
|17 (o) (F(2) = f(@a))| < ST (@o)|| x I (2) = F(wo)]| < 7o (26)

With (25) and (26), we have:
E_[fT(xo)f(x)] = =1

rx€BNSs (27)

E  [f"(wo) (f() = f (20))] = =78

z€BNS;s




Based on the above analysis, we obtain:
fH(zo)e = " (z0) B [f(2)I (2 € X)]
= £7(w0) BI (@)1 (x € B Ss) + 17 (o) B [ ()T (& € BT15;)]
=P[BNSs| fT(z0) E _[f(@)]+P[BNSs] E _[f(z0)f(2)]

rzE€BNS;s

rEBNS;s
> P[BnNSs) fT(xO)TGE%S [f (z)] —r*P [BNSs

:P[BQS(S]:I;GBE%S& [fT(xO) (f (x) — f (xo) + f (x0) ]—TQP BNSs

rEBNS;s

= (a = P[S5]) (r* = rd) +7* (a = 1= P[S5])

zpwm&(ﬁ+ E U%@U@)fumoﬁpwﬁ%

(28)
where I is the indicator function.
Since f can be normalized by ||f|| = r, we know that || f (z0)||* + ||c||> < 2r2 holds. Then, we have:
1f (z0) = cl* = IIf (@o)I* = 2" (wo)e + ||e]®
<2r? — (a—P[@) (r2 —r6) + 72 (a— 1 —P[ST;])
=1 (a+1=P[S5]) = (= P[S5]) (r* —19)
)
1-P[S;] - (a—P 1-°
(a + Ss (a [S—g]) ( r))
dP|S ]
(1 oP 15 | O‘) 29)
r T
From the SVDD principle [14], if /|| f (z0) — ¢||” < R, the sample zo € {(FILX?) N (FInXY) N (FIgXY) NS5} can

be correctly classified. Therefore, according to (29), if the radius of SVDD hypersphere satisfies R > r\/ (1 — % + ‘i‘_’),
any zg € {(FILXY) N (FInXY) N (FIgXY) NSs} can be correctly classified.

The proof is now complete.
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